Towards Causality-centric
Recommender Systems

A thesis submitted in fulfilment of the requirements
for the degree of

Doctor of Philosophy

in

Analytics

by
Xiangmeng Wang

to

School of Computer Science

Faculty of Engineering and Information Technology

University of Technology Sydney
NSW - 2007, Australia

Feb 2025



CERTIFICATE OF ORIGINAL AUTHORSHIP

I, Xiangmeng Wang, declare that this thesis is submitted in fulfilment of the require-
ments for the award of Doctor of Philosophy, in the School of Computer Science, Faculty
of Engineering and Information Technology at the University of Technology Sydney.

This thesis is wholly my own work unless otherwise referenced or acknowledged. In
addition, I certify that all information sources and literature used are indicated in the

thesis.
This document has not been submitted for qualifications at any other academic

institution.
This research is supported by the Australian Government Research Training Pro-

gram.

Production Note:

SIGNATURE: Signature removed prior to publication.

DATE: 3™ Feb, 2025



ABSTRACT

have become pivotal tools in tackling data overload, for information provision

in applications across academia and industry. New theories, methodologies, and
applications of RecSys have been studied and developed at a rapid pace. These inno-
vations largely rely on correlation learning, such as collaborative filtering, to model
behavioral correlations and predict user preferences. However, as demonstrated by am-
ple evidences, user behavior is a mixed reflection of user interests, driven by various
factors. Thus, it is crucial to go beyond correlation learning to model the true interest,
therefore improving the recommendation performance. This thesis aims to incorporate
causal learning theory into recommendations. Causal learning explores causal relations
in which a cause event (e.g., user interests) entails the occurrence of an effect event (e.g.,
user behavior). A cause-and-effect relationship is stronger than a correlation between
events, and therefore, aggregating causal relations extracted from large corpora can be
used in numerous recommendation applications to produce superior results than tradi-
tional approaches. In particular, this thesis first investigates existing challenging tasks
encountered in recommendation systems from data, model, robustness, and trustworthy
perspectives, e.g., data bias, model accuracy, model explainability, and model fairness.
Then it addresses these challenges by leveraging causal approaches to design feasible
solutions for each. Through comprehensive experiments, these proposed causality-centric
solutions demonstrate their significant superiority over correlation-based recommenda-
tion methods, in terms of higher accuracy, improved explainability, enhanced fairness,
and better generalization ability.

With the exponential growth of information, Recommendation Systems (RecSys)
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CHAPTER

INTRODUCTION

This chapter briefly introduces the causality-centric paradigm for the recommender
system and outlines two core research lines for recommendation model development:
data-centric and model-centric recommender systems. It also explores the key research
questions associated with both research lines. Additionally, this chapter presents the

contributions of the thesis and provides an overview of the thesis structure.

1.1 Causality-centric Recommendation

In the era of information explosion [44], recommender systems (RecSys) have become es-
sential tools for information filtering, playing a crucial role in helping users navigate vast
amounts of information. RecSys assists users in accessing their preferred content while
benefiting content providers by increasing content exposure and generating revenue.
With their powerful information search capabilities, RecSys have become widespread
across various online services [36, 77], including e-commerce platforms (Amazon, Taobao),
social networks (Facebook, Instagram), and video-sharing platforms (YouTube, TikTok).

The past few decades have witnessed the rapid development of recommendation
models. From early shallow models [22, 64, 82, 138, 159] to recent deep learning-based
models [81, 200, 204, 205], the algorithms and architectures for RecSys are rapidly
evolving. In general, these works have focused on innovations in models, following
the model-centric RecSys paradigm [43], which assumes that the main constraint that

affects recommendation performance is the model architecture and the training algo-
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CHAPTER 1. INTRODUCTION

rithm. Recent studies have highlighted the growing importance of recommendation data,
particularly as large language models (LLMs) have shown that leveraging massive,
high-quality datasets in natural language processing can significantly enhance recom-
mendation accuracy [53, 59, 60]. Thus, researchers have increasingly recognized the
value of refining recommendation data, which has led to the emergence of the data-centric
RecSys paradigm [251]. Data-centric RecSys posits that the effectiveness of recommen-
dation models is ultimately determined by the quality of the data they are trained on.
Higher-quality [202] and/or greater quantities of data [127] enable these systems to
better capture user preferences. In conclusion, the two primary research directions in
building a successful RecSys are model-centric and data-centric approaches. While the
former focuses on refining the model’s architecture and training algorithms, the latter
emphasizes enhancing data quality and quantity, both of which set the upper bounds for

recommendation performance.

Data and model are the recipe for the supervised learning of any RecSys. To uncover
users’ preferences through the analysis of user behavior data using a well-designed model,
certain assumptions should be made to serve as the “seasoning” (i.e., prerequisites) that
guide and enhance the model training process. For example, the well-established col-
laborative filtering model [64] assumes that users with similar historical behaviors will
likely exhibit similar future behaviors. In data-centric RecSys, social recommendation
models [191] integrate user social relations from social networks to enhance conventional
interaction data, operating under the assumption that users tend to prefer items their
friends like. Social-aware matrix factorization methods [69, 93, 131] incorporate mech-
anisms such as trust propagation [93] and social matrix decomposition [131], bringing

users’ latent vectors closer to those of their trusted peers to reflect shared preferences.

Generally, the foundation of the assumptions for today’s recommendation model is
to model the correlation, such as behavioral correlation in collaborative filtering, or
social correlation in social recommendations. However, real-world applications are driven
by causality rather than correlation, while correlation does not imply causation [154].
For example, user behavior correlations in collaborative filtering models assume user
conformity [261] (a.k.a. bandwagon effect), which can misrepresent true user preferences;
that is, most users buy items based on their own preferences rather than complying with
others. Instead, user behaviors reflect the decision-making process of humans, where
the cause explains “why” certain items are preferred, while the effect describes “what”
are the true user preferences. There are various types of causality that play a crucial

role in today’s recommendation systems (RecSys), such as user-aspect and interaction-
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1.1. CAUSALITY-CENTRIC RECOMMENDATION

aspect causality. User-aspect causality refers to the causal relationships within a user’s
decision-making process. For example, a user may purchase a phone and subsequently
buy a battery charger, where the purchase of the phone acts as the cause and the
purchase of the charger as the effect. This causal relation reflects a sequential decision
and cannot be reversed. On the other hand, interaction-aspect causality highlights how
the recommendation strategy can shape and influence user behavior. For example, the
absence of an interaction between a user and an item does not necessarily mean the user
dislikes the item; it may simply be because the item was not presented or exposed to
the user. Hence, unobserved interactions should not be interpreted as negative signals
without considering the causality of exposure.

Therefore, modeling these diverse causalities is crucial for improving the accuracy of
user preference inference and optimizing recommendation outcomes. By accounting for
the underlying causes behind user behavior and interactions, RecSys can deliver more
relevant and personalized content, ultimately enhancing user satisfaction. In recent
years, the causality-centric recommendation paradigm [130] has gained significant trac-
tion, attracting substantial attention from researchers and practitioners. This emerging
approach introduces new theories, methodologies, and applications that prioritize un-
derstanding causal relationships in recommendation systems. Extensive experiments
and theoretical validations have shown that causality-centric methods offer several ad-
vantages over traditional recommendation techniques. These include improved accuracy,
enhanced explainability, greater stability, and superior generalizability, making them
highly promising for real-world applications. With these facts in mind, this thesis aims
to research causality-centric recommendations, exploring causal inference approaches to
increase the performance of data-centric and model-centric RecSys. This thesis aims to

achieve the following research objectives:

* Provide precise causal formulations for scientific questions in data-centric and
model-centric RecSys, harmonizing terminology and concepts across both domains.
This will help mitigate misunderstandings in problem formulations and facilitate

more rigorous statements in causality-centric recommendations.

* Discuss how causal inference approaches benefit both data-centric and model-
centric RecSys, with a focus on improving performance. Detailed discussions on
effective causal approaches for addressing key RecSys research questions are also

included.
* Propose six causality-centric recommendation models to tackle challenging tasks
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in both data-centric and model-centric RecSys, addressing issues such as data bias,
model accuracy, explainability, and fairness. The proposed solutions offer valuable
insights for the domains of recommendation accuracy enhancement, explainable
recommender systems, fairness-aware recommender systems, and reinforcement

learning-based recommender systems.

1.2 The Role of Data and Model in Recommendation

This section discusses the fundamental concepts and key research questions in the two
primary research lines of recommender systems: data-centric recommender systems
(Data-centric RecSys) and model-centric recommender systems (Model-centric RecSys).

Any artificial intelligence (AI) system, including recommender systems, comprises
prototypical features from data and the algorithm (model) that solves the problem.
Therefore, both data and model are crucial to the functioning of RecSys, making data-
centric and model-centric approaches the two primary investigative strands within the
field. Model-centric RecSys focuses on creating the best possible model from a given
dataset, assuming that enhancing the model architecture and training process is key to
improving recommendations. Conversely, data-centric RecSys emphasizes improving the
quality of the data itself to achieve better performance from a given model. For years,
model-centric approaches have dominated RecSys research. However, as researchers
have begun recognizing the limitations posed by insufficient or poor-quality training
data, there has been a shift toward investigating data-centric methods. Despite this shift,
in practice, a holistic approach that simultaneously refines both the data and the model
is necessary to build optimal recommender systems. The following sections will discuss
existing work in these two research strands and outline the key research questions that

arise in the pursuit of both data-centric and model-centric RecSys.

1.2.1 Data-centric Recommendation

Research that emphasizes the importance of data quality and enhancement is collectively
referred to as data-centric recommender systems (Data-centric RecSys) [251]. The core
principle of this approach is that a model’s potential is determined by the quality
of the data it processes. As a result, improving the quality [202] or increasing the
quantity [127] of recommendation data directly enhances the system’s ability to capture

and predict user preferences more effectively. As shown in Figure 1.1, the evolution of
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Figure 1.1: Data-centric recommendation: data enhancement evolutionary.

data-centric recommendations has significantly advanced data enhancement techniques.
Starting from basic user-item interaction data in the late 1970s, the field has progressed
to incorporate more complex and informative data, such as side-information-aware
data, which includes user demographics, item attributes, and contextual information.
Modern recommendation data is growing larger and increasingly hybrid, incorporating
diverse side information such as social networks [191], knowledge graphs [204], and
heterogeneous information networks [174]. As exemplified by the striking success of
social recommendation [191] that incorporates users’ social relations from social media to
promote better user preference modeling, the benefits of enriching the recommendation
data become obvious. Additionally, the recent advancements in Large Language Models
(LLMs) have significantly boosted recommendation performance [53, 59, 601, largely due
to the availability of vast, high-quality datasets in natural language processing. This has
enabled recommendation models to better capture complex user behavior patterns. In
summary, the field of Data-centric RecSys highlights the crucial importance of both data

quality and quantity in the development of effective recommendation models.

However, data is highly susceptible to poisoning, as highlighted by extensive re-
search [26, 28, 111]. This vulnerability introduces a critical challenge in data-centric

recommendations, commonly referred to as the data bias issue [26].

Ubiquity of Data Biases in RecSys. Three key factors shape recommendation data:
the user, the item, and their interactions. Across each of these dimensions, data bias
is pervasive and undermines the effectiveness of recommendations: 1) From the user
perspective, user behavior patterns are highly complex and influenced by various factors
such as psychology and sociology. For instance, users often rate items similarly to others
in their social circles (e.g., friends), which means that rating values may not always

reflect a user’s true preferences. In this context, conformity bias [261] arises, leading
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recommendation models to favor recommending similar items rather than those that
genuinely align with individual user preferences. 2) From the item side, the distribution
of items in historical data is usually skewed. For example, the item distribution exhibits
a long-tailed distribution in most recommender systems, causing the well-known ex-
posure bias [240] issue: some items are presented more frequently in historical data
than others, and thus receive more exposure in future recommendations. As a result,
less-popular items, even when they match user preferences, are overlooked, creating
biased recommendations that disproportionately favor popular items and significantly
reduce the overall effectiveness of the system. 3) From the interaction side, user-item
interactions are affected by various factors, such as user conformity and item exposure
mentioned above. In addition, the RecSys itself is an interaction tool that interacts with
users, that is, the exposure mechanism of the RecSys determines user feedback and
user behaviors. This interaction loop not only generates biases but also exacerbates
them over time, leading to the “poor get poorer” phenomenon. In conclusion, data bias is
everywhere in today’s RecSys caused by data issues such as data missing [219] and data
imbalance [232]. As a result, the importance of data enhancement cannot manifest itself

unless data biases are adequately addressed.

1.2.2 Model-centric Recommendation
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Figure 1.2: Model-centric recommendation: model innovation evolutionary.

Model-centric recommender systems (Model-centric RecSys) [43] assume that the
main constraint that affects recommendation performance is the recommendation model
with respect to model architecture and training algorithm. Countless efforts have been
dedicated to developing a wide range of recommendation models. The evolution of these
models can be categorized into three main groups: collaborative filtering-based models,
linear models, and neural models. As shown in Figure 1.2, early recommendation models

are primarily developed based on collaborative filtering (CF), a well-established method
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in RecSys pioneered by Goldberg et al. [64] in their Tapestry system. Later, linear mod-
els [82] gained prominence due to their ability to address the cold start problem by
incorporating side information such as user demographics, historical behaviors, and
contextual data. The examples are degree-2 polynomial (Poly2) model [22], Follow-the-
Regularized-Leader (FTRL) algorithm [138] and Factorization Machines [159]. Since
2016, deep neural network-based recommendation models have gained rapidly increas-
ing attention by using a more flexible and representable neural network architecture.
These models have not only become a major research focus in academia but have also
dominated the development of industrial recommender systems, generating immense
commercial value. This trend began with general multi-layer perceptrons (MLPs) and
has since evolved into more advanced architectures like graph neural networks (GNNs)
and recurrent neural networks (RNNs). According to recent statistics [73, 1101, 90% of
publications in the field now have a model-centric focus, and the sheer volume of new
recommendation algorithms and methods is staggering. Most model-centric RecSys pri-
oritize recommendation accuracy, as it directly impacts the model’s utility once deployed.
These efforts have resulted in substantial improvements in accuracy, with models now
closely aligning with users’ true preferences. However, in recent years, there has been a
growing recognition that accuracy alone is not enough. Researchers have increasingly
emphasized addressing beyond-accuracy objectives to ensure a trustworthy and well-
rounded recommendation system. For instance, modern recommenders, with their use
of complex neural networks, have become increasingly sophisticated and opaque. As
a result, transparency has emerged as a major concern for these black-box models. To
assist system designers in understanding and tracking the decision-making processes of
recommendation models, it is crucial to provide explanations of predictions, which are
essential for model debugging [49]. Consequently, explainable recommendation systems -
designed to offer personalized recommendations along with explanations - have gained
significant attention and become a hot topic in the field.

In conclusion, two indispensable and complementary topics dominate the model-

centric RecSys research: recommendation accuracy and beyond-accuracy objectives.

* Recommendation Accuracy. Two widely adopted methods contribute to im-
proving recommendation accuracy: 1) Model architecture refinement: This involves
innovating model architectures, such as combining different neural networks or
enhancing training algorithms through techniques like contrastive learning and
semi-supervised learning. Recent advancements in neural models have demon-

strated that traditional collaborative filtering is limited in its ability to capture
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complex user behavior beyond mere user similarities. To address this, various types
of neural networks have been incorporated into collaborative filtering models. For
instance, Neural Collaborative Filtering (NCF)[81] employs a multi-layer percep-
tron (MLP) to learn a user behavior similarity function based on simple user/item
one-hot encodings. Similarly, Neural Graph Collaborative Filtering (NGCF)[205]
utilizes graph neural networks (GCNs) to learn collaborative signals from a user-
item interaction graph, leveraging the GCNs’ capability to capture the semantics
of both users and items. 2) Model optimization: This approach focuses on designing
optimal learning objectives (e.g., loss functions) to effectively guide the learning
trajectory of recommendation models. For instance, while off-policy learning is
commonly used to optimize reinforcement learning agents, it often suffers from
biased estimations due to the nature of its learning objectives [30, 133, 199]. Since
off-policy learning trains a target policy based on data collected by a previously
deployed logging policy, the bias arises from the distribution discrepancy between
the logging policy and the new target recommendation policy. Therefore, it is cru-
cial to design unbiased policy optimization objectives to ensure the accuracy of

recommendations generated by off-policy learning-based methods.

* Beyond-accuracy Objectives. Explainability and fairness are two key beyond-
accuracy objectives essential for ensuring a trustworthy recommender system:
1) Explainability: Explainability is crucial for any black-box recommendation
model. Researchers have invested significant effort into uncovering the underlying
mechanisms driving these models. Firstly, providing users with explanations for
recommendations enhances their understanding of how the system works and
increases their trust in it. Secondly, explainability contributes to system trans-
parency by clarifying why certain recommendations are made, allowing for better
tracking of the model’s decision-making process. In essence, explainability not
only improves the persuasiveness of recommendations but also aids system de-
signers in debugging and refining the models. 2) Fairness: Recommender systems
(RecSys) are susceptible to ethical and fairness issues, which can significantly
impact user satisfaction and damage stakeholder reputations. For instance, women
make up a large proportion of the nursing workforce. When a job recommendation
system learns from this data to estimate future employment opportunities, it may
disproportionately suggest nursing positions to women while offering fewer such
opportunities to men, thereby perpetuating gender discrimination. To enhance the

satisfaction of all participants, addressing fairness issues in recommender systems
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is crucial for fostering a positive and sustainable ecosystem.

1.3 Research Questions

In summary, the RecSys domain grapples with three critical research challenges from
both data-centric and model-centric perspectives: data biases, recommendation accu-
racy, and beyond-accuracy objectives. To address these challenges, this thesis seeks to
explore causality-centric methods aimed at providing solutions for each of these research

questions. In particular, this thesis investigates the following research qustions:

* R1: How to give precise causal formulations for the scientific questions in the topics
of data biases, recommendation accuracy and beyond-accuracy objectives, thereby

explicating the perplexing causal notions?
* R2: How to resolve data bias using effective causal inference approaches?

* R3: How to achieve better recommendation accuracy by adopting causal inference

approaches to refine 1) model architecture and 2) model optimization?

* R4: How to achieve beyond-accuracy objectives regarding 1) model fairness and 2)

model explainability through causal inference?

1.4 Thesis Organization

The organization of this thesis is outlined in Figure 1.3. Specifically, Chapter 2 provides
a comprehensive review of recommender systems (RecSys) and causal inference for
recommendations. Chapter 3 introduces causal notions related to the key RecSys research
questions explored in this thesis, including addressing data bias, improving model
accuracy, enhancing model explainability, and ensuring model fairness. This chapter
also presents effective causal inference approaches to tackle these challenges. Chapters
4, 5, and 6 offer practical solutions for research questions R2, R3, and R4, leveraging
causal inference methods to promote more accurate and trustworthy recommendations.
In detail, Chapter 4 presents two solutions targeting exposure bias and popularity
bias in data-centric RecSys. Chapter 5 explores how causal inference can enhance
model architecture and optimization to improve model accuracy. Chapter 6 focuses on

counterfactual explanations and counterfactual fairness to achieve model explainability
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Figure 1.3: Thesis organization.

and fairness. Finally, Chapter 7 concludes the thesis, while Chapter 8 identifies promising

directions for future research.
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CHAPTER

LITERATURE REVIEW

This section provides a comprehensive review of the literature on two closely related

domains: the recommender system (RecSys) and causal inference for recommendations.

2.1 Recommender System

As discussed in Section 1.2, two research lines are critical for RecSys research: 1) data-
centric recommender systems and 2) model-centric recommender systems. Practical

solutions for these topics are discussed in the following sections.

2.1.1 Data-centric Recommender System

Data-centric recommender systems aim to achieve better recommendations through the
enhancement of recommendation data. Their fundamental principle comes from the core
idea: “Data is the food for AI” [111], in which data ultimately dictate the upper limits of
model capabilities. For data-centric recommender systems, the idea is straightforward:
the higher the quantity [127] and/or quality [202] of recommendation data, the more
effectively RecSys can capture user preferences. Thus, the relevant literature can be
roughly categorized as multimodal data enrichment methods and data issue-aware
methods, aligning with improving the quantity and quality of data, respectively.
Multimodal data enrichment methods aim to refine the data by including multiple

modalities or types of data information, such as text [101], images [201], audio [38],
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or any combination thereof. Traditional RecSys relies mainly on simple user-item in-
teraction data, such as user clicks [165], purchases [12] and ratings [182], to generate
recommendations. For instance, early collaborative filtering (CF) [18] methods utilize the
user ratings matrix on items to identify similar users and recommend items that similar
users have liked. Another example is content-based filtering [194], which recommends
items based on a user’s past interactions, such as articles they have clicked on or products
they have purchased. Recent models have largely incorporated multimodal data, enabling
recommender systems to capture more comprehensive patterns of user behavior. Two of
the most notable achievements are social network-based models [46, 93, 116, 132] and
heterogeneous information network-based models [177, 246, 247]. Social networks [191]
record users’ social relations across social platforms such as Facebook and Instagram.
Social network-based models aim to use these rich social relations to capture users’
collaborative behavior with their friends in order to refine the recommendation model.
SocialMF [93] is a representative work that extends the matrix factorization (MF) model
to include the social information of users. SoReg [132] follows [93] to model social infor-
mation as regularization terms to constrain the MF model. SREE [116] models user and
item embeddings into an Euclidean space as well as users’ social relations. GraphRec [46]
is a state-of-the-art social recommender that organizes user behaviors as a user-item
interaction graph and models social information with a Graph Neural Network. As a
newly emerging graph structure, the heterogeneous information network (HIN) [175]
has been shown to be effective in modeling complex objects and providing rich semantic
information to recommendation systems [185]. Many HIN-based recommendation meth-
ods achieve state-of-the-art performance [175]. For example, HeteMF [246] utilizes meta
path-based similarities as regularization terms in the MF model. HeteRec [247] learns
meta path-based latent features based on different types of entity relationships and
proposes an enhanced personalized recommendation framework. SemRec [177] proposes
a weighted HIN and designs a meta path-based collaborative filtering (CF) model to
integrate heterogeneous information. To conclude, multimodal data enrichment methods
make the recommendation data grow larger and increasingly hybrid, incorporating
additional contextual information (e.g., social relations and heterogeneous information)

to provide a more comprehensive picture of the interactions between users and items.

Data issue-aware methods aim to improve the data quality through data debias
means. Data issues are largely presented, such as data missing [23] and data noise [230],
causing various data biases that deteriorate the recommendation performance. Exposure

bias is a common data bias arising from the partially observed nature of user-item
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interactions. Traditional methods, such as matrix factorization (MF) models [18, 165],
consider observed user interactions (e.g., clicks) as positive while treating all unobserved
interactions as negative. However, in real-world scenarios, users are only exposed to a
subset of items due to various reasons, such as platform selection. Consequently, unob-
served interactions do not necessarily indicate negative preferences, leading to exposure
bias issues in those traditional methods. Data imputation methods [27, 85, 136, 150] han-
dle the exposure bias problem using missing data imputation strategies, as missing data
can be interpreted as the source of unobserved interactions. They aim to jointly model
the generative process of user feedback (e.g., rating values) and the missing mechanism.
For example, Marlin and Zemel [136] model the missing probability of a user-item pair
dependent on the user rating values through a Mixture of Multinomials (MM) model. A
probabilistic matrix factorization is proposed to characterize the missing probability of a
user-item pair [182] to improve the flexibility of the MM model. Hernandez et al. [85]
use a probabilistic matrix factorization (PMF) model with hierarchical priors for ordinal
rating data, which increases the robustness of the hyperparameter selection. Ohsawa et
al. [150] further extend the PMF model to a Gated PMF by considering the dependency
between why a user consumes an item and how that affects the rating value. Chen
et al. [27] model user consumption with social influence to better estimate the user’s
preference for items. However, data-imputation-based methods are not robust due to
their unstable imputation accuracy, which would be propagated into training a prediction
model and easily mislead the prediction [119, 219]. Popularity bias is another common
bias issue caused by the uneven distribution of items, e.g., popular items are recom-
mended even more frequently than their popularity would warrant. Regularization-based
methods are commonly used to handle popularity bias by pushing the model toward
balanced recommendation lists. Abdollahpouri et al. [1] introduced a LapD@® regularizer
to constrain the equal probability of recommending popular items and long-tail items.
Kamishima et al. [100] uses the mean-match regularizer [99] in an information-neutral
recommender system. They initially utilized mutual information to assess the impact of
features on recommendation outcomes. Through a series of mathematical approximations
and derivations, they derived a specific regularization term: — (M po({F)) - M D(l)({f}))Z,
where Mp({F}) = IT%I 2 (xi,y;,0)eD T (x4, yi,0;). However, regularization-based models imply
strong assumptions, such as the equal exposure probability of popular and nonpopular

items, and thus are usually unrealistic in real-world recommendations.
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2.1.2 Model-centric Recommender System

Table 2.1: Taxonomy of model-centric recommender system.

CF-based models Linear models Neural models
Approach Autocomplete Feature engineering | Deep neural networks
Data Historical data Complex sources Complex sources

Evaluation setup

Offline datasets

Offline datasets
Auxiliary information

Offline datasets
Auxiliary information

. . Sequential RecSys
Feature Engineering
. . oy . . Graph-based RecSys
Topic Collaborative Filtering | Features Conjunction .
et Explainable RecSys
etc.

Model-centric recommender systems aim to primarily refine the model architecture
and training algorithm [43]. In the history of the recommender system, model-centric
recommender systems have innovated from traditional collaborative filtering-based
models to linear models and to the recent neural models. Table 2.1 provides the taxonomy
of these three types of models by summarizing their own characteristics.

Collaborative Filtering-based Models are often developed in a class of collab-
orative filtering (CF) methods, such as content-based filtering [107, 136] and matrix
factorization [90]. They train the recommendation model with the historical interaction
logs of users (e.g., users’ historical ratings on movies) and all relevant profiles, such as
users’ age, social relations, and movie type. The recommendation model is evaluated
under offline evaluation metrics (e.g., Precision, Recall) and is used to predict users’
future preferences (e.g., ratings) on items that they have not yet examined. In a nutshell,
collaborative filtering-based models aim at performing user-item matrix completion on
the organic user-item interactions. Thus, the process can be termed as an “auto-complete”
manner [95]. Ranging from rating prediction to next-item prediction tasks, collabora-
tive filtering-based models have found wild-spread success in academic and industrial
scenarios [83]. The core concept is to use collaborative user behaviors to predict future
user preferences, i.e., similar users may share similar tastes towards items [183]. Based
on such intuition, early approaches calculate the user behavior similarity (user-based
CF [105, 164]) or the item similarity (item-based CF [123, 169]) based on functions such
as Pearson correlation coefficient. Later, latent factor models (LFM) [2], e.g., matrix
factorization [108] and tensor factorization [109], gain prominence by collaboratively
uncovering the latent space that encodes the interaction matrix of the user. LFM aims to
model users and items as latent factors to calculate matching scores of user-item pairs

based on pure user explicit feedback data, e.g., ratings. Learning-to-rank (LTR) [21]
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steps from learning the absolute matching scores to learning the relative ordering of
items. A representative method is Bayesian personalized ranking (BPR) [162], a pairwise
LTR method that is tolerated to learn from the user feedback involved, e.g. clicks. BPR
uses the inner products between latent vectors as user-item similarities to predict user

preference scores.

Linear Models gain prominence due to their ability to address the cold start problem
by incorporating side information such as user demographics, historical behaviors, and
contextual data [82]. These models are designed to capture user preferences within more
complex behavioral patterns compared to early CF methods. A linear model models

Ty, where each feature x

recommendation predictions with the function ¢(w,x) = w
(e.g., the brand of the item) is assigned a weight w. For example, degree-2 polynomial
(Poly2) model [22] learns weights for every possible pair of characteristics. Facebook [82]
designed a hybrid model for automatic feature engineering, where the logistic regression
is combined with decision trees. They constructed boosted decision trees to transform
input features, and the output of each tree serves as input feature to a logistic linear
classifier. McMahan et al. [138] proposed the Follow-the-Regularized-Leader (FTRL)
algorithm. Besides, an FTRL-Proximal online learning strategy is designed and used to
enhance CTR prediction accuracy. The logistic regression model is practical for industrial
recommender systems due to its ability to model side information and ease of extension.
However, LR cannot inherently model feature conjunctions, relying on artificial feature

engineering or other models like Poly2 or boosted decision trees for this purpose.

Neural Models typically use deep neural networks [10, 80, 205] as the backbone for
recommender systems. They have drawn a lot of attention recently thanks to their strong
capacity to solve complex tasks and adapt to more complex data. Specifically, neural
models can handle non-linear user-item relations by using the higher-order network
structure, while special classes of neural networks such as Graph Neural Networks
(GNN) [80] and Recurrent Neural Networks (RNN) [216] are well adapted with complex
data sources such as graphs and sequences. Relevant approaches to neural models can be
classified into similarity learning methods and representation learning methods. Similar-
ity learning methods aim to learn a similarity function with a predictive neural network
based on simple user/item representations, e.g., one-hot [81]. Neural collaborative fil-
tering (NCF) [81] is the first work using a multi-layer perceptron (MLP) for similarity
prediction. Following NCF, a majority of models (e.g., [3, 88, 157, 248]) have abandoned
the fixed similarity function in CF-based models (e.g., dot product) to use MLPs as general

function approximators. The rationale is that MLPs are general function approximators,
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so they should be strictly better than a fixed similarity function such as the dot product.
Another branch of representation learning methods learns rich user/item representations
and adopts a simple matching function (e.g., inner product) to calculate matching scores.
They aim to use different neural networks to encode latent user behavior patterns, e.g.,
temporal user behavior and multi-type behaviors, into user/item representations. For
example, GRU4Rec [86] models temporal information from user interaction histories
based on a Recurrent Neural Network with the gated recurrent unit. NMTR [52] per-
forms multi-task learning for the joint training of three neural network units to cascade
relations among different user behavior types (e.g., click, purchase). Recently, Graph
Convolutional Networks (GCN) have been widely adopted in neural models, primarily
due to their well-established performance in learning local and global information from
large-scale graphs. As evidenced by several studies [10, 80, 184, 205], GCN advances
from other neural networks in capturing graph structural information. This is because
GCN leverages convolutional operations to aggregate both local information from direct
neighboring nodes and global information from higher-hop neighbors. Besides, the pa-
rameter sharing of GCN allows it to generalize well to unseen nodes during training
and efficiently adapt to large-scale graphs. GCN-based neural models aim to acquire
vectorized user and item embeddings using a GCN and then use these embeddings to
optimize a CF model. For instance, neural graph collaborative filtering [205] exploits a
GCN to propagate neighboring node messages in the interaction graph to obtain user
and item embeddings. The learned embeddings capture user collaborative behavior and
are used to predict preference scores for CF optimization. Hyperbolic graph collaborative
filtering [184] offers a compelling solution by integrating GCN with hyperbolic learn-
ing techniques to acquire user and item embeddings within the hyperbolic space. By
leveraging the exponential neighborhood expansion inherent in the hyperbolic space,
HGCEF effectively captures higher-order relationships among users and items, enhancing
the learning capabilities for downstream CF models. GC-MC [10] uses a GCN-based
auto-encoder to learn latent features of users and items from an interaction graph and
reconstructs the rating links for matrix completion. Later, Light GCN [80] simplifies the
GCN in the recommendation task by only including neighborhood aggregation for calcu-
lating user and item representations, which further boosts the efficiency of subsequent
GCF approaches, e.g., [60, 148, 225].

In recognition of advances in deep learning techniques, the majority of new recom-
mendation algorithms described in academic papers are aimed at improving the accuracy

of recommendations [205]. In a parallel research direction, explainable recommendation
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frames the task as generating not only high-quality recommendations but also intuitive
explanations, in which the problem of why certain items are recommended can be an-
swered through enhancing the recommender with the interpretability. Recent work [79]
has repeatedly demonstrated the importance of interpretability in terms of increasing
recommendation transparency, persuasion, efficacy, reliability, and satisfaction. Inter-
pretable explanations are usually encoded by the context of the users/items, such as the
specific gender, age of a user, and the type and year of a movie.

Other research also shows that fairness is also one of the main concerns of recom-
mender systems, which profoundly harms user satisfaction [51, 117] and stakeholder
benefits [11, 57, 118]. For example, an RS may differentiate items to allocate more ex-
posure to popular items while overlooking niche items [1, 210], causing major concerns
such as the Matthew effect [156]. Fairness-aware recommendation [51] has emerged as a

promising solution to prevent unintended discrimination and unfairness in RS.

2.1.2.1 Explainable Recommendation

The explainable recommendation has been shown to improve user satisfaction [192] and
system transparency [6]. Research in explainable recommendation can be divided into
two main categories [58, 256]. The first category of model-intrinsic approaches [84, 122,
152, 169, 179, 198] designs interpretable recommendation models to facilitate explana-
tions. These model-intrinsic methods train explainable models to identify influential
factors for users’ preferences, and then construct explanations accordingly. For example,
Shulman et al. [179] propose a per-user decision tree model to predict users’ ratings
on items. Each decision tree is built with a single user as root and items as leaves,
while a linear regression is applied to learn leaf node values to build decision rules.
The explanation is formed as a sequence of decisions along the decision tree. Lin et
al. [122] propose a personalized association rule mining method targeted at a specific
user. Explanations are generated by identifying association rules between users and
items. Other works [84, 114, 152, 169, 198, 208] explore content-based approach [198]
and neighborhood-based collaborative filtering [84, 169] to generate explanations based
on users’ neighbors [84, 114, 208], item similarity [169], user/item features [198], or
combinations thereof [152].
As modern recommendation models become complicated and black-box, e.g., embedding-

based models [74, 91, 206] and deep neural networks [24, 81], developing model-intrinsic
approaches [256] is not practical anymore. Thus, another category of model-agnostic

methods [62, 149, 180] aims to explain black-box models in a post hoc manner. For
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instance, Ghazimatin et al. [62] perform graph learning on a heterogeneous information
network that unifies users’ social relations and historical interactions. The learned graph
embeddings are used to train an explainable learning-to-rank model to output explana-
tion paths. Singh et al. [180] train a Learning-to-rank latent factor model to produce
ranking labels. These ranking labels are then used to train an explainable tree-based
model to generate interpretable item features for ranking lists.

However, existing model-agnostic approaches suffer from major limitations: 1) They
mainly concentrate on factual scenarios using historical user-item interactions to identify
item features. However, they typically neglect the counterfactual scenario in which
changing explanations can affect future recommendations. This restricts their ability to
predict changes in future recommendations if explanations are modified. Incorporating
these counterfactual scenarios is vital for a deeper understanding of the system and
to understand how varied explanations influence recommendations. 2) They construct
explanations using a fixed number of influential factors without taking into account the
complexity of the explanation [258]. Instead of seeking the minimal set of influential
factors for recommendations, these methods might incorporate redundant or irrelevant
elements. This can result in unnecessary computational complexity. For example, given
the condition that the brand have been “Apple” well explains the user’s preference, using
“Apple”, “Electronic”, “California” as the explanation becomes redundant and decreases
the explanation efficiency.

Recently, counterfactual explanation [189] has emerged as a favorable opportunity to
solve the above questions. The counterfactual explanation interprets the recommendation
mechanism by exploring how minimal changes to items or users affect the recommen-
dation decisions. Typically, counterfactual explanation is defined as a minimal set of
influential factors that, if applied, flip the recommendation decision. To build counter-
factual explanations, we have to fundamentally address: “what the recommendation
result would be if a minimal set of factors (e.g., user behaviors [item features) had been
different?” [197]. With counterfactual explanations, users can understand how minimal
changes affect recommendations and conduct counterfactual thinking under the “what-if”

scenario [153].

2.1.2.2 Fairness-aware Recommendation

Recommender systems have long dealt with major concerns of recommendation un-
fairness, which profoundly harm user satisfaction [51, 117] and stakeholder bene-

fits [11, 57, 118]. Recent works on fairness-aware recommendation mainly discuss two
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primary topics, i.e., user-side fairness [29, 51, 92, 117, 119, 242] and item-side fair-
ness [1, 40, 54, 128]. User-side fairness concerns whether the recommendation is fair
to different users/user groups, e.g., retaining equivalent accuracy or recommendation
explainability. Relevant approaches attribute the causes of user-side unfairness to dis-
crimination factors, such as sensitive features (e.g., gender [29, 242], age [119]) and user
inactiveness [51, 117], etc. They mainly propose fairness metrics to constraint recom-
mendation models (e.g., collaborative filtering [242]) to produce fair recommendations.
For example, Yao et al. [242] study the unfairness of collaborative filtering (CF)-based
recommenders on gender-imbalanced data. They propose four metrics to assess different
types of fairness, and then add these metrics as constraints to the CF model learning
objective to produce fair recommendations. Chen et al. [29] investigate gender-based
inequalities in the context of resume ranking engines. They use statistical tests to show
the existence of direct and indirect gender discrimination in resume ranking results
provided to job recruiters. Li et al. [117] investigate the unfair recommendation between
active and inactive user groups, and provide a re-ranking approach to mitigate the
activity unfairness by adding constraints over evaluation metrics of ranking. As modern
content providers are more concerned about user privacy, it is generally not easy to access
sensitive user features for recommendation [163]. Meanwhile, users often prefer not to
disclose personal information that raises discrimination [9], limiting the application of
user-side fairness recommendations. Another topic of item-side fairness-aware recom-
mendation [1, 40, 54, 128] is interested in examining whether the recommendation treats
items fairly, e.g., similar ranking prediction errors for different items, fair allocations
of exposure to each item. For instance, Abdollahpouri et al. [1] address item exposure
unfairness in learning-to-rank (LTR) recommenders. They include a fairness regulariza-
tion term in the LTR objective function, which controls the recommendations favored
toward popular items. Diaz [40] address the exposure unfairness due to the biased item
popularity in user behavior data. They propose the concept of expected exposure as the
average attention ranked items receive from users and apply it to measure item exposure
under stochastic versions of existing retrieval and recommendation algorithms. Ge et
al. [54] consider the dynamic fairness of item exposure due to changing group labels of
items. They calculate the item exposure unfairness with a fairness-related cost function.
The cost function is merged into a Markov Decision Process to capture the dynamic item
exposure for recommendations. Liu et al. [128] focus on item exposure unfairness in
interactive recommender systems (IRS). They propose a reinforcement learning method

to maintain a long-term balance between accuracy and exposure fairness in IRS. Other
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successful investigations of fairness can also be closely related to enhancing recommenda-
tion diversity [102, 135], e.g., increase aggregate diversity [135], and increasing fairness

transparency of graph neural networks [42].

Despite the great efforts, fairness-aware recommendations mitigate user and item
unfairness in a black-box manner but do not explain why the unfairness appears. Under-
standing the “why” is desirable for both model transparency and facilitates data curation
to remove unfair factors [118]. Thus, fairness explanation, as an important aspect of fair-
ness research, is emerging as a hot topic and would enhance the design of fairness-aware

recommendation approaches by tracking unfair factors for model curation.

2.2 Causal Inference

Causal inference aims to learn the causality, that is, the generic relationship between
entities, to understand the effect and the causes that give rise to it. The capacity to
understand causality is viewed as the foundation of human-level intelligence and is
thus a significant component of artificial intelligence [155]. Causal inference has been
investigated in a myriad of high-impact domains, such as medical science [158], epi-
demiology [166] and meteorology [33]. Causal inference is supported by several key
frameworks, with the two most widely referenced being 1) the Potential Outcomes
Framework (POF) by Rubin et al. [167] and 2) the Structural Causal Model (SCM) by
Pearl et al. [154]. POF focuses on estimating the causal effect of a treatment (e.g., an item
feature) on an outcome, such as recommendation results. Inverse propensity weighting
(IPW) [124] is commonly used within POF to address selection bias and confounding in
observational studies, creating a pseudo-population where treatment assignment is inde-
pendent of observed covariates. However, POF has limitations, such as a lack of intuitive
graphical models to represent causal relationships, and its effectiveness heavily depends
on the accuracy of propensity score estimation. This often leads to issues like “propensity
overfitting” [215] due to unobserved variables, which can hinder POF-based recom-
mendation performance. In contrast, SCM constructs a causal graph using structural
equations that model causal relationships between deterministic variables. The causal
graph enables causal reasoning and effect estimation, allowing researchers to address
data biases, such as exposure bias [220] and popularity bias [257]. Additionally, SCM
supports interventions and the exploration of hypothetical “what if” scenarios through

do-calculus [154], enabling counterfactual reasoning in recommendation systems.

20



2.3. CAUSAL INFERENCE FOR RECOMMENDATION

2.3 Causal Inference for Recommendation

Recently, increasing research has shown that causal inference can largely accelerate the
performance of recommender systems in multi-aspects, such as the data debiasing tasks,

recommendation model design, model explainability and model fairness.

2.3.1 Causal Debias Methods

Causal inference has attracted increasing attention in various debias tasks for recom-
mender systems. Dominant approaches adopt two main causal inference approaches,
i.e., propensity score [67, 120, 171] and causal embedding [14, 220, 241], to discover true
user interests under different types of bias.

The propensity score for an individual is the conditional probability of receiving
treatment based on the individual’s covariates. It can be used to balance the covariates
between the treatment and control groups, thus mitigating the bias between the two
groups. The propensity score has been widely applied in the phenomenon of missing not
at random (MNAR) [181], i.e., the missing pattern of data depends mainly on whether
items are exposed to users, and consequently, the observed user feedback, in fact, is
missing not at random. A couple of methods address MNAR [85, 120, 171] by treating
missing items from the “exposure” perspective, i.e., indicating whether or not an item is
exposed (provided) to a user. For example, ExpoMF [85] resorts modeling the probability
of exposure by propensity scores and up-weighting the loss of rating prediction with
high exposure probability. Likewise, recent works [120, 171] resort to propensity score to
model exposure. For example, the method in [171] uses the propensity score to reweight
the observational click data, with the aim of imitating the scenario where the item is
randomly exposed and alleviating the exposure bias.

Causal embedding methods aim to first design a specific structural causal model
on what determines the final recommendation outcomes, e.g., user interest and user
conformity together cause the recommendation outcome [262]. The causal graph under
the structural causal model is then utilized to guide the learning of the embedding for
each component separately. In particular, the causal graph usually shows the presence
of confounders that cause biased estimations. For example, the social network is, in fact,
a confounder of exposure bias, since it influences both users’ choice of movie viewing
and their ratings [115]. The confounder introduces confounding effects, the ignorance
of which misguides the learning of the user’s true intent. A widely used solution for

mitigating the confounding effects is learning the user embedding that is forced to be
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independent of the confounder. For example, some works design a regularizer for the
independence constraint using statistical measures such as L1-inv, Lo-inv, and distance
correlation [134]. By explicitly disentangling the cause of a confounder, the embedding
uncovering the users’ true intent can be learned for final recommendations. More recently,
the work in [241] has resorted to balancing learning with a Middle-point Distance
Minimization (MPDM) strategy to learn causal embeddings that are free from selection
bias. A few state-of-the-art works [115, 203, 220, 257, 262] inspect the cause-effect of bias
generation and designs a specific causal graph that attributes bias issues to confounders.
For instance, Wang et al. [220] mitigate exposure bias in the partially observed user-item
interactions by regarding the bias as the confounder in the causal graph. They propose a
decounfonded model that performs Poisson factorization on substitute confounders (i.e.,
an exposure matrix) and partially observed user ratings. Zheng et al. [262] relate the
user conformity issue in recommendations with popularity bias and use a causal graph
to guide the disentangled learning of user interest embeddings. Wang et al. [209] define
a causal graph that shows how users’ true intents are related to item semantics, i.e.,
attributes. They propose a framework that produces disentangled semantics-aware user
intent embeddings, in which each model component corresponds to a specific node in
the causal graph. The learned embeddings are able to disentangle users’ true intents

towards specific item semantics, which reveal which item attributes are favored by users.

2.3.2 Causality-assisted Model Design

Causal inference can be applied to improve the recommendation accuracy from model
architecture refinement and model optimization perspectives. In particular, causal neural
network that refines neural network architecture with causal relations, and counter-
factual policy learning that designs unbiased model optimization objectives, are two

effective solutions in the model accuracy improvement task.

2.3.2.1 Causal Neural Network

Using causality to refine neural network architecture is still at its early stage with
limited prior work. Xia et al. propose a Neural-Causal Connection theory [231] that intro-
duces a special type of structural causal model called the neural causal model. They show
that the proposed neural causal model is equally expressive as a neural model learned
from existing neural networks, while the expressiveness, learnability, and inference of

the neural causal model can be achieved by encoding structural constraints necessary
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for performing causal inferences. Designed for Graph Neural Networks (GNNs), Zevcevic
et al. [249] propose a neural causal model for GNN-based neural models using the theory
proposed by Xia et al. Unfortunately, in the recommendation scenario, existing works
do not consider the use of neural causal models to refine the learning process of recom-
mendation models, e.g., collaborative filtering-based models. In addition, the first neural
causal model that parameterizes each structural equation under the recommendation

modeling as trainable neural networks has not yet been established.

2.3.2.2 Counterfactual Policy Learning

Reinforcement learning largely relies on on-policy and off-policy learning methods for
policy optimization [218]. However, recent studies [30, 133, 199] show that both on-policy
and off-policy learning methods can suffer from biased recommendations. Whereas both
on-policy and off-policy learning methods require a logging policy, the bias occurs due
to the distribution discrepancy between the previously deployed logging policy and the
new target recommendation policy. The target recommendation policy includes rewards
for all user-item pairs, while the rewards recorded by the logging policy are partially
observed, i.e., only those items that have been recommended own the rewards, but not
for non-recommended ones. Consequently, this reward mismatch issue leads to a data
distribution discrepancy, causing a severe selection bias. To alleviate the selection bias,
the basic idea is to consider rewards for both recommended and non-recommended items.
However, those rewards for non-recommended items, also termed counterfactual data,
are naturally not available. Thus, learning an unbiased policy without access to the
counterfactual data (i.e., Counterfactual Policy Learning) has become an emerging topic.

Counterfactual risk minimization (CRM) methods [168] is an effective method for
counterfactual policy learning. The core idea of CRM is to understand the counterfactual
question: “how would the new target recommendation policy have performed if it had been
used instead of the policy that logged the data?” Existing CRM methods largely rely on
the inverse propensity scoring (IPS) technique. For example, Swaminathan et al. [187]
leverage the IPS weighting technique to model the policy discrepancy in the assignment
mechanism, thus providing unbiased estimates of the counterfactual risk (expected
reward/loss) throughout a class of policies. This enables learning by optimizing the
estimated counterfactual risk, potentially subject to variance regularization. Joachims et
al. [97] propose a BanditNet that includes an additional self-normalization IPS (SNIPS)
term while they extend the off-policy learning to deep neural networks, which is a

recent notable extension. Chen et al. [32] extend a policy gradient-based method with
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a Top-K TIPS estimator and show significant gains from exploiting bandit feedback
in online experiments. Ma et al. [133] formulate the target policy of the two-stage
recommender system as the composition of the candidate generation policy and the
ranker policy, meanwhile deriving the importance weight based on the IPS to correct the
candidate generation policy. However, policy corrections based on IPS often have a large
variance due to propensity estimation inaccuracy; thus, IPS-based works easily suffer
from biased predictions and mislead the model building. An interesting open question in
bias corrections for off-policy and on-policy learning may lie in the accurate estimation of

correction values.

2.3.3 Counterfactual Explainable Recommendation

As discussed in Section 2.1.2.1, counterfactual explanations advance from conventional
explanations by two aspects: 1) Faithful to the prediction: counterfactual explanations
secure the factors in the explanations that could flip the recommendations. For example,
the item brand “Apple” is used as the explanation and removing the “Apple” would cause
the user to buy another phone. 2) Minimal for the explanation: counterfactual explanation
consists of a minimal set of factors that are most influential to the recommendations.
Thus, the complexity of the explanation can be largely reduced to the most deterministic
ones. For example, if we know using “Apple” could explain the user’s preference, then
using “Apple” and “California” as the explanation could be redundant.

Counterfactual explanations have been considered as satisfactory explanations [228]
and elicit causal reasoning in humans [19]. Successful works on the counterfactual expla-
nation for recommendations can be categorized into search-based and optimization-based
approaches. The first category of search-based approaches [98, 236] performs the greedy
search for counterfactual explanations. Kaffes et al. [98] perturb user-item interactions
by deleting items from user interaction queues to generate perturbed user interactions as
counterfactual explanations. Then, a breadth-first search is used to find counterfactual
explanations that achieve the highest normalized length and candidate impotence scores.
Xiong et al. [236] propose constrained feature perturbations on the features of items and
consider the perturbed item features as counterfactual explanations. The second category
of optimization-based approaches [34, 61, 189, 193] optimizes explanation models to
find counterfactual explanations with minimal changes. Ghazimatin et al. [61] perform
random walks over a heterogeneous information network and calculate the PageRank
scores after removing user action edges from the graph. Those minimal sets of user

actions that change PageRank scores are deemed counterfactual explanations. Tran et
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al. [193] identify a minimal set of user actions that updates the parameters of neural
models. Tan et al. [189] modify item aspect scores to observe user preference changes

based on a user-aspect preference matrix.

2.3.4 Counterfactual Explainable Fairness Recommendation

As discussed in Section 2.1.2.2, most fairness-aware recommendation research focuses
on defining fairness measurements [117, 242] and developing feasible approaches [1, 54]
to reduce the fairness disparity of recommendation results. Despite the great efforts,
fairness-aware recommendations mitigate user and item unfairness in a black-box man-
ner but do not explain why the unfairness appears. Understanding the “why” is desirable
for both model transparency [118] and facilitates data curation to remove unfair fac-
tors [222]. This answers the fundamental problem: “what causes unfair recommendation
results?”. Fairness explanation, as an important aspect of fairness research, would
enhance the design of fairness-aware recommendation approaches by tracking unfair
factors for model curation.

However, limited pioneering studies have been conducted to explain fairness. Begley
et al. [8] estimate Shapley values of input features to search which features contribute
more to the model unfairness. Deldjoo et al. [37] uses regression-based explanatory
modeling to investigate the relationship between data characteristics and the fairness of
recommendation models. They define data characteristics as explanatory variables (EVs)
and the recommendation outcome as dependent variables (DVs). Through statistical
significance tests with informed p-values, they determine the EVs that are significant
for recommendation models. However, estimating Shapley values and p-values should
consider all features/characteristics across possible coalitions [118]. This poses a chal-
lenge of exponentially growing search space when the number of features/characteristics
increases. More importantly, these two factual explainable methods only consider the
relative importance of features/characteristics to the model fairness, while their removal
does not guarantee a reduction in the model’s unfairness. This limitation makes the
explanations less reliable regarding their effectiveness in mitigating unfairness.

Counterfactual explainable methods, on the contrary, learn fairness explanations
as the “minimal” change of the input features that guarantee the reduction of unfair-
ness [55, 197]. They provide “what-if” explanations to determine the most vital and
essential (i.e., minimal) factors that change model fairness [197]. Unlike factual explain-
able methods with high complexity, counterfactual explanations have the advantage

of being minimal w.r.t. the generated explanations and are faithful to model fairness
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changes. Unfortunately, there is only one counterfactual explainable method for recom-
mendation fairness. Ge et al. [56] develop a counterfactual explainable fairness model for
recommendation to explain which item aspects influence item exposure fairness. They
perform perturbations on item aspect scores, and then apply perturbed aspect scores on

two pre-defined matrices to observe fairness changes.
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THEORETICAL FOUNDATIONS

This chapter first introduces the structural causal model (SCM) [154], and the con-
founding and colliding structure are identified as the source of biased causal structure.
Then, this chapter introduces the ladder of causation [154] in terms of intervention
and counterfactual, which are two fundamental hierarchies for the estimation of causal
effects. The final section discusses the preliminaries of effective causal approaches for
solving RecSys research questions, i.e., data bias, model accuracy, model explainability,

and model fairness.

3.1 Structural Causal Model

Unlike the potential outcome framework, the structural causal model (SCM) [154]
explicitly represents the causal relationships between variables using a visualized
causal graph. The causal graph is established on the basis of prior knowledge, drawing
on assumptions from domain experts before analyzing the causal effect. For instance,
the prior knowledge that good quality causes purchase behavior is represented as the
directed edge good quality — purchase in the causal graph. Causal graphs are essential
in the SCM framework because they provide a clear representation of the relationships
among variables in a given state of knowledge. They serve as a carrier of conditional
independence relationships, allowing us to confirm whether the criteria for applying

certain causal inference methods are satisfied.
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Definition 3.1.1 (Structural Causal Model). A structural causal model is expressed
as M =V,Z,%,P(Z)) and includes a collection of structural equations % on endogenous
variables 7 and a distribution P(Z) over exogenous variables Z. A structural equation

fu € & for a variable u € 7' is a mapping from u’s parents and exogenous variables of u:
(3.1 u < fu(pau),Zy),Z, ~P(Z)

where pa(u) €7 \u is u’s parents that are the causes of u. Z, € Z is a set of exogenous

variables connected with u.

The causal graph for the structural causal model provides a friendly graphic for

estimating causal effects.

Definition 3.1.2 (Causal Graph). A causal graph is a directed acyclic graph (DAG) G =
({7 ,Z},8) representing causal relations between endogenous and exogenous variables. 7
is a set of endogenous variables of interest, e.g., users and items. Z is a set of exogenous
variables outside the model, for example, item exposure. & is edge set denoting causal
relations among GG. A directed edge x — y denotes that there is a causal relationship

from x to y.

3.1.1 Construct SCM for Recommender System

It is valuable to provide a step-by-step guide for constructing the structural causal model
(SCM) for specific applications in recommendation systems. Consider a commonly studied
item feature-based recommendation scenario, where item features serve as the primary
signals for recommendation. In this setting, there exists a causal relationship between
the observed item features X and the user-item interaction Y, represented as X — Y.
Using this causal relationship X — Y, existing models aim to directly learn a function
that maps X to the space of Y. However, this approach inherently relies on the following

assumptions:

Assumption 3.1.3 (Unconfoundedness). Given a set of observed covariates, the assign-
ment of treatment is independent of the potential outcomes. In other words, there are
no unobserved confounders that simultaneously affect both treatment and outcome,
ensuring that any differences in outcomes between the treated and untreated groups

can be attributed to treatment itself rather than hidden biases.

Assumption 3.1.4 (Stable Unit Treatment Value Assumption (SUTVA)). The potential

outcomes for any unit do not vary with the treatment assigned to others. For each unit,
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there is only one version of treatment level that leads to one potential outcome. Here,

the independence of each unit and well-defined treatment levels are emphasized.

However, in real-world recommendation scenarios, additional item features, denoted
as A, may also influence user-item interactions Y in addition to X, forming the causal
relationship {A,X} — Y. X could directly affect the happening of an interaction in
practice. For instance, videos with short lengths are easier to finish, and news articles
with attractive titles or cover images are easier to click, even though the user does not
like the content actually. These features result in the observed interactions not faithfully
reflecting user preference. In addition, since A and X describe the same item, they are
inevitably affected by some (hidden) factor Z, e.g., item exposure, the intention of the
video creator. When learning recommender models on the interaction data, clearly, the
effect of A and Z will be counted in the model prediction. Based on the above analysis, the
structural causal model for real-world item feature-based recommendation is formulated

as the causal graph in Figure 3.1.

o A: item confounding feature
e 9 X: observed item features
Z: hidden factors, e.g., item exposure
@ Y: interaction

Figure 3.1: Example causal graph for item feature-based recommendation. X — Z —
A — Y is the backdoor path that brings spurious correlations between X and Y.

The next step is to use the backdoor criterion to scrutinize Figure 3.1. Notably,
the feature A opens the backdoor path X — Z — A — Y, bringing some spurious

correlations between X and Y. Formally,

Definition 3.1.5 (Backdoor Path). Given a pair of treatment and outcome variables (¢, y),
we say a path connecting ¢ and y is a back-door path for (¢, y) iff it satisfies that (1) it is
not a directed path, and (2) it is not blocked (it has no collider).

Definition 3.1.6 (Backdoor Criterion). Given a treatment-outcome pair (¢,y), a set of
features x satisfies the back-door criterion of (¢,y) iff conditioning on x can block all
back-door paths of (¢, y).

Clearly, X — Z — A — Y forms a backdoor path as defined in Definition 3.1.5,

where the presence of A introduces confounding bias in model estimation. Given these

29



CHAPTER 3. THEORETICAL FOUNDATIONS

observations, it is essential to design a recommendation model that eliminates the

influence of A by blocking the backdoor path, ensuring unbiased and reliable predictions.

3.1.2 Three Typical Causal Structures

As shown in Figure 3.2, there are three classic structures in causal graphs: chain, fork,

and collider, for each of which we give an example of recommender systems.

(a) Chain (b) Fork (c) Collider

Figure 3.2: Illustration of three typical DAGs.

¢ Chain: In the chain structure, X affects Y via the mediator Z. In the recommenda-
tion scenario, the user features affect the user preferences and the user preferences
affect the user’s click behavior. Thus, the causal relation, user features — preference

— click, forms up the chain structure.

¢ Fork: In the fork structure, Z affects both X and Y. In the recommendation
scenario, the quality of an item can affect the item price and the preferences of

users towards the item, i.e., price — quality — preference.

¢ Collider: In the collider structure, Z is affected by both X and Y. For example,
both user preference and item popularity affect users’ clicks, i.e., preference — click

— popularity.

The next section discusses bias issues related to the three typical causal structures.

3.2 Bias Issues in Causal Structures

To relate causal structures to biases, the foundation is to understand the concept of
dependency-separation (i.e., d-Separation), which is the base for conditional indepen-

dence. The d-separation is a criterion used to determine whether a set X of variables is
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independent of another set Y, given a third set Z. The idea is to associate the “depen-
dence” of variables with the “connectedness” (i.e., a connecting path) within the causal
graph. A path is a sequence of consecutive edges, regardless of their directionality. We
consider the flow of dependency between variables connected by paths such as blocked
when certain conditions are met. In the case of a chain (Figure 3.2 (a)) or a fork (Fig-
ure 3.2 (b)), the path between X and Y will be blocked by conditioning to Z. In a collider
(Figure 3.2 (c)), conditioning on Z introduces a correlation between X and Y. The formal

definition of d-separation or blocking is defined as follows.

Definition 3.2.1 (D-Separation (Block)). A path is said to be d-separated (or blocked)

by conditioning on a set of nodes A if and only if one of the two conditions is satisfied:

1. The path contains a chain X — Z — Y or a fork X — Z — Y such that the middle

node Z isin A;

2. The path contains a collider X — Z — Y such that the middle node Z is not in A

and such that no descendant of Z is in A.

In conclusion, X is d-separated from Y given Z if Z blocks all paths between X and
Y. In other words, d-separation means that you cannot go from X to Y without passing
through a chain or fork whose middle node is in Z or passing through a collider whose
middle node (or any of the descendants of the middle node) is not in Z.

The next sections will introduce two types of bias issues relating to the fork and
collider structure, respectively. Note that the chain structure does not cause bias issues,
as there are propagated causal effects from X, Z to Y, even though X — Y is blocked by
Z. That is, the influence of X on Y is mediated entirely by Z.

3.2.1 Confounding Bias in Fork Structure

Confounding bias can occur in a fork structure (a.k.a., a confounder structure) within a
causal graph, i.e., X — Z — Y. Here, Z is a common cause (confounder) of both X and Y.
This structure can lead to confounding bias when trying to estimate the causal effect of
X on Y. Because Z affects both X and Y, there can be a spurious association between X
and Y. This means that X and Y can appear to be related even though X does not cause

Y. The main definitions of confounder and confounding bias are given below.

Definition 3.2.2 (Confounder (Confounding Variable)). Given a pair of treatment
and outcome variables (x,y), we say a variable z ¢ {x,y} is a confounder (confounding

variable) iff. it is the central node of a fork, and it blocks (d-separate) the path x — y.
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Definition 3.2.3 (Confounding Bias (Confoundness)). Given variables x,y, con-
founding bias (confoundness) exists for causal effect x — y due to the presence of the
confounder z. As a result, the statistical association between x and y is not always the

same as the corresponding interventional distribution, namely P(y | x) # P(y | do(x)).

The interventional distribution P(y | do(x)) will be discussed in the next section.
The following running example in the recommendation scenario is presented to better
understand the confounding bias issue.

Running Example. Consider a movie recommendation scenario, we want to understand

the effect of a user’s viewing history on their likelihood to like a new movie. We have:
¢ X (Treatment): User’s viewing history (e.g., has watched several action movies)
® Y (Outcome): User’s rating of a new movie (e.g., likes the new action movie)
* 7 (Confounder): User’s genre preference (e.g., prefers action movies)

The causal relationships can be represented in a fork structure: X — Z — Y. Here, Z
(user’s genre preference) is a common cause of both X (user’s viewing history) and Y
(user’s rating of a new movie). This means that the user’s genre preference influences
both the types of movies they have watched in the past and their likelihood of liking a new
movie in that genre. When estimating the causal effect of X on Y, without accounting
for the user’s genre preference (Z), we might incorrectly infer that watching many action
movies (X) directly causes the user to rate a new action movie highly (Y). However,
the user’s rating of the new movie (i.e., Y) actually stemmed from the user’s genre
preference Z instead of X. In such a scenario, the issue of confounding bias arises due to

the presence of the confounder Z.

3.2.2 Colliding Bias in Collider Structure

The colliding bias (colliding effect) occurs when two variables that do not directly influ-
ence each other become conditionally dependent when a third variable, their common
effect, is controlled or conditioned on. This effect can be understood through the concept
of user conformity bias [262].

Running Example. Consider a book recommendation scenario, we are interested in

understanding the factors that influence a user’s interest in a new book. We have:

¢ X (User Interests): Represents the genuine preferences of the user for certain books

or content.
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* Y (User Conformity): Represents the tendency of a user to interact with books
because they are popular or recommended by others, not necessarily because of

personal interest.

* 7 (User Interactions): The observed behavior of the user, such as clicks, ratings, or

purchases, which are influenced by both user interests and conformity.

The causal relationships can be represented in a collider structure as X - Z <Y, as
both the interests of the user X and the conformity of the user Y affect the user interac-
tion Z. When we condition on high ratings (user interactions Z), we might mistakenly
infer that users who rate this book highly are also genuinely interested in similar books.
However, their high rating might be purely due to conformity. This is how colliding
bias occurs due to the presence of two common causes of the variable of interest. Some
existing literature formulates such a colliding bias in the book recommendation scenario
as the user conformity bias. Zheng et al. [262] disentangles interest and conformity
representations by training on cause-specific data, improving the robustness of user
representations.

Any fully specified SCM induces a collection of distributions known as the Pearl
Causal Hierarchy (PCH) [154]. The PCH delimits the ladder of causation among three
cognitive layers that are associated with the human activities of “seeing” (layer 1 - asso-
ciation), “doing” (layer 2 - intervention), and “imagining” (layer 3 - counterfactual). Each
of these layers can be represented as a distinct formal language, and they correspond to
queries that help classify various types of causal inferences. The next sections will elabo-
rate on layer 2 - intervention and layer 3 - counterfactual. Note that layer 1 - association
refers to the correlation learning in machine learning models, which is outside the scope

of causal inference.

3.3 Intervention

The intervention aims to answer the cognitive question: “How much would some variables
(features or labels) change if we manipulated the value of another variable?”

The do-calculus do(-), a significant contribution of Pearl’s SCM framework, enables
researchers to perform interventions by controlling the value of a variable purely through
mathematical means rather than physical experiments. For a variable Z, do(Z = z) is
to forcefully and externally assign a certain value to the variable Z. Performing the

do-calculus do(Z = z) removes any edge from Z’s causes to Z, that is, it blocks the effect
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of Z’s causes on Z. For example, if we apply do(Z = z) to the SCM in Figure 3.3 (a), the
SCM can then be transformed into Figure 3.3 (b), which blocks the path X — Z.

do(Z=z)

+

(a) SCM before intervention  (b) SCM after intervention

Figure 3.3: Examples of the intervention and do-calculus.

The distribution of the outcome Y after intervention is called the interventional
distribution, which is expressed as P(Y | do(Z)).

3.4 Counterfactual

Counterfactual learning investigates alternative outcomes to answer the “what-if” ques-
tion: “what would have happened had some of the initial conditions been different?”
Answering the counterfactual question is naturally challenging. For example, consid-
ering the counterfactual learning in the recommendation scenario, we want to know
what the user’s interaction would be if the recommended items had been different. We
should compare the user’s interaction under the two opposite conditions, i.e., the item is
recommended and non-recommended. The non-recommended condition, which is termed
a counterfactual, does not exist in reality and cannot be inferred by do-calculus. For-
tunately, Pearl introduces counterfactual notations: P(Y(T'=1) | T =0,Y =Y (T =0))
indicates the probability of the outcome Y (7T = 1) given that the observed treatment
value is T'= 0, and we have observed Y =Y (T =0) in the data.

In the RecSys domain, there are three wildly used concepts drawn on Pearl’s counter-
factual notions, i.e., counterfactual explanation, counterfactual explainable fairness and

counterfactual estimator.

3.4.1 Counterfactual Explanation

The counterfactual explanation is defined as a minimal perturbation set of the original

sample that, if applied, results in the desired prediction of the sample [7, 141]. Formally,
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Definition 3.4.1 (Counterfactual Explanation). Suppose that a prediction function
fr :R% — % is given. The counterfactual explanation is a minimal perturbation set A on
the original input x € R?. The instance x, FE R? is obtained by applying A on x, and is
termed the counterfactual instance for x. The solution to the counterfactual explanation
A for a given input x is computed through an optimization problem:

(3.2) argmin  L(A) =0 (fr (xcr),y) +C -0 (xcf,x)

xcrER?

where Z(A) is the optimization loss for the counterfactual explanation A. (-) denotes a
suitable loss function, for example, mean squared error [224], comparing the deviation
of the desired prediction y from the counterfactual prediction fr(x.r). 6(-) is a penalty
term for deviations of x. from the original input x, that is, to encourage A as minimal
perturbation. C > 0 denotes the regularization strength. We refer to a counterfactual
explanation A and a counterfactual instance x.; given x and y ~ fr as any solution to

the optimization problem.

3.4.2 Counterfactual Explainable Fairness

Fairness explanation aims to fundamentally understand why a model is unfair, i.e., “what
causes unfair recommendation results?” Counterfactual explainable fairness methods
learn fairness explanations as the “minimal” change of the input features that guarantee
the reduction of unfairness [55, 197]. They provide “what-if” explanations to determine
the most vital and essential (i.e., minimal) factors that change model fairness [197].
Unlike factual explainable methods with high complexity, counterfactual explanations
have the advantage of being minimal w.r.t. the generated explanations and are faithful

to model fairness changes. Formally,

Definition 3.4.2 (Counterfactual Explainable Fairness). Given a recommender
system fg :R?Y — % and a user or item i with attributes A; (where A; includes both
protected attributes a; such as gender, race, etc., and non-protected attributes), coun-
terfactual explainable fairness is defined as a minimal set of attributes A’ € A; that if
applied A;, the fairness disparity of the recommendation result reduced compared with

the original recommendation result.

3.4.3 Counterfactual Estimator

The goal of off-policy learning is to maximize the satisfaction of each user with the system

by a target policy g, given the historical data logged generated by the historical logging
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policy mg. To achieve this goal, we have to address the counterfactual question: “how
much reward would be received if the new target policy mg had been implemented instead
of the original logging policy my?” This counterfactual question is not easy to address,
as the target policy 7y is different from the historical logging policy ¢ in the off-policy
setting [250]. Counterfactual estimator corrects the policy distribution shift caused by

the policy discrepancy through Counterfactual Risk Minimization (CRM) [188]. Formally,

Definition 3.4.3 (Counterfactual Risk Minimization). Counterfactual risk minimiza-
tion (CRM) applies inverse propensity scores (IPS) to the expected cumulative rewards
R(mg) calculated from the target policy mg, so that the distribution shift between mg and

7o is down-weighted.

3.5 Causal Approaches for Recommendation

Research Questions

3.5.1 Data Bias

The data bias is caused by the confoundness in data, following Definition 3.2.3. The
most notable data bias issues in RecSys refer to the exposure bias [72] and popularity
bias [264]. The next sections discuss the reasons why exposure bias and popularity bias

arise and present effective causal inference methods that address the two bias issues.

3.5.1.1 Exposure Bias

The power of a recommender system is highly dependent on whether the observed
user feedback on items “correctly” reflects the user’s preference or not. However, the
observed user feedback suffers from the missing issue that needs to be resolved to achieve
high-quality recommendations [85, 181, 219]. To handle partially observed feedback, a
common assumption for model building is that feedback is missing at random (MAR),
i.e., the probability of a rating being missing is independent of the value. For example,
traditional methods [90] assign a uniform weight to down-weight the missing data,
assuming that each missing entry is equally likely to be negative feedback.

However, the MAR assumption usually does not hold in reality, and the missing
pattern exhibits the phenomenon missing not at random (MNAR). For example, on movie

rating websites, highly rated movies are less likely to be missing compared to movies
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with lower ratings. The prior study [25] offers compelling evidence to show MNAR can

be attributed to exposure bias when dealing with implicit feedback. Formally,

Definition 3.5.1 (Exposure Bias). Exposure bias happens as users are only exposed to
a part of specific items so that unobserved interactions do not always represent negative

preference.

Particularly, the missing pattern of data mainly depends on whether the users are
exposed to the items. This may be attributed to the fact that users are only exposed to
a part of specific items, so unobserved interactions do not always represent negative
preferences. Thus, how to model the missing data mechanism and alleviate the influence
brought by the exposure bias becomes a critical research question.

Propensity Score for Exposure Bias. A Recent emerging method, called the causal
debiasing method, resorted to propensity score in causal inference to tackle the MNAR
issue [120, 171, 221]. The propensity score introduced in causal inference indicates the
probability that a subject is receiving the treatment or action. Exposing a user to an item
in a recommender system is analogous to exposing a subject to a treatment. Accordingly,
the causal debiasing method adopts propensity scores to model the exposure probability
and re-weight the prediction error for each observed rating with the inverse propensity
score (IPS) [5]. The ultimate goal of using the IPS is to calibrate the MNAR feedback
into missing-at-random ones that can be used to guide unbiased rating prediction [130].
Particularly, the propensity score represents the probability of receiving the treatment

given covariates X, and it is formulated as follows,
(3.3) en(X)=P(T=1]|X)

Then, the model uses IPS to assign each sample a weight w based on the propensity

score e(x):

(3.4) LA bl
' w= e(x) l-—e(x)

which represents the inverse likelihood of receiving the observed treatment and control.

There are abundant works that use IPS for causal debiasing. A notable work by Wang
et al. [221] views MNAR as the source of confoundness and addresses the confounder
problem using propensity scores. Their approach involves first constructing an exposure
model to estimate propensity scores. These scores are then used to estimate substitutes
for the unobserved confounders. The final outcome model is a rating model based on

matrix factorization and is trained conditional on these estimates. Schnabel et al. [171]
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compute the propensity from user ratings or indirectly through user and item covariates,
and propose an empirical risk minimization approach to learning the unbiased estimators
from biased rating data. Alternatively, Liang et al. [120] capture the propensity score
using user exposure, i.e., what the user sees. Then, the inverse propensity score is
leveraged to train a click model (i.e., what the user clicks on) via a Bayesian model to
correct exposure bias. These works re-weight the observational click data as though it

came from an “experiment” where users are randomly shown items.

3.5.1.2 Popularity Bias

As discussed in Section 1.2.1, modern recommendation models are largely side-information-
aware. They incorporate diverse side information such as social networks [191], knowl-
edge graphs [204], and heterogeneous information networks [174] into the data source
for training the recommendation models. The side information provides rich context (e.g.,
user and item demographics) to capture complex user behavior patterns, promoting rec-
ommendation accuracy by a large margin. However, the context is unevenly distributed

among auxiliary sources, resulting in popularity bias. Formally,

Definition 3.5.2 (Popularity Bias). Popular items are recommended even more fre-

quently than their popularity would warrant.

For instance, in a Heterogeneous Information Network (HIN), item attributes (e.g.,

brand, type) are not evenly distributed. Some items have popular attributes (e.g., the
brand Nike), attracting more attention from the recommender system. Conversely, items
with less popular attributes receive less attention. This skewed distribution of context
(e.g., attributes) can bias the prediction model towards items with popular attributes,
leading to recommendations based on attribute popularity rather than true user prefer-
ences. As a result, only popular items are recommended, potentially undermining user
satisfaction as users’ actual preferences remain undiscovered.
Disentangle Learning for Popularity Bias. From a causal perspective, users’ actual
preferences stem from their intent to interact with certain items. For instance, in movie
recommendations, users are more likely to watch movies that belong to the action genre.
The movie genre is the user’s intent to interact with those movies, rather than the
popularity of action movies. Therefore, it is crucial to disentangle users’ intent from
complex auxiliary side information to mitigate the influence of popularity bias.

Disentangle learning shows to be an effective solution to disentangling users’ true

intents [142]. It aims to learn disentangled representations (latent factors/embeddings)
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that are k individual chunked representations to reveal k& user intents, where each
chunk reveals a piece of user intent, such as the user’s preference towards items’ brands.
Previous studies have demonstrated that disentangled representations are more robust,
i.e., enhanced generalization ability can be achieved by uncovering latent factors. Ma
et al. [134] propose to differentiate latent factors of learned user and item embeddings
into macro and micro ones. The disentangled macro and micro latent factors are highly
independent by the defined Kullback-Leibler (KL) divergence term; thus, the developed
recommender is less likely to preserve the bias issues of the factors mistakenly. Recent
works use disentangled learning to enhance the accuracy of recommendations. For
instance, NeuACF [75] proposes to disentangle users’ aspect-level latent factors with
the collaborative filtering model to improve the top-N recommendation. DisHAN [223]
learns disentangled user and item aspects based on different meta-path types in a HIN,
these aspect-aware embeddings are then used to guide the top-N recommendation.
Moreover, such disentangled representation is also superior regarding interpretabil-
ity, which can be directly applied to various recommendation tasks that require rich
semantic information. For example, in the transparent advertising task, Adreveal [125]
incorporates massive disentangled user behavior logs into their designed contextual
model and develops an analysis framework for transparent advertising. In the explain-
able recommendation task, TriRank [79] enriches the user-item binary relation to a
user-item-aspect ternary relation by incorporating disentangled items’ aspect embed-
dings and provides the explanation on identifying what aspects of users cared most
about. EFM [258] disentangles users’ opinions about various aspects of products from

the reviews and then uses this disentangled information to generate explanations.

3.5.2 Model Accuracy

This section introduces the causal neural network that uses causal relations to refine the
neural network architecture, and counterfactual policy learning that designs unbiased
model optimization objective for off-policy learning models.

3.5.2.1 Causal Neural Network

According to the neural-causal connection [231] theory, the connection between deep

neural networks and causal models is done by establishing a neural causal model.

Definition 3.5.3 (Neural-Causal Connection). A Neural Causal Model [231] is defined

as /(0) and is parameterized for the structual causal model .# in Definition 3.1.1.
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Each structural equation in .4 is defined as a feedforward neural network in .#(6), e.g.,
Multi-layer perceptron (MLP). Exogenous variables Z are mapped into hidden vectors Z
that follow the Gaussian distribution A4 (0,Ig).

The NCM .4 (0) is expressive [231], such that it generates distributions associated
with the Pearl Causal Hierarchy (PCH) [155], i.e., modeling “observational” (layer 1),

“interventional” (layer 2) and “counterfactual” (layer 3) distributions.

3.5.2.2 Counterfactual Policy Learning

Counterfactual risk minimization(CRM) [188] corrects the discrepancy between the
target policy mg and logging policy g, thus to answer the counterfactual question: “how
much reward would be received if a new target policy my had been deployed instead
of the original logging policy my?” The target policy 7y is optimized to maximize user

satisfaction by the cumulative rewards:

T
Y y'r(ssar)
t=0

(3.5) R(mg) = Esg~p(s).a~mp(alse),ses1~P(slss,ar)

where p(s) is the initial distribution of user states, P(s | s;,a;) € &2 is the state transition
probability. r(s¢,a;) is the reward (for example, clicks or time to watch) for a particular
pair of state-actions s; —a;. y! is the decay factor for a reinforcement learning step t € T.
Following Definition 3.4.3, inverse propensity scores (IPS) are applied to the cumulative
rewards in Equation (3.5) to correct the discrepancy between mg and 7.

However, the IPS estimator suffers from the “propensity overfitting” issue due to the
uncertainty on rare actions [95, 133]; when directly optimizing IPS within a learning
algorithm, the results tend to have a large variance. To reduce variance, we can resort
to a clipped estimator that caps the propensity ratios (that is, importance weight) to a
maximum value [17]. The core idea is to regulate large weights necessarily associated
with actions that are different to the logging policy. The clipped estimator (cIPS) is

represented as,

u—a
mg(as | s}
—»a) > c

1 T
3.6 L = — i
(3.6) aps(7p) T;rtmm{no(at 5"

where c is a constant that serves as the regulator for constraining the importance weight

mo(aslse)
molaslss)

but introduces larger bias. We thus follow Joachims et.al [97] to prevent the additional

to at most ¢, smaller value of constant ¢ reduces variance in the gradient estimate
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bias by adding an empirical variance penalty term A as,

1z g (az | s¥™9)
3.7 L ==Y (r¢— A)min{ ———L—~
( ) CIPS(T’:Q) T tzl(rt t) 1n{ o (at I S?—m,)

where A; regulates the corresponding reward r; at each interaction. By plugging Equa-

tion (3.7) into objective function Equation (3.5), the optimization function becomes:

R(1) = Ex, | ' Liyps(mo)|
u—a

T
Fr(s“™% ap)— A min{—,

Using the learning objective function in Equation (3.8), the recommendation model

(3.8)

7o (ar|sy™) }

can achieve counterfactual policy learning that is free of bias.

3.5.3 Model Explainability and Fairness
3.5.3.1 Counterfactual Explanation

Counterfactual explanations have been considered satisfactory explanations [228] and
elicit causal reasoning in humans [19]. Successful works on the counterfactual explana-
tion for recommendations can be categorized into search-based and optimization-based
approaches. The first category of search-based approaches [98, 236] performs the greedy
search for counterfactual explanations. Kaffes et al. [98] perturb user-item interactions
by deleting items from user interaction queues to generate perturbed user interactions as
counterfactual explanations. Then, a breadth-first search is used to find counterfactual
explanations that achieve the highest normalized length and candidate impotence scores.
Xiong et al. [236] propose constrained feature perturbations on the features of items and
consider the perturbed item features as counterfactual explanations. The second category
of optimization-based approaches [34, 61, 189, 193] optimizes explanation models to
find counterfactual explanations with minimal changes. Ghazimatin et al. [61] perform
random walks over a heterogeneous information network and calculate the PageRank
scores after removing user action edges from the graph. Those minimal sets of user
actions that change PageRank scores are deemed counterfactual explanations. Tran et
al. [193] identify a minimal set of user actions that updates the parameters of neural
models. Tan et al. [189] modify item aspect scores to observe user preference changes
based on a user-aspect preference matrix.

Existing approaches either focus on user action [34, 61, 193] or item aspect explana-
tions [189]. However, item attribute-based counterfactual explanations using real-world

item demographics are unexplored.
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Item Attribute-based Counterfactual Explanations. Item attribute-based counter-
factual explanations could benefit both users’ trust and recommendation performance.
This is because item attribute-based counterfactual explanations are usually more in-
tuitive and persuasive when seeking users’ trust. For example, users prefer to know
detailed information, e.g., which item attribute caused the film “Avatar” not to be recom-
mended anymore? Is it the director of “Avatar™?

This thesis focuses on finding the attribute-based counterfactual explanations, in
which the minimal perturbation set A is defined as a set of item attributes, e.g., genre,
brand. Following Definition 3.4.1, we can define fr as a Top-K recommendation model
that gives the recommendation list @, with length K for a user u, and we say i e  , if

item i is recommended. For a user-item pair (u,i), the aim is to search for a minimal
1

item attributes set A,; = {aui, eLan i}. Each af”. € Ay; is an attribute entity selected from
a collaborative knowledge graph, which contains real-world semantics that describes
the item. With fr and A,;, our optimization goal is to estimate whether applying the
Ay; on the original recommended item i results in replacing the i with a counterfactual
item j. If the optimization goal is met, A,; is termed an attribute-based counterfactual
explanation that flips the recommendation result, and j is the counterfactual item for

the original item i. The above intuition is formalized as the following definition:

Definition 3.5.4 (Item Attribute-based Counterfactual Explanation). Given fr as
the prediction function of a Top-K recommendation model, and the original recommended
item i € @, ~ fr for a user u. An attribute-based counterfactual explanation for (u,i)
is defined as A,;, such that applying the A,; on i results in replacing the i with a
counterfactual item j for user u. Meanwhile, the counterfactual explanation A,; is
minimal such that there is no smaller set A/ . satisfying |A! .| < |A,;| when A/ . also

meets the optimization goal. With the optimized A,;, we can generate the counterfactual

explanation for recommending item i to user u, which takes the following form:

Had a minimal set of attributes [A,;(s)] been different for item i, the recom-

mended item would have been j instead.

3.5.3.2 Counterfactual Explainable Fairness

To date, there is only one counterfactual explainable method for recommendation fairness.
Ge et al. [66] explain which item feature changes the item exposure fairness of the feature-
based recommendation models. They perturb feature scores within pre-defined user-

aspect and item-aspect matrices and feed the perturbed matrices into a recommendation
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model. Those perturbed features that change the fairness disparity are considered
fairness explanations. However, the method proposed by Ge et al. [56] is primarily
designed for feature-based models and is not well-suited for handling discrete attributes

in attribute-aware recommendation models.

Including context-based filtering [174, 176] and knowledge-aware systems [204], mod-
ern recommendation models are largely attribute-aware and rely on explicit attributes
to generate recommendations. Those attributes are user and item demographics, which
are generated through data tagging [68] on discrete attributes, e.g., genre, language, and
location. However, the feature-level optimization in [56] can only deal with continuous
values and cannot be directly applied to discrete attributes. For example, assigning a
continuous value, such as gender=0.19, to the discrete gender attribute is impractical
in constructing explanations and provides no valuable clue to improve the explanation.
Consequently, feature-level optimizations have limited capability in handling discrete

attributes that are frequently encountered in recommendation scenarios.

Attribute-level Counterfactual Fairness Explanations. Unlike previous studies,
this thesis focuses on exploring attribute-level counterfactual explanations for attribute-
aware recommendation models. The question is to answer “what the fairness would
be if a minimal set of attributes had been different?” Driven by recent successes in
Heterogeneous Information Networks (HINs)-enhanced recommendations [88, 174, 176],
this thesis proposes to leverage real-world attributes from a HIN for counterfactual
reasoning when dealing with discrete attributes. In contrast to value-based features,
real-world attributes residing in HINs are represented as discrete nodes, with edges
denoting their connections. By utilizing attributes from HINSs, we can overcome the
limitation of feature-level optimizations to directly measure whether the removal of

specific attributes changes the model’s fairness.

In particular, given user-item interaction Y, user attribute set 777, and item attribute
set 77 extracted from an external Heterogeneous Information Network (HIN) 4. Suppose
that there exists a recommendation model that produces the recommendation result H,, x
for user u. Given all user-item pairs (z,v) in H, g, the goal is to find a minimal attribute
set 7* < {{ey,ev} | ey € My,ey, € 77}). Each attribute in 7* is an attribute entity from HIN
4, e.g., the user’s gender and item’s genre. With a minimal set of 7*, counterfactual
reasoning seeks to answer: What would the fairness disparity be if 7* is applied to
the recommendation model. 7* is recognized as valid counterfactual explanation for
fairness, if after applied 7 *, the fairness disparity of the intervened recommendation

result A(H Zf i) reduced compared with original A(H, k). In addition, 7* is minimal such
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that there is no smaller set 7 * € ¢ satisfying |7/*'| < |7*| when 7* is also valid. Formally,

attribute-level counterfactual fairness explanations are defined as,

Definition 3.5.5 (Attribute-level Counterfactual Fairness Explanations). For
item exposure unfairness in recommendations, given the recommendation result H,, g,
counterfactual explanations at the attribute level aim to find the “minimal” changes in

attributes that reduce the fairness disparity A(H, k) of item exposure.
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CHAPTER

ALLEVIATE DATA BIASES USING CAUSAL INFERENCE

This chapter introduces two research works: DENC model (De-bias Network Confounding
in Recommendation) that mitigates the exposure bias under the missing not at random
(MNAR) phenomenon, and the CaDSI model (Causal Disentanglement for Semantics-
Aware Intent Learning) that mitigates popularity bias under context information-aware

recommendation scenario.

4.1 Exposure Bias Mitigation with Propensity Scores

4.1.1 Overview

Research Question. Exposure bias happens when the observational data exhibits
missing not at random (MNAR) phenomenon. Particularly, exposure bias occurs because
users are free to choose which items to rate, so the observed ratings are not representative
of all ratings. That might be because users are only exposed to a part of specific items, so
unobserved interactions do not always represent negative preference. How to model the
missing data mechanism and debias the rating prediction performance forms the main
research question of this work.

Research Objective. Traditional methods [90] use the uniformity assumption to combat
exposure bias, which entails assigning a uniform weight to missing data by assuming that
each missing entry is equal to negative feedback. This is a strong assumption that limits

the adaptability of models in real-world scenarios. Thus, instead of simply performing
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shallow-level data re-weighting measures, the objective of this research is to develop a
robust and unbiased rating prediction model by approaching the fundamental exposure
bias issue from a novel causal inference perspective. As introduced in Section 3.2.1,
the exposure bias is attributed to the presence of confounders that affect both the
treatment assignments (i.e., exposure) and the outcomes (i.e., rating). Towards this end,
the objective is to analyze the causal effect of confounders on rating and exposure and,
in turn, fundamentally eliminate the exposure bias to predict valid ratings.

Motivations. This research work aims to address the MNAR issue in recommendation
using causal inference, to attain a robust and unbiased rating prediction model. From
a causal perspective, the exposure bias in the recommender system is attributed to
the presence of confounders. As explained in Figure 4.1, confounders are factors (or
variables) that affect both the treatment assignments (exposure) and the outcomes
(rating). For example, friendships (or social network) can influence both users’ choice of
movie watching and their further ratings. Users tend to consume and rate the items that
they like and the items that have been consumed by their friends. So, the motivation
is the social network is indeed a confounding factor that affects which movie the user
is exposed to and how the user rates the movie. The confounding factor results in a
distribution discrepancy between the partially observed ratings and the complete ratings,
as shown in Figure 4.2. Without considering the distribution discrepancy, the rating
model trained on the observed ratings fails to generalize well on the unobserved ratings.
Thus, our idea is to analyze the confounder effect of social networks on rating and

exposure and fundamentally alleviate the MNAR problem to predict valid ratings.

Q %‘ o®
D / .SOClal networ

Confounder

N

Treatment —> Outcome

Observed ratings

Figure 4.1: The causal view for MNAR problem: treatment and outcome are terms in the
theory of causal inference, which denote an action taken (e.g., exposure) and its result
(e.g., rating), respectively. The confounder (e.g., social network) is the common cause of
treatment and outcome.

46



4.1. EXPOSURE BIAS MITIGATION WITH PROPENSITY SCORES

Inference Space D

Exposure

Figure 4.2: The training space of conventional recommendation models is the observed
rating space O, whereas the inference space is the entire exposure space 2. The dis-
crepancy of data distribution between @ and 2 leads to exposure bias in conventional
recommendation models.

The Proposed Approach. We propose an unbiased and robust method called DENC
(De-bias Network Confounding in Recommendation). To sufficiently consider the expo-
sure bias in MNAR, we model the underlying factors (i.e., inherent user-item information
and social network) that can generate observed ratings. In light of this, as shown in
Figure 4.4, we construct a causal graph-based recommendation framework by disentan-
gling three determinants for the ratings, i.e., inherent factors, confounder and exposure.
Each determinant accordingly corresponds to one of three specific components in DENC:
deconfonder model, social network confounder and exposure model, all of which jointly

determine the rating outcome.

Contributions. In summary, the key contributions of this research are as follows:

* Fundamentally different from previous works, DENC is the first method for unbi-
ased rating prediction through disentangling determinants of exposure bias from a

causal view.

* The proposed exposure model is capable of revealing the exposure assignment and
accounting for the confounder factors derived from the social network confounder,

which thus remedies exposure bias in a principled manner.

* We develop a deconfonder model via the balanced representation learning that
embeds inherent factors independent of the exposure, therefore mitigating the

distribution discrepancy between the observed rating and inference space.
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* We conduct extensive experiments to show that our DENC method outperforms
state-of-the-art methods. The generalization ability of our DENC is also validated

by verifying different degrees of confounders.

4.1.2 Causal Graph for Exposure Bias

Exposing a user to an item in recommendation is analogous to exposing a patient to
treatment in a medical study. In both tasks, we have only partial observations of how
much certain users (patients) prefer (benefit from) certain items (treatments). We are
interested in the question “If the user (patient) had exposed (adopted) to other items
(treatments), how much would the user (patient) prefer (benefit from)?”. Following this
principle, we aim to answer such an interventional question in the MNAR scenario.
Prior to that, we first give the notations. We assume that Y € R™*" = [y,;] is the
user-item rating matrix, in which y,; is the rating given by user u to item i. In addition,
for every user-item pair (u,1), we have a binary exposure a,; € {1,0} indicates that the
item i is exposed to user u or not. Let G denote user-user social graph among users
where G; = 1if u;, has a relation to u; and zero otherwise. Let Ng(u) be the set of users

to whom u is directly connected.

7 I Z  Social network information
A Exposure assignment

N l I Inherent factors

A ——N Y Rating

Figure 4.3: The causal graph in the recommendation.

We resort to a causal graph to answer the interventional question. As introduced
in Definition 3.1.2, the causal graph can describe the generation mechanism of recom-
mendation results and guide the design of recommendation methods. In our work, we
investigate social networks as a confounder that is a common cause of item exposure A
and rating Y. In particular, we abstract a structural causal graph, as shown in Figure 4.3,
to explicitly analyze the causal relations in the conventional recommender system. The
causal graph consists of four variables: confounder Z, exposure A, inherent factor I and
rating Y. Every directed edge represents a causal relation between two variables. The

rationality of causal relations in Figure 4.3 can be explained as follows.
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e 7 — A: the social network information of users affects users’ choice of movie. For

example, a user’s social network might affect the movies he is exposed to.

* Z —Y:auser’s social network can affect the user’s preference for items. Similarly,

social networks can affect how much the user likes the movies he watches.

* (Z,A)— Y:observed ratings are generated as results of which items are exposed

to user and the user’s preference for each of those items.

* | —Y:inherent factors I affects the recommendation outcome Y. For example, 1
refers to the inherent factors that are acquired from demographic features of users

and items. For example, user ID and item genre.

As indicated by Figure 4.3, the social network is a confounder variable that affects
both the user’s exposure to items and the user’s rating. To resolve the impact of the
confounder, we propose a novel approach called DENC to disentangle determinants on
rating outcome guided by the causal graph. The overall framework of our DENC is shown
in Figure 4.4 and includes three components: social network confounder, exposure model
and deconfonder model. In the following, we will elaborate on each component and the

debiasing process for rating prediction.

4.1.3 Methodology
4.1.3.1 Social Network Confounder

To control the exposure bias arising from the external social network, we propose a
confounder representation model that quantifies the common biased factors affecting
both the exposure and rating.

Let G present the social relationships among users U, where an edge denotes there
is a friend relationship between users. We resort to node2vec [66] method and learn
network embedding from diverse connectivity provided by the social network. To mine
the deep social structure from G, for every source user u, node2vec generates the
network neighborhoods Ny(u) € G of node u through a sampling strategy to explore its
neighborhoods in a breadth-first sampling as well as a depth-first sampling manner. The
representation Z, for user u can be learned by minimizing the negative likelihood of

preserving network neighborhoods Ng(u):

4.1) L, =— Z logP(Ns(uw)|Z,) = Z log Z exp(Z,-Z,)— Z Zy,"Zy
ueG ueG ve@ u;eNg(u)
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Figure 4.4: Our DENC method consists of social network confounder, exposure model,
deconfonder model and rating model.

The final output Z, € R? explores diverse neighborhoods of each user, which represents

to what extent the exposure for a user is influenced by his friends in G.

4.1.3.2 Exposure Model

Guided by the treatment assignment mechanism, we propose a novel exposure model
that computes the probability of exposure variables specific to the user-item pair. This
model is beneficial to understanding the generation of the MNAR pattern in ratings,
which thus remedies exposure biases in a principled manner. We consider the effect of
the social network confounder for the treatment assignment, i.e., exposure. For example,
the user goes to watch the movie because of his friend’s strong recommendation. Thus, we
propose to mitigate the exposure bias by exploiting the network connectivity information
that indicates to which extent the exposure for a user will be affected by its neighbors.
To begin with, we are interested in the binary exposure a,; that defines whether
the item i is exposed (a,; = 1) or unexposed (a,; = 1) to user u, i.e., a,; = 1. Based on
the informative confounder learned from social network, we propose the notation of

propensity to capture the exposure from the causal inference language.
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Definition 4.1.1 (Propensity). Given an observed rating y,; € rating and confounder
Z, in (4.1), the propensity of the corresponding exposure for user-item pair (u,i) is

defined as,
(4.2) n(ayi; Zy) = Play; = 1lyy; € rating; Z,,)

In view of the foregoing, we model the exposure mechanism by the probability of a,;

being assigned to 0 or 1.

(4.3) P@,)=[[Pau)= [] P@ui=1 [] P(aui=?

u,i (u,i)e0 (u,0)¢0
where @ is an index set for the observed ratings. The case of a,; = 1 can result in
an observed rating or unobserved rating: 1) for the observed rating represented by
yui € rating, we definitely know the item i is exposed, i.e., a,; = 1; 2) an unobserved
rating y,; ¢ rating may represent a negative feedback (i.e., the user is not reluctant to

rating the item) on the exposed item a,; = 1. In light of this, based on (4.2), we have

4.4) P(ay; =1)=P(ay; =1,y,; erating) + P(ay; =1, y,; ¢ rating)
' =n(ay;; Z,)P(yy; € rating) + W,; P(y,; ¢ rating)

where W,; = P(ay; = 1|y,; ¢ rating). The exposure a,; that is unknown follows the

distributions as,
(4.5) P(ayi =?7)= 1-P(a,;=1)

By substituting Eq. (4.4) and Eq. (4.5) for Eq. (4.3), we attain the exposure assignment
for the overall rating data as,
(4.6) Plau)= [] naui;Z,) [] A-Wu)
(u,i)eC (u,i)¢0
Inspired by [151], we assume uniform scheme for W,; when no side information is
available. According to most causal inference methods [154], a widely-adopted parame-
terization for n(a,;;Z,) is a logistic regression network parameterized by © = {W, b},

ie.,
-1
4.7) n(ayi; Z,,0)= [IyErating . [1 + e_(za”i_l)(ZI'WOero)

Based on Eq. (4.7), the overall exposure P(a,;) in Eq. (4.6) can be written as the function

of parameters ® = {Wy, by} and Z,, i.e.,
(4.8) Lo =) —logP(ayi;Zy,0)

u,i
where social network confounder Z, is learned by the pre-trained node2vec algorithm.
Similar to supervised learning, ©® can be optimized through minimization of the negative
log-likelihood.
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4.1.3.3 Deconfounder Model

Traditional recommendation learns the latent factor representations for user and item
by minimizing errors on the observed ratings, e.g., matrix factorization. Due to the
existence of exposure bias, such a learned representation may not necessarily minimize
the errors on the unobserved rating prediction. Inspired by [173], we propose to learn
a balanced representation that is independent of exposure assignment such that it
represents inherent or invariant features in terms of users and items. The invariant
features must also lie in the inference space shown in Figure 4.2, which can be used to
consistently infer unknown ratings using observed ratings. This makes sense in theory:
if the learned representation is hard to distinguish across different exposure settings, it
represents invariant features related to users and items.

According to Figure 4.3, we can define two latent vectors U € R¥ and I € R*< to
represent the inherent factor of a user and a item, respectively. Recall that different
values for W,; in Eq. (4.6) can generate different exposure assignments for the observed
rating data. Following this intuition, we construct two different exposure assignments
a and @ corresponding two settings of W,;. Accordingly, @) and ®4) are defined to in-
clude inherent factors of users and items, i.e., @, = Ui"), e U](‘Z),I(la), ey ,IE“;) € Rkax2M
Dy = Uid),n- ,U](‘f}),l(ld),m ,I;‘/}) € Rka*2M Fjgure 4.3 also indicates that the inherent
factors of user and item would keep unchanged even if the exposure variable is altered
from O to 1, and vice versa. That means U € R*¢ and I € R*¢ should be independent of
the exposure assignment, i.e., U@ 1L U® or I'¥ 11 1@ Accordingly, minimizing the dis-
crepancy between @) and P ensures that the learned factors embeds no information
about the exposure variable and thus reduce exposure bias. The penalty term for such a

discrepancy is defined as,
(4.9) Za = disc(Pg), P(a))

Inspired by [143], we employ Integral Probability Metric (IPM) to estimate the
discrepancy between @) and ®,). IPM4#(:,-) is the (empirical) integral probability
metric defined by the function family 9. Define two probability distributions P = P(®g;))
and Q = P(®,)), the corresponding IPM is denoted as,

[ rar- fd@‘

where % : S — R is a class of real-valued bounded measurable functions. We adopt & as

(4.10) IPM4(P,Q) = sup
feF
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1-Lipschitz functions that lead IPM to the Wasserstein-1 distance, i.e.,
(4.11) Wass(P,Q)=inf )  IIf(v)-vIP(w)dv

Fe7 yecol; (@)
where v is the i-th column of ®4) and the set of push-forward functions that can
transform the representation distribution of the exposed ®4) to that of the unexposed
D). Thus, ||f(v)—v] is a pairwise distance matrix between the exposed and unexposed
user-item pairs. Based on the discrepancy defined in (4.11), we define C(®) = [|f(v) - V||

and reformulate penalty term in (4.9) as,

(4.12) ZLs= inf E - C(D)
d yellP.0) (v,f(V)~y

We adopt the efficient approximation algorithm proposed by [173] to compute the
gradient of (4.12) for training the deconfounder model. In particular, a mini-batch with
[ exposed and / unexposed user-item pairs is sampled from @) and @(,), respectively.
The element of distance matrix C(®) is calculated as C;; = [lcol;(®4)) — col j(D(y))ll. After
computing C(®), we can approximate f and the gradient against the model parameters
1 In conclusion, the learned latent factors generated by the deconfounder model embed
no information about exposure variable. That means all the confounding factors are

retained in social network confounder Z,,.

4.1.3.4 Learning

Rating prediction. Having obtained the final representations U and I by the decon-
founder model, we use an inner product of U "I as the inherent factors to estimate the
rating. As shown in the causal structure in Figure 4.4, another component affecting the
rating prediction is the social network confounder. A simple way to incorporate these
components into recommender systems is through a linear model as follows.
(4.13) Sui= Y U'T+W, Zy,+eyi, €yi~N(0,1)
u,ieC

where W, is a coefficient that describes how much the confounder Z, contributes to the
rating. To define the unbiased loss function for the biased observations y,;, we leverage
the IPS strategy [171] to weight each observation with Propensity. By Definition 4.1.1,
the intuition of the inverse propensity is to down-weight the commonly observed ratings
while up-weighting the rare ones.

1 (Yui = Jui)®
(4.14) Ly = @l u,ize@ p—

IFor a more detailed calculation, refer to Algorithm 2 in the appendix of prior work [173]
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Optimization. To this end, the objective function of our DENC method to predict ratings

could be derived as follows:
(4.15) L=Ly+ ALy + 1, L+ Aqg L + R(Q)

where () represents the trainable parameters and Z(-) is a squared /2 norm regular-
ization term on Q to alleviate the overfitting problem. 1,, 1, and 1; are trade-off
hyper-parameters. To optimize the objective function, we adopt Stochastic Gradient
Descent(SGD) [16] as the optimizer due to its efficiency.

4.1.3.5 Computational Complexity Analysis

DENC consists of three key components: Social Network Confounder, Exposure Model,
and Deconfounder Model. Below, we analyze the time complexity of each component sepa-
rately and then discuss the overall complexity of DENC. The Social Network Confounder
learns network embeddings using node2vec [66], which generates random walk sequences
and applies the Skip-Gram model to learn embeddings. The computational complexity of
generating r random walks of length / per node for a graph with N nodes and E edges is
O(r-1-N). For skip-gram optimization, given a window size w and embedding dimension
d, the time complexity of skip-gram with negative sampling is O(N -d + E -w - d). Thus,
the overall complexity of Social Network Confounder is O(r-/-N+N-d+E -w-d). The
Exposure Model estimates propensity scores to model item exposure probability, in which
a logistic regression with the complexity O(M - K - d) is applied over historical interaction
data. The Deconfounder Model estimates the discrepancy between exposed and unex-
posed items using the Integral Probability Metric (IPM). The time complexity depends
on the specific divergence measure used. Here, we apply Wasserstein Distance, with a
complexity of O(K2logK). The final rating prediction model is implemented via Matrix
Factorization (MF), for a user-item matrix of size M x K with rank r, the complexity is:
OMKr +r?). Summing the individual complexities; thus, the total time complexity of
DENCis:O(r-l-N+N-d+E-w-d+ MKd +K?d + MKr +r3).

4.1.4 Experiments

To more thoroughly understand the nature of MNAR issue and the proposed unbiased

DENC, experiments are conducted to answer the following research questions:

* RQ1. How confounder bias caused by the social network is manifested in real-world

recommendation datasets?
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* RQ2. Does our DENC method achieve the state-of-the-art performance in debiasing

recommendation task?

* RQ3. How does the embedding size of each component (e.g., social network con-
founder and deconfounder model) in our DENC method impact the debiasing

performance?

* RQ4. How do the missing social relations impact the debiasing performance of our
DENC method?

4.1.4.1 Setup

Evaluation Metrics. We adopt two popular metrics including Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE) to evaluate the performance. Since im-
provements in MAE or RMSE have a significant impact on the quality of the Top-K
recommendations [106], we also evaluate our DENC with Precision@K and Recall@K for
the ranking performance?.

Datasets. We conduct experiments on three datasets including one semi-synthetic
dataset and two benchmark datasets Epinions 3 and Ciao [190] *. We maintain all
the user-item interaction records in the original datasets instead of discarding items
that have sparse interactions with users.’ The semi-synthetic dataset is generated by
incorporating the social network into MovieLens® dataset. The statistics of datasets are

summarized in Table 4.1.

Table 4.1: Statistics of datasets.

Epinions Ciao MovieLens-1M

# users 22,164 7,317 6,040
# items 296,277 104,975 3,706

# ratings 922,267 283,319 1000,209
density-R (%) 0.0140 0.0368 4.4683
# relations 355,754 111,781 9,606
density-SR (%) 0.0724 0.2087 0.0263

2We consider items with a rating greater than or equal to 3.5 as relevant

3http://www.cse.msu.edw/ tangjili/trust.html

4http://www.cse.msu.edw/ tangjili/trust.html

5Models can benefit from the preprocessed datasets in which all items interact with at least a certain
amount of users, for such preprocessing will reduce the dataset sparsity.

6https://grouplens.org/datasets/movielens
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Baselines. We compare our DENC against three groups of methods for rating prediction:
(1) Traditional methods, including NRT [113] and PMF [139]. (2) Social network-based
methods, including GraphRec [46], DeepFM+ [70], SocialMF [93], SREE [116] and
SoReg [132]. (3) Propensity-based methods, including CausE [14] and D-WMF [220].
Parameter Settings. We implement all baseline models on a Linux server with Tesla
P100 PCI-E 16GB GPU. Datasets for all models except CausE ” are split as training/test
sets with a proportion of 80/20, and 20% of the training set are validation set. We optimize
all models with Stochastic Gradient Descent(SGD) [16]. For fair comparisons, a grid
search is conducted to choose the optimal parameter settings, e.g., dimension of user/item
latent vector kj/r for matrix factorization-based models and dimension of embedding
vector d for neural network-based models. The embedding size is initialized with the
Xavier and searched in [8,16,32,64,128,256]. The batch size and learning rate are
searched in [32,64,128,512,1024] and [0.0005,0.001,0.005,0.01,0.05,0.1], respectively.
The maximum epoch N1 is set as 2000, an early stopping strategy is performed.
Moreover, we employ three hidden layers for the neural components of NRT, GraphRec
and DeepFM+. Like our DENC method, DeepFM+ uses node2vec to train the social
network embeddings. Hence, the embedding size of its node2vec is set as the same as
in our DENC for a fair comparison. Without specification, unique hyperparameters of
DENC are set as: three coefficients A1,, 1, and 14 are tuned in [0.2,0.4,0.6,0.8,1]. The
dimension of node2vec embedding size k2, and the dimension of inherent factor 2, are
tuned in [8,16,32,64,128,256], and their influences are reported in Section 4.1.4.4.

4.1.4.2 Understanding Social Confounder (RQ1)

We initially conduct an experiment to understand to what extent the confounding bias
caused by social networks is manifested in real-world recommendation datasets. We
claim that social networks, as confounders, biases the interactions between users and
items. We aim to verify two kinds of scenarios: (1) Users in the social network interact
with more items than users outside the social network. (2) The pair of user-neighbors in
the social network has more commonly interacted items than the pair of user-neighbors
outside the social network. Intuitively, an unbiased platform should expect users to
interact with items broadly, which indicates that interactions are likely to be evenly
distributed. Thus, we investigate the social confounder bias by analyzing the statistics of

interactions in these two scenarios in Epinions and Ciao datasets.

"As in CausE, we sample 10% of the training set to build an additional debiased dataset (mandatory
in model training), where items are sampled to be uniformly exposed to users.
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Figure 4.5: Scenario (1): the distribution of x (the number of items interacted by a user).
The smooth probability curves visualize how the number of items is distributed.
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Figure 4.6: Scenario (2): the distribution of x (the number of items commonly interacted
by a user-pair).

For the first scenario, we construct two user sets within or outside the social network,
i.e., g and % \q. Specially, % is constructed by randomly sampling a set of users in
social network GG, and %\ is randomly sampled out of G. The size of %g and %\ is
the same and defined as n. Following the above guidelines, we sample n = 7,000 users
for % and %\q. Figure 4.5 depicts the distributions of the interacted items by users in
% and %\g. The smooth curves are continuous distribution estimates produced by the
kernel density estimation. Apparently, the distribution for %\ ¢ is significantly skewed:
most of the users interact with few items. For example, on Ciao, more than 90% of users
interact with fewer than 40 items. By contrast, most users in the social network tend
to interact with items more frequently. In general, the distribution curve of % is quite
different from %\ g, which reflects that the social network influences the interactions
between users and items. In addition, the degree of bias varies across different datasets:

Epinions is less biased than Ciao.
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Table 4.2: Performance comparison.

Traditional Social network-based Propensity-based
Dataset Metrics || PMF NRT || SocialMF SoReg SREE GraphRec DeepFM+ || CausE D-WMF DENC improv.
Epinions MAE | 0.9505 0.9294 0.8722  0.8851 0.8193  0.7309 0.5782 0.5321 0.3710 0.2684 38.2%
RMSE || 1.2169 1.1934 1.1655 1.1775 1.1247  0.9394 0.6728 0.7352 0.6299 0.5826 8.1%
Ciao MAE | 0.8868 0.8444 0.7614  0.7784 0.7286  0.6972 0.3641 0.4209 0.2808 0.2487 12.9%

RMSE || 1.1501 1.1495 1.0151  1.0167 0.9690  0.9021 0.5886 0.8850 0.5822 0.5592 4.1%
MovieLens-1M || MAE 0.8551 0.8959 0.8674  0.9255 0.8408  0.7727 0.5786 0.4683 0.3751 0.2972  26.2%
A(Z,)=-0.35 || RMSE | 1.0894 1.1603 1.1161 1.1916 1.0748  0.9582 0.6730 0.8920 0.6387 0.5263 21.4%
MovieLens-1M || MAE 0.8086 0.8801 0.8182  0.8599 0.7737  0.7539 0.5281 0.4221 0.3562 0.2883 23.4%
ANZy)=0 RMSE || 1.0034 1.1518 1.0382  1.1005 0.9772  0.9454 0.6477 0.8333 0.6152 0.5560 10.6%
MovieLens-1M || MAE 0.7789 0.7771 0.7969  0.8428 0.7657  0.7423 0.3672 0.4042 0.3151 0.2836 11.1%
ANZ,)=0.35 RMSE || 0.9854 0.9779 1.0115 1.0792 0.9746  0.9344 0.5854 0.8173 0.5962 0.5342 9.6%

For the second scenario, based on %g and % .G, we further analyze the number
of commonly interacted items by the user-pair. Particularly, we randomly sample four
one-hop neighbours for each user in %g to construct user-pairs. Since users in %A g
have no neighbours, for each of them, we randomly select another four users® in 2\ ¢
to construct four user-pairs. Recall that % and %\ g both have 7,000 users, then we
totally have 4 x 7,000 user-pairs for 2\g and %\ g, respectively. Figure 4.6 represents
the distribution of how many items are commonly interacted by the users in each pair.?
Figure 4.6 indicates most user-neighbour pairs in the social network have fewer than
20 items in common. However the user-pairs outside the social network nearly have no
items in common, i.e., less than 1. We can conclude that social networks can encourage
users to share more items with their neighbours, compared with users who are not

connected by any social networks.

4.1.4.3 Performance Comparison (RQ2)

We compare the rating prediction of DENC with nine recommendation baselines on
three datasets including Epinions, Ciao and MovieLens-1M. Table 4.2 demonstrates
the performance comparison, where the confounder A(Z,) in MovieLens-1M is assigned
with three different settings, i.e., -0.35, 0 and 0.35. The improvements and statistical
significance test are performed between DENC and the strongest baselines (highlighted

with underline). Analyzing Table 4.2, we have the following observations.

* Overall, our DENC consistently yields the best performance among all methods

on five datasets. For instance, DENC improves over the best baseline model w.r.t.

8According to the statistics, we discover that 90% of users have at least four one-hop neighbours in
Ciao and Epinions

9For example, {userl,user2,user3,user4} are one-hop neighbours of user5. If the number of commonly
items interacted by userl and user5 is 3, then x = 3 in the x-axis of Figure 4.6 is nonzero.
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MAE/RMSE by 38.2%/8.1%, 12.9%/4.1%, and 26.2%/21.4% on Epinions, Ciao
and MovieLens-1M (A(Z,)=-0.35) datasets, respectively. We can conclude that the
improvements of our DENC are statistically significant with all p < 0.01. These re-
sults indicate the effectiveness of DENC on the task of rating prediction, which has
adopted a principled causal inference way to leverage both the inherent factors and

auxiliary social network information for improving recommendation performance.

e Among the three kinds of baselines, propensity-based methods serves as the
strongest baselines in most cases. This justifies the effectiveness of exploring
the missing pattern in rating data by estimating the propensity score, which offers
better guidelines to identify the unobserved confounder effect from ratings. How-
ever, propensity-based methods perform worse than our DENC, as they ignore the
social network information. It is reasonable that exploiting the social network is
useful to alleviate the confounder bias to rating outcome. The importance of social
networks can be further verified by the fact that most of the social network-based

methods consistently outperform PMF on all datasets.

¢ All baseline methods perform better on Ciao than on Epinions, because Epinions
is significantly sparser than Ciao with 0.0140% and 0.0368% density of ratings.
Besides this, DENC still achieves satisfying performance on Epinions and its
performance is competitive with the counterparts on Ciao. This demonstrates
that its exposure model of DENC has an outstanding capability of identifying the
missing pattern in rating prediction, in which biased user-item pairs in Epinions
can be captured and then alleviated. In addition, the performance of DENC on
three Movielens-1M datasets is stable w.r.t. different levels of confounder bias,
which verifies the robust debiasing capability of DENC.

4.1.44 Ablation Study (RQ3)

In this section, we conduct experiments to evaluate the parameter sensitivity of our
DENC method. We have five important hyperparameters: k, and k4 that correspond
to the embedding size in loss function %, and %;, respectively; 1,, A, and 14 that
correspond to the trade-off parameters for £,, £, and %, respectively. Based on the
hyperparameter setup, we vary the value of one hyperparameter while keeping the
others unchanged.

Figure 4.7 lays out the performance of DENC with different embedding sizes. For

both datasets, the performance of our DENC is stable under different hyperparameters
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(a) MAE on Ciao.

(¢) MAE on Epinions. (d) RMSE on Epinions.

Figure 4.7: Our DENC: Parameter sensitivity of 2, and k4 against (a) MAE (b) RMSE
on Ciao and Epinions dataset.
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Figure 4.8: Our DENC’s sensitivity to A4, A, and A5 on Epinions dataset.
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ko, and k4. The performance of DENC increases while the embedding size increase
from approximately 0-15 for k4; afterwards, its performance decreases. It is clear that
when the embedding size is set to approximately 2,=45 and k;=15, our DENC method
achieves the optimal performance. Our DENC is less sensitive to the change of 2, than
kg, since MAE/RMSE values change with a obvious concave curve along £4;=0 to 50 in
Figure 4.7, while MAE/RMSE values only change gently with a downward trend along
ko,=0 to 50. It is reasonable since k4 controls the embedding size of disentangled user-
item representation attained by the deconfounder model, i.e., the inherent factors, while
social network embedding size %, serves as the controller for auxiliary social information,
the former can influence the essential user-item interaction while the latter affects the

auxiliary information.

Sensitivity to Trade-off Parameter. As defined in objective function (4.15), the three
most important trade-off parameters A,, 1, and A4 balance the contributions of exposure
model loss, confounder loss and discrepancy loss, respectively. We evaluate our DENC’s
sensitivity to these three parameters on Epinions dataset. As shown in Figure 4.8,
the values of trade-off parameters are chosen from [0,0.2,0.4,0.6,0.8,1]. Figure 4.8 (a)
and (b) present the performance of our model in terms of MAE and RMSE, which are
generated by fixing the discrepancy loss weight 1; and varying the trade-off between
the other two parameters. Apparently, our performance is significantly improved com-
pared with the model without 1, and A,, i.e., the errors are reduced. Also, the overall
performance on different combinations of hyperparameters of 1, and A, is stable over
a large parameter range, which confirms the effectiveness and robustness of debiasing
in DENC approach. This conclusion is consistent with our model evaluation results.
Figure 4.8 (c) indicates that adding the discrepancy loss to account for the exposure bias
can improve the performance in terms of MAE and RMSE compared with only having
the estimation of confounder and exposure assignment. This is the main reason why our
method performs well when debiasing rating, but propensity-based method with logistic

regression predicting the exposure assignment cannot accurately estimate rating.

Convergence Analysis. In Figure 4.9, we plot the convergence of objective loss (4.15)
on the training set of Epinions and Ciao. One can see that the overall loss decreases as
the epoch increases on both datasets. Note that the rates of convergences are different in
different dataset. For example, the red curve starts to decrease significantly at epoch 10
and converges at epoch 40. While the green curve first converges a bit more slowly and

then become stable at around epoch 40.
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Figure 4.9: Our DENC’s loss convergence curves on Epinions and Ciao datasets.

4.1.4.5 Case Study (RQ4)

We first investigate how the missing social relations affect the performance of DENC. We
randomly mask a percentage of social relations to simulate the missing connections in
social networks. For Epinions, Ciao and MovieLens dataset, we fix the social network
confounder as A(Z,) = 0. Meanwhile, we exploit different percentages of missing social re-
lations including {20%, 50%, 80%}. Note that we do not consider the missing percentage of
100%, i.e., the social network information is completely unobserved. Considering that the
social network is viewed as a proxy variable of the confounder, the social network should
provide partially known information. Following this guideline, we firstly investigate how
the debias capability of our DENC method varies under the different missing percentages.
Secondly, we also report the ranking performance of DENC (percentages of missing social
relations is set to 0%) under Precision@K and Recall@K with K = {10,15,20,25,30, 35,40}
to evaluate our model thoroughly.

Figure 4.10 illustrates our debias performance w.r.t. different missing percentages of
social relations on three datasets. As shown in Figure 4.10, the missing social relations
can obviously degrade the debias performance of DENC method. The performance evalu-
ated by four metrics in Figure 4.10 consistently degrades when the missing percentage
increases from 0% to 80%, which is consistent with the common observation. This indi-

cates that the underlying social network can play a significant role in a recommendation,
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Figure 4.10: Our DENC: debias performance w.r.t. different missing percentages of social

relation.

because it can capture the preference correlations between users and their neighbours.
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Figure 4.11: Performance of DENC in terms of Precision@K and RecallG@K under

difference K

Based on the evaluation on Precision@K and Recall@K, Figure 4.11 shows that
DENC achieves stable performance on Top-K recommendation when K (i.e., the length
of ranking list) varies from 10 to 40. Our DENC can recommend more relevant items

within top K positions when the ranking list length increases.
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4.1.5 Summary

In this research, we have investigated the missing not at random problem in the rec-
ommendation and addressed the confounding bias from a causal perspective. Instead
of merely relying on inherent information to account for selection bias, we developed
a novel social network embedding-based de-bias recommender for unbiased rating,
through correcting the confounder effect arising from social networks. We evaluate our
DENC method on two real-world and one semi-synthetic recommendation datasets,
with extensive experiments demonstrating the superiority of DENC in comparison to

state-of-the-art models.

4.2 Popularity Bias Mitigation with Disentangle

Learning

4.2.1 Overview

Research Question. Early recommendation models mainly adopt collaborative filtering
(CF) methods [108] to model user preferences based on historical user-item interac-
tions (e.g., ratings, clicks). However, such user-item interaction usually exhibits bias
that is entangled with users’ real interests, ultimately degrading the recommendation
performance. For instance, in movie recommendations, users are more likely to watch
movies that are watched by many people, which is, however, due to users’ conformity to
other people rather than stemming from users’ real interests [203, 262]. Therefore, it is
essential to capture users’ pure interests independent of the bias to build high-quality
recommender models. To this end, this research aims to disentangle users’ true interests
(i.e., user intents) under the data in order to mitigate the potential bias issues.

Research Objective. By analyzing existing works on disentangle learning in Sec-
tion 3.5.1.2, we can find there are two limitations in these works: Firstly, most of them
merely focus on user-item interactions, which, however, suffer sparse issues [80] that
lead to the difficulty of learning effective user/item representations. Moreover, existing
disentangled learning methods merely treat one user-item interaction record as an
independent instance and neglect its rich context information. We claim that the rich
context information in the form of heterogeneous information can help to disentangle
and interpret semantic-aware intents of users for robust recommendations. For instance,

higher-order path structure like a meta path User-Movie-Actor-Movie-User encodes the
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semantics interpretation of “movies starring the same actor are highly likely to be rated
by users”. Without considering rich context information, disentangled learning fails to
offer fine-grained interpretability of item attributes (e.g., actor) for recommendation.
Therefore, the research objective of this work is to enhance user intent disentangle
learning through the augmentation of heterogeneous information.

Motivations. Enhancing user intent disentangle learning with heterogeneous informa-
tion is not trivial. The heterogeneous information is complicated and consists of various
types of data (e.g., user/item aspects), which is usually grouped by its attributes (e.g.,
gender, actor). These aspect groups are frequently presented with skewed distributions
that cause popularity bias in modeling the user preference and prediction score. The
skewed distribution is attributed to missing values of aspects, i.e., the number of non-
missing aspects is not evenly distributed in the observational dataset. An empirical study
conducted on Douban Movie dataset can validate this claim by Figure 4.12: unobserved
Director aspect accounts for 19.7% of items compared to Actor accounting for 7.6%. That
is, the skewed distribution of aspects can easily bias the prediction model towards the
majority group, even though their items have the same matching level (see example in
Figure 4.12). Thus, the motivation of this work is to use the power of heterogeneous infor-
mation in user intent disentangle learning, at the same time, alleviating the popularity

bias bought by these heterogeneous information.

Attribute missing pct. of different

aspects
1 19.7%

3

Q

oD

£

8 "

£ 7.6%

& 0.14%

>

© = %
g <] 2 Harry Potter Racing with the Moon
s & £ Director: Steve Kloves Director: Steve Kloves
=

Type: Romantic
Actor: Sean Penn

Figure 4.12: An example of bias: movie Harry Potter (HP) contains only one aspect
Director, however, Actor and Type are missing. The high rating of the user on movie
Harry Potter trains a prediction model towards the user’s preference on the director
Steve Kloves. In contrast, we observed that movie Racing with the Moon (RWM) with the
same director received very low ratings from the same user.
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The Proposed Approach. We propose to tackle the challenge from a novel causal
perspective, to develop an unbiased and interpretable disentangled approach on het-
erogeneous information, namely, CaDSI (Causal Disentanglement for Semantics-Aware
Intent Learning). To make users’ intents semantic-aware, we propose a pre-trained
model as the first stage to leverage multiple item facets of heterogeneous information.
As a second stage, besides considering items directly interacted by the user, the higher-
order interacted items via meta paths are exploited to disentangle user intents in a
robust manner. Finally, the pre-trained model, together with the disentangled learning,
is subsequently fine-tuned by the causal intervention. Thanks to the development of
causal inference, the final module is designed to adopt a causal intervention mechanism
to eliminate the bias introduced by heterogeneous information. With these stages, our
method can guide the unbiased and semantic-aware representations disentangling user
intents for the robust recommendation.

Contributions. The key contributions of this work are fourfold:

¢ Fundamentally different from previous works, CaDSI is the first method that can
disentangle the unbiased user intents from a causal perspective, in the meanwhile
endow each user intent with specific semantics under the disentanglement learning
task.

* We design a novel causal graph for the qualitative analysis of causal relationships
in recommendations, based on which a pre-trained model is developed. With het-
erogeneous information, the pre-trained model can semantically account for the

item aspects influence towards the user intent.

¢ To eliminate popularity bias stemming from heterogeneous information, we perform
the causal intervention on user representations and refine the pre-trained model

for unbiased user intent learning.

* We conduct extensive experiments to show that our CaDSI method outperforms
state-of-the-art methods. The interpretability of our CaDSI is also validated by our

empirical study.

4.2.2 Causal Graph for Popularity Bias

We consider the causal graph [154], as introduced in Definition 3.1.2, to reveal the true
causal relations in recommendations. The basic idea of our proposed approach is to

disentangle and interpret users’ intent based on heterogeneous information. From a
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Figure 4.13: Causal disentanglement model for recommendation. We apply a backdoor
adjustment to remove the effect of confounder C for U, as indicated by the red cross.

causal perspective, Figure 4.13 (a) demonstrates the illustrative causal graph that offers

an interpretable representation for a disentangled recommender system, which consists
of four variables including {U,C,E,Y}.

C as a confounder is the item aspects (e.g., actor) acquired from HINs. The repre-
sentation of C can be learned by a pre-trained model from an HIN, which retains

semantic information on item aspects.

U denotes the user representation which essentially reveals k& user intents. U
is presented in the form of 2 chunked intent representation, where each chunk
reveals a piece of user intent, such as the user’s preference towards the items’
brand.

I is the item representation and each I denotes the embedding of one item attribute

(e.g. actor).

E is the semantic-aware intent representation generated by the context information
from C and the user representation U. E retains the information about the user’s

intent towards different item aspects.

Y €10,1] is the recommendation probability of the user-item pair.

The directed edge represents the causal relation between two variables; in particular,

the rationality of causal relations can be explained as follows.

C — U: The prior knowledge C of item aspects affects user representation U, which
is reflected by the fact that users prefer items that have particular attributes (e.g.,

actor).
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* (C,U)— E:Item context C and user representation U consist of the semantic-aware

user intent representation.
e [ —Y :Item representation by I affects the recommendation probability Y.

e U —Y :User’s preference represented by U affects the recommendation probability
Y.

* U — E —Y: The recommendation probability of the item could be high if the user
shows interest in the context of the item, e.g., the item type rather than the item.
For example, items whose type is “Lipstick” are more likely to be purchased by the

user u whose gender is female.

4.2.2.1 Adjusting Confounding Bias via Intervention

From this causal graph, the semantic knowledge C is a confounder between user rep-
resentation U and recommendation outcome Y, since C is the common cause of U and
Y by definitions in causal theory. The presence of confounder C leads to the spurious
correlation between U and Y if we ignore to account its causal effect into modeling, which
is equal to the estimation of P(Y | U). In semantic knowledge-aware recommendation, the
confounder C (i.e., semantic knowledge) makes P(Y | U) biased towards items that have
dominant item aspects. For example, as illustrated in Figure 4.12, we expect that the
rating prediction of RWM is caused by both of the three item attributes, but not only the
dominant director, which has a majority attribute popularity (i.e., the majority group).
In the language of causal inference, the correlation P(Y | U) fails to capture the true
causality between U and Y since the prediction of Y conditions not only U, but also the
spurious correlations of (1) C — U — Y, i.e., prior knowledge C determines the prediction
likelihood through user representation U. For example, undesirable and low-quality
items in specific aspect groups will not attract users’ intent. (2) C — E — Y. i.e., the
semantic-ware user intent representation E derived from C affects the prediction Y.
Once users’ future interest in item aspect groups changes (i.e., user interest drift), the
recommendations will be biased.

To pursue the true causality between U and Y, we should propose a causal inter-
vention method P(Y | do(U)) to remove the confounding bias from C. The do(-) opera-
tion [154] is to forcibly and externally assign a certain value to the variable U, which
can be intuitively seen as removing the edge C — U and blocking the effect of C on U (as
shown in Figure 4.13 (b)). As a result, the prediction likelihood can be independent of its

causes so as to generate robust recommendations that are free from confounding bias.
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Table 4.3: Key notations and descriptions.

Notation | Description

4 Heterogeneous Information Network (HIN)

v node set of HIN

4 node type set of HIN

P meta paths set of HIN

P a meta path in &

y e R™™ | user item interaction matrix

Vui predicted interaction likelihood of user u on item i
Ccu semantic-aware embedding for user u

c; semantic-aware embedding for item i

Ca context embedding for aspect a

k user intent number

l iteration number of graph disentangling module
L L-th layer of graph disentangling module
Se(u,1) intent score of ¥ and i on intent £

u" intent-aware embedding for u

il intent-aware embedding for item i

4.2.3 Methodology
4.2.3.1 Notions and Problem Definition

We formulate our task as disentangling and interpreting users’ intent based on the
Heterogeneous Information Network (HIN). The important concepts of HIN and the

formal definition of our problem are given as follows.

Definition 4.2.1 (Heterogeneous Information Network). A Heterogeneous Infor-
mation Network (HIN) is denoted as ¢ = (7,&) with a node type mapping function:
¢:7V — o and an edge type mapping function: ¢ : & — X, where &/ and Z are the
node type set and edge type set of ¢, respectively. Each node v €7 and edge e€ & in a
HIN belongs to one particular type with ¢(v) € of and y(e) € Z, where ||+ |Z| > 2 (i.e.,
heterogeneity).

Definition 4.2.2 (Meta Path). Meta path p is a path defined on the network schema
Ty = (o ,#), and is denoted in the form of

R Ry R
A 1 2 !
p=(h— o= ...~ Aps1)

which defines a composite Z = Z1%2... %, between type «f1 and <, 1. For simplicity, we

use node type names to denote the meta path if no multiple relations exist between type
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pairs, as p = (H1.94s...4,+1). Commonly, a HIN contains multiple meta paths, the meta
path set is defined as &2 where each p € &2.

Based on these important concepts, we collect the key notations in Table 4.3 and

formulate the problem to be solved as follows.

Definition 4.2.3 (Problem Definition). Given user and item sets, we define an interac-
tion matrix y € R™*" where entry y,; = 1 indicates a user u in user set interacts with
an item i in item set, otherwise y,; = 0. We also have additional contextual information
about users and items, e.g., social relationships between users or item brands and cate-
gories, absorbing in ¢ of Definition 4.2.1. Thus, we aim to learn the prediction function
P parameterized by O, such that y,; = P(u,ily,¥;0), where ¥,; denotes the probability

that user u will engage with item i conditional on the given y and ¥.

We now introduce our proposed model, which includes Causal Disentanglement Model

and Causal Intervention as shown in Figure 4.14.

Interactions Pre-trained Model for Context Information
Semantics O—i® m Causal Intervention
f % Cu
:u, J gr, >
Director: Steve Kloves C[m o
Type: Romantic z re u- 9.
Actor: Sean Penn iy o
user <
14 .
“‘\ \
U\ i/ / / /
0 . AMA TMT
A} Ca; Ca Ca; » Ca\p
; \ ) Mata-paths ol s ! »%1\\»
a
an wyiydyiqup(UMDMU) > Cay
T
ug / iotyi: UMTMU) i i v
Q / D) K Dlsentfxnglement Learning for User Intent P(Y|d0(u“ = 0)) P(Y|d0(u" A uuofai))
.“‘ ayiyaz(AMA) N - > ® x
' tyigty(TMT) : .
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Gui(do(u" = 0)) Gui(do(u" = 1))
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Figure 4.14: Overview of the proposed CaDSI. CaDSI takes HIN as the input, and passes
the causal disentanglement model for learning semantic-aware intent representations
(cf Section 4.2.3.4); then uses the causal intervention (cf Section 4.2.3.5) for controlling
the confounding bias.

4.2.3.2 Pre-trained Model for Learning Context Information

The pre-trained model for learning context representation C is a key component in
the causal disentanglement model, which aims to leverage a given HIN to construct

semantic-aware representations for users, items and aspects directly. Specifically, given a
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HIN ¢ = (7,&) and its corresponding meta paths set &2, we aim to learn semantic-aware
representations (a.k.a., embedding) ¢, for each user node u € 7, ¢; for each item node
i €V and e, for a specific type of aspect a (e.g., Actor).

A Heterogeneous Skip-Gram with Meta Path Based Random Walks is designed to
output a set of multinomial distributions, while each distribution corresponds to one type
of node (i.e., User, Item and Aspect type); The Meta Path Based Random Walks is used
to generate node sequences that capture complex semantics under a given HIN, while
Heterogeneous Skip-Gram takes the generated node sequences as inputs and catches
heterogeneous neighbors of a node to output the semantic-aware representations. Finally,
the semantic-aware representations for users, items and aspects are given by aggregating
every node representation under different meta paths by an Embedding Fusion.

Meta Path Based Random Walks. The Meta Path Based Random Walks [41] generates
node sequences that can capture both the semantic and structural correlations between
different types of nodes. The basic idea is to put random walkers [66] in a HIN to generate
paths that constitute multiple types of nodes. Specifically, given ¢ = (V,8,<4,Z,p,v),
the node sequence ny, = {v1,---,v;41} under a specific meta path p = (of1.90...97,,1) is

generated according to the following distribution:

L or )] (vi,vi+1) €& and P(v;+1) = Hp+1

(4.16) P;+1lv;,p)=
0, otherwise

where e/%(i‘%“) is the first-order neighbor set for node v; whose type is «/,.1. The v;,1 is
the i + 1-th node whose type is </,,1, and v; is the i-th node in the walk which belongs
to type «,. By regulating v; € of, while v;,1 € o,,1, the node types sampled by random
walkers are conditioned on the pre-defined meta path p.

Following the pre-defined meta paths in Table 4.5, by performing the Meta Path
Based Random Walks on each meta path p € 22, we can obtain node sequences set for
all meta paths asn? ={ny, - ,n g }. As we care about semantic-aware embeddings for
users, items and aspects, we select meta paths starting with user, item or Aspect type and
reorganize its corresponding node sequences into user type-specific set n(U) as n(U) =
{ny,---,n,}, item type-specific set n(I) as n(I) = {ny, - ,n,} and aspect type-specific set
n(A)={ni,---,n}. We then use Heterogeneous Skip-Gram to generate semantic-aware
embeddings of node sequences in n(U), n(I) and n(A).

Heterogeneous Skip-Gram. Given n(U), n(I) and n(A) generated from Eq. (4.16),

we aim to leverage Heterogeneous Skip-Gram [41] to learn semantic-aware user rep-
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resentation ¢, for sequence n, in n(U). Analogously, ¢; is the semantic-aware item
representation for sequence n; in n(I) while aspect representation ¢, is learned for
sequence n, in n(A). Specifically, a Heterogeneous Skip-Gram is designed to learn node
representations by aggregating node neighbors in node sequences [41]. Given each user
node sequence n, in n(U), the Heterogeneous Skip-Gram model learns the semantic-
aware embedding ¢, of n, by maximizing the probability of having the heterogeneous

neighbors .4, given a node u:

w
4.17) &y = Z Z Z ((T (cuTcuc) H a(cuTcw);G)
uey JVMi dieod w=1

UcENy

where ,/foi denotes u’s neighbors whose type is «/; and u. is one node in the neighbors
set A,. The ¢, and ¢, are latent vectors that correspond to the target node and context
node representations of u and u., and o(x) = 1/1 + exp(—x). The W is a parameter that
determines the number of negative examples to be drawn per a positive example. The
¢, is the sampled node’s representation within W negative samples and 0 is the model
parameters of Heterogeneous Skip-Gram. Finally, e, for each node sequence n, in
n(U) are estimated by applying gradient descent algorithms. Analogously, we can build

semantic-aware item representation ¢; and the aspect representation ¢,.

Embedding Fusion. Since we have multiple node sequences in n(U), n(I) and n(A), we
should perform embedding fusion to aggregate every representations ¢, ¢; and ¢, of
sequences in n(U), n(I) and n(A) into an uniform manner. The reason why we fuse the
individual embedding of each node sequence is straightforward. Firstly, in a recommender
system, the optimization goal is to learn effective representations for users and items.
Hence, it requires a principled fusion way to transform node embeddings w.r.t. different
meta paths relating user type or item type into a suitable form for later recommendation
tasks. Secondly, the context information across meta paths starting with an aspect type
should be further arranged into an uniform embedding space, representing one piece of
semantic factors. The embedding fusion is implemented as a liner combination function

defined as follows:
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) ;
e T o) JZI (Ml +0)
1 le; (D] ;
(4.18) Tl J; (M-c!+0)

1 leg(

e @) le [M-ez+5)

where ¢,(U) is the user node representation set that absorbs the node representations
of user u and ¢,(U) = {c},---,e™}. Correspondingly, the item and aspect node repre-
sentation sets ¢;([) = {c},--- ,c;‘} and ¢,(A) = {cé,--- ,c’;} are established for item i and
aspect a. M is a linear combination transformation matrix [226] and b is the error term.
Through Eq. (4.18), ¢4, ¢; and e, can be learned as final semantic-aware representations

for a user u and an item i and context representation for aspect a, respectively.

4.2.3.3 Disentanglement Learning for User Intent

Inspired by recent achievements on GNNs [10, 80, 205], we propose a GNN-based disen-
tangling module to learn user representations that can essentially reveal & user intents.
Specifically, the L-layer disentangling module exploits the high-order connectivities
among the user-item interaction graph and initializes intent-ware embeddings by sepa-
rating each user/item embedding into £ chunks. Then, an interactive update rule that
computes the importance scores of intent-aware user-item interactions is designed to
refine intent-aware embeddings, so as to disentangle the holistic interaction graph into
k intent-ware sub-graphs. Thereafter, each intent-aware embedding chunk are stacked
by embedding propagation in the current layer, serving as the holistic intent-aware
embedding u* and i’ for user u and item i, where each intent-aware embedding u* and

i’ is composed of £ independent chunks:

(4.19) w' =[ul, - ufl, it =l i

Each chunked representation u}’ € R% and iZ € R¥is built upon the intent-aware
interactions between user u and its preferred items under intent ;. We ultimately sum
up intent-aware representations at each intent % of all L layers, the final layer outputs

the k-th chunked intent-aware representations u;’ and i Z:
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(4.20) uf =ulD)+-+ull), i =i+ +il L)

The detailed operations are given as follows.
Initialization. As ID embedding captures the intrinsic characteristics of users, we
separate the ID embedding x of user u into £ chunks and associate each chunk with a

latent intent. Then the x serves as the initialization of " in Eq. (4.19):

(4.21) x=[x1,%9, " ,X]

Thereafter, we initialize the importance score S;(u,1). The S;(u,i) is the importance

score of the interaction between u and i concerning the k-th intent. Such S;(u,i) can be
seen as the indicator of whether u should interact with i under a specific intent k. Thus,
by learn Sj(u,1) for aspect & € {1,--- ,k}, we can construct an intent-aware sub-graph for
intent £. Such that the embedding propagation can output intent-aware representations
at intent k& for all users based on the corresponding intent-aware sub-graph. We uniformly
initialize importance score Sy (u,i) as Sp(u,1) = % which presumes the equal contributions
of intents at the start of modeling.
Iterative Update Rule. An iterative update rule is then designed to update the im-
portance score Sp(u,i) within I iterations, so as to disentangle intent sub-graphs to
refine each intent-aware embedding chunk x; in Eq. (4.21). Note that x; € x in Eq. (4.21)
serves as the initialized representation chunk of uZ € u" in Eq. (4.19) and is used to
memorize the updated value during iteration. The final x}, is assigned to each u} as the
final intent-aware representation chunk of user u.

In particular, we set I iterations in the interactive update. At each iteration, for the
target interaction (u,i), we firstly normalize the score vector S, (u,i) | Vk €{1,---,k}} over

all intents into Sy, via a softmax function:

exp (St (u,1))
Yk, _ exp (Sfe/(u, i))

(4.22) St(u,i)=

which is capable of illustrating which intent should get more attention in the user-item
interaction (u,1).

We then learn the representation x;, of the intent-aware graph whose adjacency
matrix is S;, via embedding propagation. The weighted sum aggregator of the embedding

propagation is defined as:
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St (u,i) .
(4.23) ol =) u il

ieAu /D (u)-DL(i)

is u}’s temporary representation that memorizes information acquired from

l
k

N, at the I-th iteration. The Dé(u) =Y ien, Sfe (u,i’) and D}le(i) =Y ueH S,le (v/,1) are the

degrees of user v and item i, respectively.

where x

Then we interactively update intent-aware graphs. Intuitively, historical items of
users driven by the same intent tend to have similar chunked representations. This goal
can be achieved by encouraging users and items among the same intent sub-graph to
have stronger relationships. We hence iteratively update the interaction importance
score S,lg(u, i) to strengthen the degree between the centroid u and its neighbor i under

intent £, as follows:

(4.24) S, ) = S(u, ) + &% tanh i}

where xg tanh(ié) considers the affinity between x,le and i;;,/, and tanh is a nonlinear
activation function that increases the representation ability of model.

After I iterations, u¥*(1) = x!(1) for user u is obtained in the first layer, where each
chuncked representation u;/(1) = x,le(l) denotes the chunked embedding of u“(1) on the
intent & corresponds to the 2-th dimension of Eq. (4.19).

Layer Combination. To explore high-order connectivities between users and items, we

recursively formulate the representation of L-th layer as:

(4.25) ui(L) =g (v (L-1, il -Dlies})

where u’,:(L) and iZ(L) are the representations of user u and item i on the k-th intent
at layer L. The xé(L —1) is the chunked embedding of k-th intent at L — 1-th layer of
u; (L —1). Note that g(-) is a fully connection layer memorizes the information propagated
from the (L — 1)-order neighbors of w«.

Finally, after L layers, we sum up intent-aware representations at different layers
as the final representation of the k-th chunk of Eq. (4.19), as u; = u;(1)+---+u; (L),
where u; donates the intent-aware representation for user u at intent k. Analogously,
we can establish the final intent-aware embedding chunk i;g following the definition in
Eq. (4.20).
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4.2.3.4 Semantic-aware Intent Learning

Having obtained the intent-aware embeddings u¥, i’ from Disentanglement learning for
User Intent, our method takes semantics factors ¢, and ¢; from Pre-trained Model for
Context Information as the auxiliary inputs for the semantic-aware recommendation.
Specifically, we design an operator to instantiate a semantic-aware intent representation
e that incorporates intent-aware embeddings and semantics factors. The intent represen-
tation u“ is updating through training together with e to capture the effect of semantics
factors. The learned u" retains the information from semantic factors and can be easily
plugged into the backdoor adjustment to alleviate bias. The second-order Factorization

Machine (FM) [160] operator for instantiating e is defined as:

d d .
(4.26) e=) ) ulci, 0cy,i,
a=1b=1

where © denotes the element-wise product that is used for capturing interactions between
intent representations and semantics factors.

Next, the semantic-aware intent representation e can be incorporated into recom-
mender models as one additional user representation. Formally, we use the collaborative
filtering to calculate the prediction score ¥,; given user and item ID representations, as

follows:
(4.27) yi=fw,ie)=6u'i+(1-05e'i

where u and i are the ID embeddings given by Multi-OneHot [254], and 6 is the coefficient
that describes how much each component contributes to the prediction score.

Then we use the pairwise BPR loss [162] to optimize the model parameters ©. Specif-
ically, BPR loss encourages the prediction likelihood of a user’s historical items to be

higher than those of unobserved items:

(4.28) ZLepr= Y. -Ino(y,,-9,;)+Al6I3
(u,i,j)e0

where u, i and j are the ID embeddings of user u, item i and item j, O denotes the
training dataset involving the observed interactions O and unobserved counterparts
O~ and O = {(u,i,/) | (u,i) € 0*,(u,j) € O~}. The o() is the sigmoid function, and A is the

coefficient controlling regularization.
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4.2.3.5 Causal Intervention for Debiasing

Contextual information is a confounder that affects both user representations and
prediction scores. To make context information beneficial for semantic-aware intent
learning, we resort to a causal inference technique, namely, backdoor adjustment[154],
to adjust the user representations in the disentangled causal model. By doing so, we aim
to produce unbiased user representations.

Backdoor Adjustment. Note that previous recommenders build predictive models
P(Y | U) from the passively collected interaction dataset, which neglect the effect of
confounder C and lead to spurious correlations between users and items. The spurious
correlation is harmful since the items in the majority group are likely to dominate the
recommendation list and narrow down the user interests. According to the theory of
backdoor adjustment [154], we aim to remove the harmful effect of context information
C on user representation U. Instead of P(Y |U), we formulate the predictive model as
P(Y|do(U = u)) to account for the effect of confounder. Based on the graph in Figure. 4.13,
we first need to formulate the causal effect between variables by causal intervention,
which is denoted by do(-) operation [154]. The operation do(U = u) is defined to externally
assign a certain value to U. Namely, do(U = u) intuitively removes the edge C — U so
as to block the effect of C on U, making the value of U independent of its causes (cf’
Figure. 4.13). By applying do operation, we can estimate the effect of C on Y by:

(4.29) P(Y|do(U =u))-P(Y|do(U =0))

where P(Y |do(U = 0)) denotes the null intervention, e.g., the baseline compared to U = u.
In the physical world, P(Y |do(U = u)) corresponds to actively manipulating the aspects
or attributes in the item.

Our implementation is inspired by two inherent properties of any Heterogeneous
Network Embedding method (e.g., metapath2vec++ [41]). First, by passing a meta-path
into the pre-trained context model in Eq. (4.18), we have the context embedding ¢, for
an aspect (e.g., actor). Aggregating context embeddings for all aspects into the aspect
representation set C, we can obtain the unified aspect representation C, where each
element of C, i.e., ¢4, representing one semantic aspect. As C is no longer correlated
with u" by removing the edge C — U, the causal intervention makes u* has a fair
opportunity to incorporate every context ¢, into the prediction of y,,;, subject to a prior
P(C = ¢q4). Second, prevailing pre-trained models use specific tasks (in our method is the

semantic-aware intent learning in Section 4.2.3.4) as the objective, the representations
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trained from it can be considered as the distilled information u* that waits to be adjusted
by do(U = u" o C). By far, we have the context information C for all aspects, where each
cq € C represents the context embedding of one aspect. We also have the refined intent
representation u" that waits to be adjusted from Eq. (4.28) as U. Next, we will detail
the causal intervention by providing the implementation for Eq. (4.29).

The overall backdoor adjustment is achieved through:

P(Y |U,do(U =u))-P(Y |do(U =0))
=Y (P(Y1do(U=u"0C))-P(Y |do(U =0)))P(C =cq)
(4.30) C

1y u . u
:NZ(P(yuzlu GC)_P(yullu ))
i=1
where each component in Eq. (4.30) is designed by:

¢ C =c¢, indicates the confounder C is set as one context embedding c¢g,.

* P(Y|U,do(U =u))=P(¥,; | u*©C). The selected context embedding C is concate-
nated with u* by the element-wise product ©, which serves as the adjustment

value for the prediction of y,;.

¢ P(C = ¢g4) is the prior distribution of different item aspect, by defining P(C = ¢4) =
1/N, we can assume a uniform prior for the adjusted features, where N is the total

number of aspect type.

We then utilize an inference strategy to adaptively fuse the prediction scores from the
P(3,ilu*oC) and P (¥,; | u*). Specifically, we first train the recommender models by
P(Y|do(9,;=u*oC))and P (Y |do(¥,; =0)) and obtain . and ¥, respectively. Then,
the adjusted prediction score ¥~ and unadjusted prediction score ¥ are automatically
fused to regulate the impact of backdoor adjustment. We define an indicator function I,

that determines whether to include e, into the user intent u“ or not.

4.31) L Ca ?f tanh (yc-%)>0
1 if tanh(yc-%) <0

where tanh(¥¢ — ) > 0 indicates that the backdoor adjustment leads a positive impact

on recommendation result by considering the aspect ¢,. Otherwise, ¢, leads a negative
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impact, which should be removed from the user intent representation. Based on Eq. (4.31),

the semantic-aware user intent representation can be refined as follows:

(4.32) eq=u“ol,

To define the unbiased loss function for the observation y,;, we aim to maximize the
discrepancy between the final adjusted and the unadjusted representation u* under the

guidance of e, that is,

N
(4.33) £y = argmin Z (yui,f(u,i,l_[ea))
0 (u,i,y,:)€0 a
where u, i are the ID embeddings for user u and item i, f(-) is defined in Eq. (4.27), and

¥,; is the ground-truth for the interaction between user u and item i.

4.2.3.6 Optimization

Our model ultimately has three loss functions, i.e., £; of unbiased preference score
estimation loss given in Eq. (4.33), %y of Heterogeneous Skip-Gram model given in
Eq. (4.17), and the BPR loss given in Eq. (4.28). To this end, the objective function of our
CaDSI method could be derived as:

(4.34) ,(£=/ld££d+19££9+/12$3pR +%(Q)

where Q) represents the trainable parameters and Z(-) is a squared Lo norm regular-
ization term on Q to alleviate the overfitting problem. 14, Ag, 1, are trade-off hyper-
parameters of the three separate loss functions respectively. During the training, we

optimize the objective function in Eq. (4.34) via gradient descent algorithm.

4.2.3.7 Computational Complexity Analysis

CaDSI consists of multiple components, each performing different tasks for learning
semantic-aware intent representations in Heterogeneous Information Networks (HINs).
The pre-trained model takes a HIN as input and learns node representations using Meta
Path-Based Random Walks and Heterogeneous Skip-Gram. Let N be the number of nodes
and E the number of edges in the HIN. Let r be the number of random walks per node and
[ be the walk length, the cost of performing random walks for all nodes is O(r -1 - N). The
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Heterogeneous Skip-Gram takes generated node sequences and learns node embeddings.
Let d be the embedding size and w be the context window size, the computational cost of
Skip-Gram with negative sampling is O(IN-d + E -w-d). For the GNN-based disentangling
module, the cost per L layer for N nodes and E edges is O(EH + NH?). The FM operator
in semantic-aware intent learning models pairwise feature interactions, for M users and
K items, the cost is O(MKd). Backdoor adjustment refines the semantic-aware intent
representations by deconfounding causal effects. Assume B represents the number of
confounding variables, the cost is O(B2d). Thus, the overall computational complexity is
O(r-l-N+N-d+E-w-d+m-N-d+L(EH+NH?)+MKd +B%d).

4.2.4 Experiments

To more thoroughly evaluate the proposed methd, experiments are conducted to answer

the following research questions:

* RQ1. How confounding bias caused by the context information is manifested in

real-world recommendation datasets?

¢ RQ2. How does our model perform compared with state-of-the-art models for Top-K

recommendation?

* RQ3. How does key components in our model impact the recommendation perfor-
mance (i.e., disentanglement learning task, causal intervention)? How do hyper-

parameters in our model impact recommendation performance?
* RQ4. How does our model interprets user intents for recommendations?

We first present the experimental settings for good reproducibility and answer the

four research questions above.

4.2.4.1 Setup

Datasets. We evaluate our model on three publicly accessible datasets for the Top-K
recommendation. The statistics of the datasets are summarized in Table 4.4, and the
selected meta paths for all data sets are shown in Table 4.5. To ensure the quality of all
the datasets, we use the core settings, i.e., we transform explicit ratings into implicit
data, where each interaction between users and items is marked as 0 or 1, indicating
whether the user has rated the item or not; we retaining users and items with at least

five interactions and each user has at least five friends for both of the datasets. In the
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Table 4.4: Statistics of datasets.

Dataset Node Relation Avg.Degree
(Density) A-B of A/B
#User(U): 2,113 #U-M: 855,598 | #U/M: 405.0/84.6
#Movie(M): 10,109 #U-U: 0 #U/U: 0/0
MovieLens-HetRec #Actor(A): 38,044 #M-A: 95,777 #M/A: 9.5/2.5
(4.0%) #Director(D): 4,031 #M-D: 10,068 #M/D: 1.0/2.5
#Country(C): 72 #M-C: 10,109 #M/C: 1.0/140.0
#Genre(G): 20 #M-G: 20,670 #M/G: 2.0/1033.5
#User(U): 13,024 #U-Bo: 792,062 | #U/Bo: 60.8/35.4
Douban Book #Book(Bo): 22,347 #U-U: 169,150 #U/U: 13.0/13.0
#Group(Gr): 2,936 | #U-Gr: 1,189,271 | #U/Gr: 91.3/405.1
(0.27%) #Author(Au): 10,805 | #Bo-Au: 21,907 #Bo/Au: 1.0/2.0
#Publisher(P): 1,815 #Bo-P: 21,773 #Bo/P: 1.0/12.0
#Year(Y): 64 #Bo-Y: 21,192 #Bo/Y: 1.0/331.1
#User(U): 13,367 #U-M: 1,068,278 | #U-M: 79.9/84.3
#Movie(M): 12,677 #U-U: 4,085 #U/U: 1.7/1.8
Douban Movie #Group(Gr): 2,753 #U-Gr: 570,047 | #U/Gr: 42.7/207.1
(0.63%) #Actor(A): 6,311 #M-A: 33,587 #M-A: 2.9/5.3
#Director(D): 2,449 #M-D: 11,276 #M/D: 1.1/4.6
#Type(T): 38 #M-T: 27,668 #M/T: 2.2/728.1

Table 4.5: The selected meta paths for datasets.

Dataset H Meta path Schemes ‘

MovieLens-HetRec UMU, UMAMU, UMDMU, UMCMU, UMGMU
MUM, MAM, MDM, MCM, MGM

Douban Book UBoU, UBoAuBoU, UBoPBoU, UBoYBoU, UBoAuBoU
BoUBo, BoPBo, BoYBo, BoAuBo

Douban Movie UMU, UMDMU, UMAMU, UMTMU

MUM, MAM, MDM, MTM

training phase, each observed user-item interaction is treated as a positive instance. We
use negative sampling to randomly sample an unobserved item and pair it with the user
as a negative instance.

Baselines. To demonstrate the effectiveness, we compare our model with four classes of
methods: (I) conventional entangled CF methods; (II) graph-based entangled methods;
(ITI) HIN enhanced entangled methods, which model user-item interaction with rich
context information in a HIN; (IV) disentangled methods, which disentangle user intents

or item aspects with different mechanisms; (V) causal-based recommendation methods.

e NeuMF [81] (I): This method combines deep neural networks with Matrix Factor-

ization (MF) method for modeling user-item interactions.

¢ GC-MC [10] (II): The method organizes user behaviors as a graph, and employs

one Graph Convolution Network (GCN) encoder to generate representations based
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on first-order connectivity.

* NGCF [205] (IT): This adopts three Graph Neural Network(GNN) layers to model

at most third-order connectivity on the user-item interaction graph.

¢ LightGCN [80] (II): This is a state-of-the-art graph-based recommendation method
that learns user/item embeddings by linearly propagating them with neighbors

aggregation in the GCN component.

e IF-BPR [245] (ITI): This method leverages meta path-based social relations derived
from a HIN, and proposes a social recommmender that can capture the similarity

of users.

* MCRec [88] (ITI): This method leverages meta path-based context with co-attention

mechanism for Top-K recommendation.

* NeuACF [75] (IV): This method disentangles multiple aspects of users and items

with a deep neural network for HIN-enhanced recommendations.

* MacridVAE [134] (IV): This method disentangle user intents behind user behav-
iors, assuming that the co-existence of macro and micro latent factors affect user

behaviors.

¢ DGCF [207] (IV): This is a state-of-the-art CF-based disentangled recommendation
method, which disentangles latent factors of user intents by the neighbor routing

and embedding propagation.

e DICE [261] (V): This is a state-of-the-art causal-based recommendation method,
which aims at disentangling users’ interest by controlling the conformity bias using

causal embedding.

Evaluation Metrics. We adopt two popular metrics: Recall@K and Normalized Dis-
counted Cumulative Gain(NDCG)@K to evaluate the Top-K recommendation perfor-
mance of our model. The K is set as 20 by default. In the inference phase, we view the
historical items of a user in the test set as the positive, and evaluate how well these
items are ranked higher than all unobserved ones. The average results w.r.t. the metrics
over all users are reported.

Parameter Settings. We implement all baseline models and our proposed CaDSI model
on a Linux server with Tesla P100 PCI-E 16GB GPU. For a fair comparison, datasets

for implementing all models are split as train/test/validate set with a proportion of
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80%/10%/10% of the dataset, while we optimize all models with Adam. For a fair compar-
ison, a grid search is conducted to choose the optimal parameter settings, e.g., dimension
of user/item latent vector % s for matrix factorization-based models and dimension of em-
bedding vector d for neural network-based models. The embedding size is initialized with
the Xavier and searched in {8,16,32,64,128,256}. The batch size and learning rate are
searched in {32,64,128,512,1024} and {0.0005,0.001,0.005,0.01,0.05,0.1}, respectively.
The maximum epoch N, p,cp is set as 2000 and an early stopping strategy is performed.
Moreover, we employ three hidden layers for the neural components of GC-MC NGCEF,
LightGCN, MCRec, NeuACF, MacridVAE and DGCF. The hyperparameter specifications
of CaDSI are set as: latent intents number % as 4, iteration number of disentangling
module 7 as 2, model depth of disentangling module L as 2, iteration number of causal

intervention n as 140, and their influences are reported in Section 4.2.4.4.

4.2.4.2 Understanding Confounders (RQ1)

We initially conduct an experiment to understand to what extent the confounding bias
exists in meta paths of real-world recommendation datasets. To this end, we aim to
investigate the distribution of nodes among the same meta path. Intuitively, an unbiased
HIN-based recommendation method should expect that, for a specific attribute, each
user/item should hold an equal number of this attribute (i.e., interactions between nodes
and attributes are likely to be evenly distributed). Thus, we investigate the confounding
bias by analyzing the statistics of node-attribute interactions of meta paths in Douban
Book. We randomly sample n = 100 books from Douban Book and extract their Author,
Publisher, and Year attributes. By counting the connections between books and their
attributes whose type belongs to Author, Publisher, and Year, respectively, we have
the statistical results shown in Figure 4.15. The connected graphs in the left part of
Figure 4.15 depict whether the book i connected with the selected attribute. The figures
in the right part of Figure 4.15 show the distributions of connected book numbers by a
certain attribute, where the y-axis denotes the total amount of the connected books.
Apparently, attributes and books exhibit an unevenly distribution regarding their
interactions: the attributes in dataset are partially observed, leaving a larger number
of attributes to be unobserved. For example, for Book-Author meta path, there are a
lot of books that do not connect with any node whose type is Author, which means lots
of author attributes of books are missing. In conventional recommendation methods,
the missing pattern of such attributes is ignored by either regarding them as outliers

and padding them with random values, or treating the missing attributes as negative
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feedback. Such measure would preserve the confoundings bought by node attributes,
degrading the recommendation ultimately.

Another finding is that the distribution for book-attribute connection numbers is
significantly skewed: it displays a long-tail phenomenon where the green vertical line
separates the top 50% of connection numbers by popularity; these connections outweigh
another 50% long-tail connections to the right. For instance, in Figure 4.15 (a), authors
in the Book-Author relation cumulatively connect with 90% more books than the long-tail
authors to the right. For Book-Publisher meta path, ideally, Book-Publisher has the
one-to-one relation from book to the publisher, while every publisher has published an
equal number of books. However, some publishers have published at most 510 books,
while more than 90% of publishers only published fewer than 10 books. Such long-tail
distribution can bias the users’ interest on item aspects. i.e., recommendation methods
tend to recommend items with the most frequent attribute, while users can only be

exposed to recommended items.

4.2.4.3 Performance Comparison (RQ2)

Table 4.6: Performance comparison.

MovieLens-HetRec Douban Book Douban Movie
Recall@20 NDCG@20 Recall@40 NDCG@40 | Recall@20 NDCG@20 Recall@4d0 NDCG@40 | Recall@20 NDCG@20 Recall@40 NDCG@40

NeuMF 0.0434 0.0557 0.0665 0.0709 0.0339 0.0391 0.0641 0.0682 0.0460 0.0417 0.0708 0.0611
GC-MC 0.0336 0.0404 0.0653 0.0584 0.0458 0.0402 0.0675 0.0643 0.0448 0.0461 0.0602 0.0622
NGCF 0.0365 0.0508 0.0699 0.0615 0.0252 0.0301 0.0707 0.0691 0.0475 0.0498 0.0689 0.0642
LightGCN 0.0466 0.0155 0.0615 0.0498 0.0201 0.0225 0.0531 0.0568 0.0294 0.0331 0.0499 0.0578
IF-BPR 0.0546 0.0510 0.0727 0.0689 0.0396 0.0463 0.0628 0.0601 0.0483 0.0501 0.0652 0.0603
MCRec 0.0352 0.0195 0.0680 0.0677 0.0165 0.0294 0.0481 0.0507 0.0281 0.0336 0.0618 0.0629
NeuACF 0.0236 0.0308 0.0556 0.0684 0.0298 0.0201 0.0601 0.0579 0.0351 0.0438 0.0571 0.0623
MacridVAE 0.0454 0.0290 0.0661 0.0592 0.0309 0.0425 0.0691 0.0645 0.0489 0.0441 0.0729 0.0616
DGCF 0.0229 0.0589 0.0532 0.0708 0.0431 0.0502 0.0649 0.0663 0.0416 0.0527 0.0702 0.0628
DICE 0.0549 0.0499 0.0740 0.0703 0.0577 0.0608 0.0820 0.0799 0.0513 0.0389 0.0811 0.0636
Our model 0.0678" 0.0659" 0.0765" 0.0736" 0.0708* 0.0722* 0.1466" 0.1194* 0.0583" 0.0547* 0.0918* 0.0647*
Joimprov. 23.5% 11.9% 3.4% 3.8% 22.7% 18.8% 78.8% 49.4% 13.6% 3.8% 13.2% 0.8%

We compare the Top-K recommendation performance of CaDSI with ten recom-
mendation baselines on three datasets: MovieLens-HetRec, Douban Book and Douban
Movie. Table 4.6 demonstrates the performance comparison and we have the following

observations:

¢ Our CaDSI consistently yields the best performance among all methods on three
datasets. In particular, CaDSI improves over the strongest baselines w.r.t. Re-
call@20 by 23.5%, 22.7%, 13.6% , NDCG@20 by 11.9%, 18.8%, 3.8%, Recall@40 by
3.4%, 78.8%, 13.2% and NDCG@40 by 3.8%, 49.4%, 0.8% on MovieLens-HetRec,

Douban Book and Douban Movie respectively. CaDSI outperforms all baseline
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Douban Book dataset.
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methods on Top-K recommendation task, which validates that the semantic-aware

user intents representation can enhance the recommendation performance.

* In virtue of user-item interaction graph and meta paths, GNN-based (GC-MC,
NGCF and LightGCN) and HIN-based (IF-BPR, MCRec) recommendation methods
can achieve better performance than conventional MF methods (NeuMF) in most
cases. However, they ignore controlling the bias existing in the context information.
On the contrary, our CaDSI adopts a principled causal inference way to easing
such confounding bias. So it outperforms GNN-based and HIN-based recommen-
dation methods on both of the datasets. For instance, our CaDSI outperforms the
most competitive HIN-based recommender IF-BPR w.r.t. Recall@20/Recall@40 by
24.2%/5.2% and NDCG@20/NDCG@40 by 29.2%/6.8% on MovieLens-HetRec.

¢ By performing unbiased disentanglement via semantics context, our CaDSI can
infer user’s potential interests of items. However, those user interests could not be
well inferred from other disentangled recommendation methods (NeuACF, Macrid-
VAE and DGCF).

* Among the GNN-based recommenders (GC-MC, NGCF and LightGCN), HIN-
based recommenders (IF-BPR, MCRec) and disentangled recommenders (NeuACF,
MacridVAE and DGCF), the causal-based disentangled method (DICE) serves as
the strongest baseline in most cases. This justifies the effectiveness of easing the
confounding bias in context information when estimating disentangled users’ inter-
ests. However, DICE performs worse than our CaDSI, as it ignores rich semantics
information in HIN and fails to ingest semantics aspects when disentangling user

interests.

* From movie recommendation datasets, we can find that the improvements on
MovieLens-HetRec is bigger than that on Douban Movie. This is reasonable since
Douban Movie is much more sparser than MovieLens-HetRec with density of
0.63% vs. 4.0%, respectively. However, our CaDSI has better performance than all
baselines on Douban Movie, because it achieves unbiased evaluation on high-order
connectivity and rich semantics. This indicates that CaDSI is robust to the very

sparse datasets.
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4.2.4.4 Study of CaDSI (RQ3)

Ablation studies on CaDSI are also conducted to investigate rationality and effectiveness.
Specifically, we first attempt to exploit how the disentangled learning and causal inter-
vention affect our performance. Moreover, the stability of our approach’s performance on
the Top-K recommendation is validated as well.

We have one fixed parameter n = 140 (¢f. Eq. (4.30)) which denotes the total number
of causal intervention times. Three important hyperparameters k (cf. Eq. (4.19)), L (cf:
Eq. (4.25)) and K correspond to: the number of latent factors of user intents, the number
of graph disentangling layers and the number of items in Top-K recommendation list,
respectively. Based on the hyperparameter setup, for all questions listed above, we vary
the value of one parameter while keeping the others unchanged.

Effect of Disentanglement Learning. The intent number % controls the total amount
of user intents considered in our model; larger k£ stands for more fine-grained disentan-
gled user intents. To study the influence, we vary & in the range of {1,2,4,8,16} and show
the corresponding performance comparison on MovielLens-HetRec Douban Book, Douban

Movie in Figure 4.16. We have several observations.
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Figure 4.16: The recommendation performance comparison under different latent user
intent factors.

* Increasing the intent number from 1 to 16 can significantly enhance the perfor-

mance, while CaDSI performs the worst when £ = 1. This indicates learning the
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disentangled user intents is effective to capture the real user preferences towards

items instead of coupling all preference together.

The variations are diverse across different datasets. For MovieLens-HetRec and
Douban Movie, the performance of CaDSI increase steadily as the & value increases
from 1 to 16, while the performance drops when £ is set from 2 to 4 on Douban
Book. One possible reason is that CaDSI should balance between too fine-grained
disentangled intents and the adjustment from causal intervention, such balancing

learning is more obvious when dataset size is lager.

Effect of Causal Intervention. To investigate whether CaDSI can benefit from causal

intervention, we study the performance of CaDSI by varying the iterations of causal

intervention. Figure 4.17 summarizes the experimental results w.r.t. MovieLens-HetRec,

Douban Book, Douban Movie and we have the following observations:
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Figure 4.17: Impact of causal intervention on the recommendation performance of our
CaDSI along with iterations.

* (Clearly, the causal intervention mechanism renders our CaDSI a better recommen-

dation performance: more iterations of causal intervention lead to better recom-
mendation performance before saturation on all datasets, e.g., the Recall@20 and

NDCG@20 values generally increase along with training iterations in Figure 4.17.

¢ When training iterations reach to 130, 70 and 110 for MovieLens-HetRec, Douban

Book and Douban Movie, respectively, the performance becomes relatively stable.
Moreover, Douban Book requires fewer iteration times than the other two datasets.
Intuitively, purchasing books is a much more simple behavior than choosing movies.
Thus, user intents on book aspects are less diverse, leading to a quick convergence

to the optimal interventional representations.
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Table 4.7: Impact of multi-order connectivity, i.e., graph propagation layer number L.

MovieLens-HetRec | Douban Book Douban Movie
Layer number | Recall NDCG Recall NDCG | Recall NDCG
1 0.0505 0.0521 0.0651 0.0684 | 0.0583 0.0546
2 0.0672 0.0683 0.0712 0.0736 | 0.0596 0.0570
3 0.0611 0.0624 0.0682 0.0701 | 0.0562 0.0573

* Some fluctuations appear in the iteration process, especially on MovieLens-HetRec
dataset. The size of MovieLens-HetRec is much smaller than the other two datasets,
thus leading to instability to intervention process due to the data sparsity. However,
when carrying more iterations, small-size datasets such as MovieLens-HetRec can

also yield satisfying results.

Effect of Multi-order Connectivity. Since CaDSI is benefited from the higher-order

connectivity between complex interactions and context information, we investigate how

connectivity degrees affect the CaDSI. Specifically, we search the graph disentangling

layer number L in the range of {1,2,3}, which correspond to first-order connectivity,

second-order connectivity and third-order connectivity, respectively. We show the perfor-

mance comparison in Table 4.7 and below are our observations.

* More graph disentangling layers will collect more information form multi-hop
neighbors from a holistic user-item interaction graph. Clearly, the performance
of our CaDSI with layer number L = 2 is better than that with L = 1, since the
second-order connectivity can capture significant collaborative signals of users and

items.

* When stacking more than 2 layers, the influence of multi-hop neighbors is small
and the recommendation performance is degraded. This is reasonable since too
informative signals of user-item interactions might introduce additional noises to
the representation learning. This again emphasizes the importance of controlling

the bias bought by context information.

Top-K Recommendation Performance. Based on RecalleK and NDCG@K, Fig-
ure 4.18 shows that CaDSI achieves the stable performance on Top-K recommendation
when K (i.e., the length of the ranking list) varies from 10 to 80. This indicates that

our CaDSI performs stably on Top-K recommendation task and can recommend more

relevant items within Top-K positions when the ranking list length increases.
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Figure 4.18: Performance of CaDSI in terms of Recall@K and NDCG@XK under different
K.

4.2.4.5 Case Study and Visualization(RQ4)
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Figure 4.19: Visualization of the disentangled user intent graphs based on score matrices.
User-item interactions with the highest scores are marked in solid lines; item attributes
with the same values are highlighted in red.

We conduct an experiment to understand the disentanglement of user intents by our
CaDSI, then explore whether such intent is related to real-world item semantics. We
select a user ©2972 from Douban Book and learn its interaction scores S(u, i) with his/her
historical interacted items under our CaDSI. The user intents factor 2 = 4 indicates four
distinct user intents. Thereafter, we randomly select four items from the interaction
score matrices. For each interaction under different 2, we mark the interaction scores
with the highest confidence with solid lines and couple the certain item attributes below

them. Figure 4.19 shows the visualization results, and we have the following findings:

¢ Jointly analyzing intent-aware user-item interaction graphs, we can see user
preference differs across each graph, reflected by different interaction scores in each
intent-aware graph. For example, ©2972 interacts with 112047 with a preference

score of 1.43 under intent k1, while the score changes to 1.79 under intent k9. This
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demonstrates the importance of disentangling user intents in recommendation

scenarios.

* We thereafter couple item attributes to investigate whether user intents are related
to item semantics. It can be seen that different fine-grained user intents are highly
consistent with high-level item semantics. For instance, intent k3 contributes
mostly to interactions (©2972,114892) and (©2972,i18), which suggests its high
confidence as being the intent behind these behaviors. When switching to item
attributes of 112047 and 18, the same Author attribute has been id 793 can be
found, reflecting the reason why u2972 chose to interact with i12047 and i18.
This demonstrated that our CaDSI, which aims at disentangling user intents
while assigning specific item semantics to the learned intents, is effective in the

disentanglement of user intents towards item aspects.

4.2.5 Summary

This research work has researched the popularity bias issue stemming from different as-
pects and proposes an unbiased and robust CaDSI model for context-aware recommenda-
tion. The CaDSI can provide semantics to fine-grained representations for disentangling
user intents, while easing the bias stemming from unevenly distributed item aspects.
We evaluate our CaDSI on three real-world recommendation datasets, with extensive
experiments and visualizations demonstrate the robustness and interpretability of our

semantic-aware user intent representation.
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CHAPTER

IMPROVING RECOMMENDATIONS USING CAUSAL
INFERENCE

This chapter presents research work that improves the accuracy of recommendations
by refining 1) the architecture of the neural network and 2) the objective of optimizing
the model. The NCGCF model (Neural causal graph Collaborative Filtering) connects
the Graph Convolutional Network (GCN) to the Structural Causal Model (SCM) by
using a Neural Causal Model, thereby improving the accuracy of the conventional graph
collaborative filtering method. The HINpolicy model (HIN augmented off-policy learning)
uses counterfactual risk minimization to achieve the unbiased policy optimization of a

typical reinforcement learning method, i.e., off-policy learning method.

5.1 Causal Neural Network for Collaborative

Filtering

5.1.1 Overview

Research Question. Collaborative Filtering (CF) [170] as an effective remedy has
dominated recommendation research for years. Recently, Graph Collaborative Filtering
(GCF) has been studied extensively and has become an emerging CF paradigm [89].
GCF enhances traditional CF methods by modeling complex user-item interactions in a

graph as well as auxiliary information, e.g., user and item attributes. Thus, GCF has
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shown great potential in deriving knowledge (e.g., user behavior patterns) embedded
in graphs. Generally, GCF models utilize graph representation learning techniques to
derive useful information for downstream CFs. These models use graph neural networks
to analyze graph connections and create embeddings, thus improving the optimization
of the CF model. Graph Convolutional Networks (GCNs) are among the most widely
adopted graph neural networks in GCF models, primarily due to their well-established
performance in learning local and global information from large-scale graphs. Therefore,
this research aims to investigate leveraging GCNs in the GCF model, thereby capturing

users’ preferences for improved recommendation performance.

Research Objective. Though promising results are witnessed, leveraging GCN in
GCF models presents severe challenges. Compared to traditional methods, such as
matrix factorization on pure user-item interactions, graph learning seeks to model
complex, multi-hop relationships propagated across graph entities. The complexity of
relation modeling increases as the graph becomes more sophisticated by including
various types of nodes, e.g., user gender [211], item brands [212]. For example, consider
a social network where users are connected based on their friendships, following lists,
and followers [216]. Graph learning techniques must not only capture these diverse
relationships, but also consider other potential factors, such as user conformity impacts
on social content recommendations. However, existing GCN-based GCF methods often
fall short of capturing complex graph relationships due to two fundamental drawbacks.
Firstly, they ignore distinguishable node dependencies between neighboring nodes and the
target node. Most GCN-based GCF methods treat all messages from the neighborhood
equally, which inevitably overlooks the varying dependencies of neighboring nodes to the
target node. However, a user node might have different relations with other neighboring
nodes, e.g., item brands. These different relations reflect distinct user preferences, which
is the essence of personalized recommendations [215]. By ignoring the difference in
relations, the learned user and item embeddings eventually lose expressive power in the
recommendation task, i.e., we cannot know which node is the root cause of user interests.
Secondly, they lack an explicit encoding of complex relations between variables in the
recommendation. Most GCN-based GCF methods assume the co-occurrence of users and
items is independent. However, user preferences are influenced by various variables in
real-world recommendations, such as user conformity caused by user social networks.
Discarding these relations leads to the learned embeddings being unable to capture such
structural complexity. Therefore, the research objective of this work is to simultaneously

capture node dependencies and complex relations between variables to promote more
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accurate GCN learning in GCF.

Motivations. Causal modeling sheds light on solving the above drawbacks. On the
one hand, causal modeling identifies intrinsic cause-effect relations between nodes and
true user preferences [209]. For example, we might treat each neighboring node as the
cause (e.g., an item brand) and the user preference as the effect in a causal graph [7].
By estimating the causal effect, we could encode the crucial node dependencies into
user and item embeddings to uncover the root causes of user interests. On the other
hand, the causal graph is able to model genuine causal relations among the variables
in GCF's, capturing variable dependencies inherent in the GCF-based methods. Those
causal relations represent the underlying mechanisms driving the recommendation and
can be utilized to guide graph learning toward complex user behaviors.

The Proposed Approach. Given the compelling nature of casual modeling in GCN-
based GCF's, this paper aims to integrate GCNs and causal models to facilitate causality-
aware GCF learning. Motivated by Neural-Causal Connection [231], this paper proposes
to connect GCN learning with the Structural Causal Model (SCM). Since the SCM
is induced from a causal graph and the GCN works on graph-structured data, the
integration of the two models becomes practical. In particular, we first conceptualize
the causal graph for the SCM, which is built by revisiting existing CFs and padding
their limitations in user preference modeling. Then, we formulate the SCM into a Neural
Causal Model, called Neural causal graph Collaborative Filtering (NCGCF). Our NCGCF
uses variational inference to approximate structural equations as trainable neural
networks, making the learned graph embeddings equally expressive as the causal effects
modeled by the SCM. The integration of causal modeling and graph representation
learning offers a novel perspective to facilitate accurate recommendations.

Contributions. The contributions of this work are:

* We complete the Neural-Causal Connection for causal modeling of graph convolu-

tional network in recommendations.

® Our proposed NCGCF is the first Neural Causal Model for graph collaborative
filtering, which generates causality-aware graph embeddings for enhanced recom-

mendations.

* We validate the effectiveness of our proposed framework through extensive ex-
periments. Our experimental results demonstrate that our approach outperforms

existing methods in achieving satisfactory recommendation performance.
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5.1.2 Neural Causal Model for Neural Networks

We first provide the motivations for defining our causal graph. We then give our task
formulation, which covers detailed steps toward connecting the GCN with the Structural
Causal Model.
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Figure 5.1: Paradigms of user preference modeling in a class of CF's: (a) Early CF, (b)
GCF, and (c) Our causality-aware GCF.

5.1.2.1 The Proposed Causal Graph

Following Definition 3.1.2, we start by providing the causal graphs of a class of CF
methods, including early CF methods in Figure 5.1 (a) and existing GCF methods in
Figure 5.1 (b). Specifically, we aim to show the fundamental drawback shared by these
two types of methods: they are fragile in capturing complex user-item relations by
assuming the co-occurrence of users and items is independent. We put forward our
defined causal graph in Figure 5.1 (c), which considers user-item dependencies for better
user preference modeling.

Early CF's largely resort to user-item associative matching [81] and follow the causal
graph shown in Figure 5.1 (a), where user node U and item node V constitute a collider to
affect the recommendation result Y. For example, matrix factorization typically assumes
P(Y =1|u,v) x u'v, where u and v are user and item IDs and the probability of
recommendations Y is estimated from the matching of the inner product between u
and v. The methods based on latent factors assume P(Y =1 |u,v) x LFEM(z)" LFM(v),

where LFM is a latent factor model that learns the latent vectors of the user and the
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item, and a simple inner product is used for the matching of similarity to determine
recommendations.

As shown in Figure 5.1 (b), GCF works on graph-structure data to consider auxiliary
information, e.g., user/item attributes, which potentially captures exogenous variables
Z, and Z,, e.g., user conformity, item exposure. In addition, since user-user and item-
item relations are propagated through multihop neighbors within the graph, GCF can
capture the inner connections of users and items to model more complex user behavior
patterns, e.g., collaborative behavior [205]. However, existing GCF methods still assume
the independence between users and items. This is because user and item embeddings
are learned separately from the graph representation learning and then subsequently
applied to a CF model for user-item associative matching. For example, NGCF [205]
assumes P(Y =1|u,v) x E = CF (agg(u,z,,msg(N,)),agg(v,z,,msg(N,))), where CF is
a CF model for user-item associative matching. N, and N, are neighbor sets for users and
items; agg and msg are the aggregation and message passing operations, respectively.

Both Figures 5.1 (a) and (b) assume that the co-occurrence of users and items is
independent of the observational data, that is, there is no edge U — V or V — U. However,
this assumption is unrealistic in the real world because user behaviors are influenced
by the recommended items for various reasons. For example, users may be more likely
to click on items if recommended [220], which is also known as the item exposure bias
problem. In addition, the exposure of the items is determined by the user preferences
estimated from the recommendation model, which is the essence of the personalized
recommendation. Therefore, we conceptualize the causal relations under GCN-based
GCF as the causal graph in Figure 5.1 (c). Our causal graph includes the modeling of
U — V, so that user-item relations can be captured for better user preference modeling.
Using the causal graph in Figure 5.1 (c), the directed edge (v — v) € & captures the causal
relationship of a user u to an item v, where u € U and v € V and u is a parent node of v,
that is, u € pa (v). G induces a set of causal adjacency vectors A, and A,, which specify
the neighbors of a user node u and an item node v, respectively. Each element Al =1 if

v € pa(u), otherwise, A? = 0. Similarly, A} =1 if u € pa(v).

5.1.2.2 Task Formulation

The key innovation of this work is to integrate causal modeling into the learning process
of a GCN-based GCF model. The problem can be formulated as follows:

Definition 5.1.1 (Task Formulation). Establish the connection between the GCN-based
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GCF model and the causal graph depicted in Figure 5.1 (c). Motivated by Neural-Causal
Connection [231], the goal is to approximate a Neural Causal Model (NCM) based on the

provided causal graph.

To achieve this goal, we first convert the causal graph into a Structural Causal Model
(SCM). Subsequently, the NCM is defined on the basis of the SCM, with each structural
equation in the SCM corresponding to a neural network in the NCM. To approximate
the neural networks trainable in the NCM, we employ a unified framework described
in Section 5.1.3. This framework enables causal modeling, making the learned graph
embeddings as expressive as the causal effects modeled by the SCM. Overall, through
the integration with causal modeling, our approach offers a novel perspective on graph
representation learning, leveraging the expressive power of the causality-aware graph

embeddings to capture complex causal relations in the recommendation.

5.1.2.3 Neural Causal Model

This section evokes the concept of the Structural Causal Model (SCM) and the Neural
Causal Model (NCM). The SCM converts causal relations between the causal graph in
Figure 5.1 (c¢) as structural equations; The NCM defines each of the structural equations
as a parameterized neural network.

The causal graph in Figure 5.1 (c) has four variables of interest (i.e., endogenous
variables): U (user), V (item), E (preference representation) and Y (recommendation).
Besides, two exogenous variables Z,, and Z, are also involved, representing hidden
impacts such as user conformity and item exposure. The causal mechanism of modeling
the four endogenous variables {U,V,E,Y} is done by a SCM. Following Definition 3.1.1
and the causal relations in Figure 5.1 (c), endogenous variables {U,V,E,Y} =7 are

modeled by structural equations {fy, fv, &, fy} = %. Formally,

U-fvWU,V,Z,)
V—fvWU,V,Z)
E —fgU,V)

Y — fy(E)

(5.1 FV,Z):=

These structural equations model the causal relation from a set of causes (e.g., pa(u)) to
a variable (e.g., u € U) accounting for the impact of exogenous variables (e.g., Z,,).

We now formally introduce Neural-Causal Connection [231], i.e., the connection
between deep neural networks (e.g., GCNs) and causal models is made by establishing
an NCM. In accordance with Definition 3.5.3, we aim to build an NCM .#(0) that models
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structural equations defined in Eq. (5.1) as parameterized feedforward neural networks.

Formally,

Zu NW(O,IK))ZU ~ JV(()aIK)7

uX fU = QGl(f(pl (Zuyf(pl(U | U, V))),
(5.2) MOV 2 v [y = qoy(Fipy (Zos fp(V 1T, V),

ex fg =pg;(u,v),
y~ fY = Multinomial (N, e)

Zy, Z, are mapped into low-dimensional hidden vectors Z, and Z, using Gaussian
distribution A (0,Ix).

ux fy: user representation u is calculated by a user encoder qg,. The user encoder
takes as input the aggregated (i.e., f,) information of user exogenous variables Z,

and user’s causality-aware neighbor messages f,, .

v fy:item representation v is given by an item encoder gg,. The item encoder
uses aggregated (i.e., f,) information of item exogenous variables Z, and item’s

causality-aware neighbor messages f,.

e x fg: user preference probability e is produced by a collaborative filtering decoder

Do, by using latent representations u and v.

y ~ fy: user interaction y is sampled from a multinomial distribution with the

probability e. N is the user’s total interaction number.

5.1.3 Methodology

We now introduce our framework, namely, Neural causal graph Collaborative Filtering
(NCGCF). We show the NCGCF framework in Figure 5.2, which includes three major

components based on the variational autoencoder structure:

Causal Graph Encoder: approximates f;;7 and fy. The causal graph encoder
includes a user encoder, an item encoder and a semi-implicit generative model.
The semi-implicit generative model calculates causal relations between nodes as
causality-aware messages. The user encoder and item encoder then use these
causality-aware messages to output user representation and item representation,

respectively.
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Figure 5.2: NCGCF framework.

¢ Collaborative Filtering (CF) Decoder: approximates fr using a CF method to

estimate user preference.

¢ Counterfactual Instances-based Optimization: optimizes model parameters

by implementing fy with counterfactual instances to capture user preference shifts.

5.1.3.1 Causal Graph Encoder

The causal graph encoder aims to model fy and fy in Eq. (5.2). However, this is not
a trivial task as the true posteriors of fiy and fy do not follow standard Gaussian
distributions due to the existence of causal relations between node pairs. Besides, these
causal relations should be modeled into causality-aware messages using neural networks.
Thus, traditional variational inference [104] that approximates posteriors to simple,
tractable Gaussian vectors is not applicable.

Semi-implicit variational inference (SIVI) [243] that models complex distributions
through implicit posteriors shows to be an effective alternative. Inspired by SIVI, we
devise a semi-implicit generative model on top of the user and item encoder to model
implicit posteriors. In particular, the semi-implicit generative model calculates causal
relations between nodes as causality-aware messages. Those causality-aware messages
are encoded into user and item hidden factors h, and h,. Then, the user encoder takes
h, as the input to output the user representation u. Analogously, the item encoder uses

h, to calculate item representation.
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Semi-implicit Generative Model. Our semi-implicit generative model contains two
operators: causality-aware message passing and aggregation. The causality-aware mes-
sage passing uses learnable neural networks to model each of the dependency terms
for a node and its neighbors within a structural equation. For example, f, («,v) models
the dependency between a user node u and his/her neighbor item node v, such that the
learned message becomes a descriptor of the causal relation u — v. The aggregation uses
weighted-sum aggregators to aggregate user/item exogenous variables and the calculated
causality-aware neighbor messages. Finally, user and item hidden factors h, and h, are

output for latter user and item encoder learning.

* Causality-aware message passing: For the user encoder, given user u’s features d,

and its causal adjacency vector A,, the messages from u’s neighbor v is given by:

ml>D = o, v) = MLP® (h(l D¢~ 1))
(5.3) _ ) (-1 (-1
=ReLU th h;, " |h, ,forle{l,---,L}

(l D is the neighbor message at the I — 1-th graph learning layer !. v is a

h(l -1) h(l— 1)
v

where m;,

neighbor for u and v € N,  A,. and are hidden factors for the neighbor
v and the user u at the [ — 1-th layer 2 W(l) is the weight matrix for f,,, at the /-th
layer and | denotes column-wise concatenation. Analogously, for the item encoder,
we can calculate the neighbor message m(l D for an item v by replacing f,,; with

fo, in Eq. (5.3).

e Aggregation: For the user encoder, at each graph learning layer [, we perform
aggregation operation on the messages m(l D from w’s neighbors and the user

exogenous variables Z, to obtain the hidden factor h(ul):
(5.4) h(ul) — (h(ul_l)llf(p1 ({W(l) (l 1. :veN, }) ”Zu)

where h(ul) is the learned hidden factor for u at the /-th graph learning layer. f, is
the aggregation operator chosen as weighted-sum, following [4]. ng is the weight
for fy, that specifies the different contributions of neighbor messages to the target
node at the /-th layer. | is the column-wise concatenation. Z,, is low-dimensional
latent factors for user exogenous variables given by Gaussian distribution A (0,Ix).
Similarly, for the item encoder, we calculate item v’s hidden factors hg,l) by using
fo, With Wy, in Eq. (5.4).

IThe neighbor message at the 0-th layer, i.e., mﬁ?v), is initialized from a normal distribution.

th,o) and hg)) are initialized as node features d, and d,,.
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Having obtained the hidden factors hff) for user u and hf,l) for item v at each graph
learning layer [/ € {1,---,L}, we adopt layer-aggregation to concatenate vectors at all

layers into a single vector:
(5.5) h, =h{ +---+h{, h,=h{’+..-+h{

By performing layer aggregation, we capture higher-order connectivities of node
pairs across different graph learning layers. Finally, our semi-implicit generative model
outputs h, and h, as hidden factors of users and items.

User and Item Encoder. Given hidden factors h, for a user u, the user encoder outputs

mean and variance in A (y,,diag(02)), from which user embedding u is sampled:
(5.6) qe, (ulhy) =N (u]| py,diag(c2))

where i, and diag(c2) are the mean and variance for user u, which are obtained by
sending u’s hidden factors h, to a one-layer neural network with the activation function
ReLU(x) = max(0, x):

(5.7) Hu =ReLU (Wh'h, +b),02 = exp (ReLU (Wgh, +b) |

where Wy, = {W“f ,ngu} is a hidden-to-output weight matrix for the user encoder qg,; b
is the bias vector. Analogously, the item encoder follows the same paradigm as the user

encoder to generate the mean and variance for item v based on v’s hidden factors h,:

90, (V1hy) = N (V] y,diag (a?)),

(5.8) {tp = ReLU (Wg; h, + b) , 0‘3 = exp (ReLU (Wg; h, + b))

where Wy, = {Wg’z’ ,Wg;} is the weight matrix for the item encoder gg,.

5.1.3.2 Collaborative Filtering Decoder

Collaborative filtering is largely developed based on latent factors. These models involve
mapping users and items into latent factors in order to estimate the preference scores
of users towards items. We use latent factor-based collaborative filtering in our decoder
for modeling the user preference e, which is a probability vector over the entire item set
for recommendations. The predicted user interaction vector y is assumed to be sampled
from a multinomial distribution with probability e.

Formally, we define a generative function fp,(u,v) recovering classical latent factor-

based CF to approximate user preference vector e:

(5.9) e = softmax(fp,(u,v)) = softmax(u ' v)
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where u and v are latent factors for a user v and an item v drawn from Eq. (5.6) and
Eq. (5.8), respectively. The softmax function transforms the calculated preference scores

to probability vector e over the item corpus.

Then, the decoder pg, (e | u,v) produces interaction probability y by approximating a

logistic log-likelihood:
(5.10) logpe, (yle)= Zyuv logo (e)+ (1 —yy,)log(1—0a(e))
v

where y,, is the historical interaction between u and v, e.g., click. a(e) = 1/(1 + exp(—e))

is the logistic function.

5.1.3.3 Counterfactual Instances-based Optimization

We wish our NCGCF to be robust to unseen (unknown) user preference shifts to further
enhance the recommendation robustness. Catching user preferences is at the core of
any recommendation model; however, user preferences may change over time [215]. For
example, a user may once love items with the brand Nike but change his taste for liking
Adidas. Such a user preference shift can be captured by actively manipulating user

preferences, i.e., manipulating e.

Since our NCGCF is a Neural Causal Model and is capable of generating “interven-
tional” distributions within the Pearl Causal Hierarchy, the manipulations can be done
by performing interventions [7] on the user preference vector e using a do-operator do(-),
i.e., do(e = €'). The data after interventions are called counterfactual instances that,
if augmented to original training instances, increase the model robustness to unseen
interventions (i.e., user preference shifts). Inspired by [252], we optimize NCGCF by
considering two data scenarios, i.e., the clean data scenario in which our NCGCF accesses
the data without interventions, and the counterfactual data scenario in which the data

is generated by known interventions on user preference vectors.

Formally, for the clean data scenario, assuming that NCGCF observes only clean
data D during training. In this case, we retain the original value o of user prefer-
ence e by using do(e = 0). Then, NCGCF is trained by maximizing the likelihood
function log pg, (y | do(e = 0)). Since this marginal distribution is intractable [104], we

instead maximize the intervention evidence lower-bound (ELBO) with do(e = 0), i.e.
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maxg, g, 0; ELBO(D,do(e = 0)). In particular,

ELBO(D,do(e =0)) =

Ey |log po; (y | do(e =0))p(u)p(v)
(511) ‘ q0, (ul E,do(ezo))qu (Vl E,dO(GZO))

=Eg [log pe, (y | do(e = 0))]
—KL(gp, @l E)Ip(W),qe, v Z)lIp (V)

where = represents required parameters for the conditional probability distributions
of qg,, 9o, and py,, i.e., Z =1{Z,,dy,A,} for q¢,, E = {Zy,d,,A,} for qg, and E = {u, v} for
DPos. 0 =1{01,02,03} is a set of model parameters and KL(-) is KL-divergence between two
distributions.

For the counterfactual data scenario, we assume NCGCF accesses counterfactual
data D' generated by known interventions do(e = e’) on user preference vectors. The
counterfactual vectors e’ hold the same dimension with e and are drawn from a random
distribution. Then, the ELBO of NCGCF with the counterfactual data is,

ELBO(D',do(e =€) = Eg [log pg, (y | do(e =¢'))]

(5.12)
—KL(gp, @] E)Ip(w),qe, VI Z)lIp (V)

Inspired by data augmentation and adversarial training, we augment the clean data
with counterfactual instances to enhance the robustness of our NCGCF meanwhile
capturing user preference shifts. In particular, the total loss function after augmentation

is as below,

Laug (0) = MELBO(D, do(e = 0))
+(1- A)(ELBO(D',do(e =€)

(5.13)

where ZLayg (0) is the loss function for training our NCGCF and © are model parameters.
A is the trade-off parameter between the clean and the counterfactual data scenario.
During the training stage, the loss function is calculated by averaging the ELBO over all

users.

5.1.3.4 Computational Complexity Analysis

Three major components determine the complexity of our proposed NCGCF: 1) Causal
Graph Encoder; 2) Collaborative Filtering (CF) Decoder and 3) Counterfactual Instances-
Based Optimization. The causal graph encoder consists of a user encoder and an item
encoder, which gives the complexity of O(L(Ed + Nd?)) from L-GNN layers, given N as
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the total number of users and items, E as the number of edges, and d as the embedding
size. The semi-implicit general model in the causal graph encoder gives the complexity
of O(L(Ed + Nd?)+ Nd?). The CF Decoder estimates user preference using collaborative
filtering based on matrix factorization. Given M users and K items, the operation of
the dot product for the prediction of preferences gives a complexity of O(MKd). The
complexity of counterfactual optimization is O(INCd), given C counterfactual samples
per training instance. In total, the computational complexity of NCGCF is O(L(Ed +
Nd?+Nd?+MKd +NCd).

5.1.4 Experiments

We thoroughly evaluate the proposed NCGCF for the recommendation task to answer

the following research questions:

* RQ1. How does NCGCF perform as compared with state-of-the-art recommenda-

tion methods?
* RQ2. How do different components impact NCGCF’s performance?

* RQ3. How do parameters in the causal graph encoder affect NCGCF?

5.1.4.1 Setup

Datasets. We conduct experiments on one synthetic dataset and three real-world
datasets to evaluate NCGCF. The synthetic dataset is constructed in accordance with
the causal graph depicted in Figure 5.1(c). The construction process follows a series of
assumptions that reflect causal relations between users and items. For instance, we
assume the causal relation between user features and user preferences based on prior
knowledge, such as the positive effect of high income on preference over high price.
Similar assumptions also apply to item features to user preferences, e.g., the positive
effect of the brand “Apple” on the preference for high-priced items. In particular, the

Synthetic dataset construction is under the following four steps:

1. Feature generation: We simulate |U| = 1,000 users and |I| = 1,000 items, where
each user has one discrete feature (gender) and one continuous feature (income),
while each item has three discrete features, i.e., type, brand and price. For discrete
features, their values in {0, 1} are sampled from Bernoulli distributions. We sample

continuous features from random sampling, in which random feature values are
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chosen from the minimum (i.e., 0) and the maximum (i.e., 1000) feature values. For
both users and items, we assume two exogenous variables (i.e., Z, and Z,) drawn

from the Gaussian distribution.

. Causal neighbor sampling: We synthesize the causal relations U - U and V -V
by creating user/item causal neighbors. In particular, we set the causal neighbor
number N, = 10. We assume a user u’s causal neighbors (i.e., U — U) are those
who have interacted with the same item with the user u. In other words, users
who have shown interest in similar items are considered causal neighbors for each
other. For item causal neighbor sampling (i.e., V — V), we first convert items with
their features into dense vectors through item2vec, then calculate the Euclidean
distances between two items. We assume those items that have the N, smallest

distances from the target item are causal neighbors for the target item.

. User preference estimation: For each user u and item v, the user preference
u e R? towards item property v € R? is generated from a multi-variable Gaussian
distribution .4°(0,I). Then, the preference score y,, between user u and item v is
calculated by the inner product of u and v. Besides, we assume the fine-grained
causal relations from user/item features to the preference score based on prior
knowledge. For example, we assume a positive effect of the “high” income on the
preference over “high” price, thus tuning the preference score to prefer items with
high prices. Besides, a user should have similar preference scores toward an item

and the item’s causal neighbors.

. User interaction sampling: Once we obtain a user u’s preference scores for all items
(i.e., I), we normalize preference scores by —227)__ We select items with k-top

Lirerexp(ryr)
scores as the interactions for the user u € U, where £ is a constant chosen randomly

from range [20,100].

Apart from the synthetic dataset, we also use three benchmark datasets to test our

performance in real-world scenarios. We also assume fine-grained causal relations in

these real-world datasets to ensure users interact with items causally.

¢ Amazon-Beauty and Amazon-Appliances: two sub-datasets from Amazon Prod-
uct Reviews 2 [78], which record large crawls of user reviews and product metadata

(e.g., brand). Following [76], we use brand and price to build item features since

Shttps:/nijianmo.github.io/amazon/index.html
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other features (e.g., category) are too sparse and contain noisy information. We use
co-purchased information from the product metadata to build item-item causal
relations, i.e., V — V. The co-purchased information records item-to-item relation-
ships, i.e., a user who bought item v also bought item i. We assume an item’s causal
neighbors are those items that are co-purchased together. For user-user causal
relation (i.e., U — U), we assume a user’s causal neighbors are those who have
similar interactions, i.e., users who reviewed the same item are neighbors for each
other.

» Epinions * [190]: a social dataset recording social relations between users. We
convert user/item features from the dataset into one-hot embeddings. We use
social relations to build user causal neighbors, i.e., a user’s social friends are the
neighbors of the user. Besides, items bought by the same user are causal neighbors

to each other.

For the three real-world datasets, we regard user interactions with overall ratings
above 3.0 as positive interactions. For the synthetic dataset, we regard all user-item
interactions as positive as they are top items selected based on users’ preferences. The
statistics of the four datasets are shown in Table 6.8. For model training, we randomly
split samples in both datasets into training, validation, and test sets by the ratio of 70%,
10%, and 20%.

Table 5.1: Statistics of the datasets.

Dataset Synthetic | Amazon-Beauty | Amazon-Appliances | Epinions
# Users 1,000 271,036 446,774 116,260
# Items 1,000 29,735 217,888 41,269
# Interactions | 12,813 311,791 522,416 181,394
# Density 0.0128 0.0039 0.0041 0.0038

Baselines. We compare NCGCF with eight competitive recommendation methods.

* BPR [161]: a well-known matrix factorization-based model with a pairwise ranking

loss to enable recommendation learning from implicit feedback.

* NCF [81]: extends CF to neural network architecture. It maps users and items
into dense vectors and feeds user and item vectors into an MLP to predict user

preferences.

4http://www.cse.msu.edw/ tangjili/trust.html
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* MultiVAE [121]: extends CF to variational autoencoder (VAE) structure for im-
plicit feedback modeling. It formulates CF learning as a generative model and uses

variational inference to model the posterior distributions.

* NGCF [205]: a GCF that incorporates two GCNs to learn user and item embed-
dings. The learned embeddings are passed to a matrix factorization to capture the

collaborative signal for recommendations.

* VGAE [104]: a graph learning method that extends VAE to handle graph-structured
data. We use VGAE to obtain user and item embeddings and inner product those

embeddings to predict user preference scores.

e GC-MC [10]: a graph-based auto-encoder framework for matrix completion. The en-
coder is a GCN that produces user and item embeddings. The learned embeddings

reconstruct the rating links through a bilinear decoder.

¢ LightGCN [80]: a SOTA graph-based recommendation model that simplifies the
GCN component. It includes the essential part in GCNs, i.e., neighbor aggregation,

to learn user and item embeddings for collaborative filtering.

e CACF [253]: a method that learns attention scores from individual treatment effect

estimation. The attention scores are used as user and item weights to enhance the
CF.

Evaluation Metrics. We use three Top-K recommendation evaluation metrics, i.e.,
Precision@K, Recall@K and Normalized Discounted Cumulative Gain(NDCG)@K. The
three evaluation metrics measure whether the recommended Top-K items are consistent
with users’ preferences in their historical interactions. We report the average results with
respect to the metrics over all users. The Wilcoxon signed-rank test is used to evaluate
whether the improvements against baselines are significant.

Implementation Details. We implement our NCGCF using Pytorch. The code and
datasets are released in https://github.com/Chrystalii/CNGCF. The latent embed-
ding sizes of neural networks for all neural-based methods are fixed as d = 64. The in-
dimension and out-dimension of the graph convolutional layer in NCGCF, NGCF, VGAE,
GC-MC and LightGCN are set as 32 and 64, respectively. We apply a dropout layer
on top of the graph convolutional layer to prevent model overfitting for all GCN-based
methods. The hyper-parameters of all methods are chosen by the grid search, including
the learning rate Z, in {0.0001,0.0005,0.001,0.005}, Ly norm in {107°,107%,--- 10,102},
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and the dropout ratio p in {0.0,0.1,---,0.8}. The Adam optimizer is applied to all methods
for model optimization, where the batch size is fixed as 1024. We set the maximum
epoch for all methods as 400 and use the early stopping strategy, i.e., terminate model
training when the validation Precision@10 value does not increase for 20 epochs. To
ensure a fair comparison, all baseline methods are trained using the same data used in
our NCGCF. This includes using causality-enhanced node features and causal relations,

such as item-item and user-user relationships, in the training process for all models.

5.1.4.2 Recommendation Performance (RQ1)

Table 5.2: Recommendation performance comparison.

Dataset Synthetic Amazon-Beauty Amazon-Appliances Epinions
Method  Precision@10 Recall@10 NDCG@10 Precision@10 Recall@l0 NDCG@10 Precision@10 Recall@l0 NDCG@10 Precision@10 Recall@10 NDCG@10

BPR 0.5214 0.4913 0.6446 0.3555 0.3319 0.4111 0.3720 0.3574 0.4356 0.3022 0.2895 0.4889
NCF 0.6120 0.6293 0.7124 0.3618 0.3659 0.4459 0.3871 0.3789 0.4771 0.3551 0.3364 0.5432
MultiVAE 0.6248 0.5999 0.8101 0.4418 0.4112 0.4616 0.4544 0.4428 0.5998 0.4229 0.3888 0.5331
NGCF 0.5990 0.5681 0.7477 0.4512 0.4003 0.5188 0.4271 0.3778 0.5555 0.4018 0.3912 0.5012
VGAE 0.5446 0.5572 0.7778 0.3499 0.3812 0.4466 0.3681 0.4014 0.5019 0.3590 0.3460 0.4913
GC-MC 0.6115 0.6226 0.8116 0.4666 0.4615 0.5612 0.4718 0.4518 0.5677 0.4666 0.4218 0.5112
LightGCN 0.6439 0.6719 0.8223 0.4810 0.4778 0.5501 0.4844 0.4652 0.6028 0.4717 0.4544 0.5436
CACF 0.4482 0.4158 0.5555 0.3101 0.3005 0.3888 0.3222 0.3188 0.4215 0.2899 0.2765 0.3445
NCGCF 0.7952 0.6889 0.8538 0.5148 0.5183 0.6855 0.6510 0.5271 0.8193 0.4990 0.5030 0.5589
Improv.% +23.4% +2.5% +3.8% +7.0% +8.4% +22.1% +34.3% +13.3% +35.9% +5.7% +10.6% +2.8%

Precision@20 Recall@20 NDCG@20 Precision@20 Recall@20 NDCG@20 Precision@20 Recall@20 NDCG@20 Precision@20 Recall@20 NDCG@20

BPR 0.6111 0.5536 0.6338 0.3561 0.3420 0.4062 0.3941 0.3599 0.4322 0.3332 0.3232 0.4689
NCF 0.6678 0.6446 0.7003 0.3699 0.3691 0.4330 0.3999 0.4033 0.4519 0.3719 0.3614 0.5255
MultiVAE 0.6779 0.6136 0.8006 0.4496 0.4200 0.4555 0.4819 0.4716 0.5911 0.4465 0.4055 0.5133
NGCF 0.6233 0.5999 0.7312 0.4612 0.4112 0.5081 0.4666 0.4258 0.5499 0.4223 0.4210 0.4811
VGAE 0.5847 0.5687 0.7613 0.3551 0.3999 0.4410 0.3771 0.4228 0.4761 0.3667 0.3598 0.4781
GC-MC 0.6665 0.6317 0.8091 0.4781 0.4771 0.5582 0.4892 0.4881 0.5514 0.4815 0.4451 0.4999
LightGCN 0.6904 0.6819 0.8108 0.5023 0.4869 0.5306 0.4919 0.4781 0.5613 0.4915 0.4718 0.5221
CACF 0.4567 0.4266 0.5348 0.3186 0.3211 0.3678 0.3418 0.3271 0.4103 0.2747 0.2910 0.3368
NCGCF 0.8081 0.6844 0.8603 0.5153 0.5106 0.7123 0.6367 0.5055 0.8501 0.5002 0.5034 0.5667
Improv.% +17.0% +0.3% +6.1% +2.5% +4.8% +27.6% +29.4% +3.5% +43.8% +1.7% +6.6% +7.8%

We show the recommendation performance of our NCGCF and all baselines on the

four datasets in Table 6.9. By analyzing Table 6.9, we have the following findings.

* NCGCF consistently outperforms the strongest baselines on both synthetic and
real-world datasets, achieving the best recommendation performance across all
three evaluation metrics. In particular, NCGCF outperforms the strongest baselines
by 23.4%, 7.0%, 34.3% and 5.7% w.r.t Precision@10 on Synthetic, Amazon-Beauty,
Amazon-Appliances and Epinions, respectively. Additionally, NCGCF improves
2.5%/3.8%, 8.4%/22.1%, 13.3%/35.9% and 10.6%/2.8% for Recall@10/NDCG@10 on
the four datasets, respectively. The superiority of NCGCF can be attributed to two
factors: the power of neural graph learning and the modeling of causality. Firstly,
graph learning explicitly models the interactions between users and items as a

graph, and uses graph convolutional networks to capture the non-linear relations

109



CHAPTER 5. IMPROVING RECOMMENDATIONS USING CAUSAL INFERENCE

from neighboring nodes. This allows graph learning to capture more complex user

behavior patterns. Secondly, modeling causal relations allows us to identify the

causal effects of different items on users, thus capturing true user preferences on

items. By injecting causal modeling into graph representation learning, our NCGCF

captures more precise user preferences to produce robust recommendations against

baselines.

* NCGCF achieves the most notable improvements (e.g., 35.9% NDCG@10 and 43.8%
NDCG@20) on the Amazon-Appliances dataset. Amazon-Appliances dataset is a

large-scale dataset with a considerable amount of user behavior data that may

be noisy and challenging to model. Nevertheless, NCGCF still outperforms all

baselines. We consider the reason is that NCGCF injects causality into graph

learning, enabling the model to surpass merely capturing spurious correlations

among noisy data. This results in more accurate and reliable modeling of true user

preferences.

¢ NGCF that uses graph representation learning outperforms NCF without graph

learning. This is because NGCF models user-item interactions as a graph, and

uses graph convolutional networks to capture more complex user-user collabora-

tive behavior to enhance recommendations. In contrast, NCF uses a multi-layer

perception to learn user and item similarities, which captures only linear user-item

correlations from the interaction matrix. Moreover, GC-MC and LightGCN outper-

form other graph learning-based baselines (i.e., NGCF, VGAE) in most cases. This

is because GC-MC and LightGCN aggregate multiple embedding propagation lay-

ers to capture higher-order connectivity within the interaction graph. Similarly, our

NCGCF incorporates layer aggregation within our causal graph encoder, enabling

us to capture higher-order connectivity and produce better graph representations

for improved recommendation performance.

* NCGCF outperforms all graph learning-based baselines, including NGCF, VGAE,
GC-MC and LightGCN. This is because NCGCF models causal relations within the

graph learning process. Guided by the causal recommendation generation process,

NCGCF is able to inject causal relations under the Structural Causal Model into

the learning process of the graph convolutional network. This allows NCGCF to

uncover the causal effect of items on users and capture user behavior patterns

more accurately.
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5.1.4.3 Study of NCGCF (RQ2)

Table 5.3: Recommendation performance after replacing the causal graph encoder with

different graph representation learning methods.

Variants Precision@10 Recall@10 NDCG@10
Synthetic
NCGCF 0.7952 0.6889 0.8538
NCGCF-GCN 0.5358(-32.7%) 0.5182(-24.7%) 0.7025( -17.7%)

NCGCF-Graphsage
NCGCF-Pinsage

0.5038(-36.8%)
0.5819(-26.8%)

0.5005(-27.4%)
0.5498(-20.2%)

0.7022(17.8%)
0.7446( -12.8%)

Amazon-Beauty

NCGCF
NCGCF-GCN
NCGCF-Graphsage
NCGCF-Pinsage

0.5148
0.4991(-3.04%)
0.5011(-2.67%)
0.5008(-2.72%)

0.5183
0.5029(-2.97%)
0.5039(-2.78%)
0.5043(-2.70%)

0.6855
0.4886(-28.68%)
0.5243(-23.55%)
0.5143(-25.01%)

Amazon-Appliances
NCGCF 0.6510 0.5271 0.8193
NCGCF-GCN 0.5067(-3.04%) 0.5167(-2.97%) 0.6614(-28.68%)

NCGCF-Graphsage
NCGCF-Pinsage

0.5085(-2.67%)
0.5083(-2.72%)

0.5184(2.78%)
0.5178(-2.70%)

0.6670(- 23.55%)
0.6631(-25.01%)

Epinions
NCGCF 0.4990 0.5030 0.5589
NCGCF-GCN 0.4812(-3.55%) 0.4990(-0.79%) 0.5013(-10.28%)

NCGCF-Graphsage
NCGCF-Pinsage

0.4809(-3.62%)
0.4871(-2.38%)

0.4989(-0.81%)
0.4994(-0.71%)

0.4999(-10.52%)
0.4930(-11.74%)

We start by exploring how replacing our causal graph encoder with other graph rep-
resentation learning methods, i.e., naive GCN [103], Graphsage [74] and Pinsage [244],
impact NCGCF’s performance. We then analyze the influences of core components,
including causality-aware message passing and counterfactual instance-aware ELBO.
Effect of Causal Graph Encoder. The causal graph encoder plays a pivotal role in
NCGCF by modeling the causal relations of nodes. To investigate its effectiveness, we
replace our causal graph encoder with different encoders built by other graph learning
methods. In particular, we use GCN [103], Graphsage [74] and Pinsage [244] to produce
user and item embedding vectors for the decoder learning phase, and compare the
performance of NCGCF before and after the replacements. We present the experimental
results in Table 5.3. We find that both GCN, Graphsage and Pinsage-based encoders
downgrade the performance of NCGCF compared to NCGCF equipped with our proposed
causal graph encoder. For instance, NCGCF with a GCN-based encoder downgrades
the NDCG@10 by 28.68% on the Amazon-Beauty. This is because GCN, Graphsage and

Pinsage cannot capture the causal relations of nodes in the interaction graph, leading to
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insufficient representations of users and items. On the contrary, our causal graph encoder
captures the intrinsic causal relations between nodes using the causality-aware message
passing; thus, it learns causality-aware user and item representations to better serve
the later decoder learning. Moreover, the GCN-based encoder downgrades the NCGCF
performance most severely compared with GraphSage and Pinsage-based encoders. This
is because naive GCN performs transductive learning requiring full graph Laplacian,
whereas GraphSage and Pinsage perform inductive learning without requiring full graph
Laplacian to handle large-scale graph data well. We thus conclude that an inductive
learning setting is more desired for our NCGCEF, especially when facing large-scale graph
data.

Table 5.4: Ablation study on NCGCF.

Variants  Precision@10 Recall@10 NDCG@10
Synthetic
NCGCF 0.7952 0.6889 0.8538

- CM 0.5806(-31.9%) 0.5491(—-20.3%) 0.7179(-16.0%)
- CI 0.7781(-2.1%) 0.6654(—-3.4%) 0.7573(—11.2%)
Amazon-Beauty

NCGCF 0.5148 0.5183 0.6855
- CM 0.5007(-2.7%) 0.5060(-2.3%) 0.5383(—20.7%)
- CI 0.5101(-0.9%) 0.5081(-2.0%) 0.5738(—15.9%)

Amazon-Appliances

NCGCF 0.6510 0.5271 0.8193
- CM 0.6357(-2.4%)  0.5050(-4.2%) 0.6864(—16.2%)
- CI 0.6445(-1.0%)  0.5143(-2.4%) 0.7956(—2.9%)

Epinions

NCGCF 0.4990 0.5030 0.5589
- CM 0.4695(—-6.0%) 0.4936(-1.9%) 0.4647(—16.9%)
- CI 0.4794(-3.9%) 0.5018(-0.2%) 0.5139(—8.1%)

Effect of Causality-aware Message Passing. The causality-aware message passing
models the dependency terms between each of the structural equations as the causal
relations between nodes. We present NCGCEF’s performance after removing the causality-
aware message passing in Table 6.11. We observe that removing the component down-
grades NCGCF’s performance, indicating the importance of causality-aware message
passing in helping NCGCF achieve favorable recommendation performance. We thus
conclude that modeling the causal relations between nodes within the graph-structured
data is essential for graph learning-based models to uncover true user preferences for

improved recommendations.
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Effect of Counterfactual Instance-aware ELBO. The counterfactual instance-aware
ELBO augments counterfactual instances for NCGCF optimization. We present NCGCF’s
performance after removing the counterfactual instance-aware ELBO in Table 6.11. Ap-
parently, removing the counterfactual instance-aware ELBO leads to the downgraded per-
formance of NCGCF on both datasets. This is because our counterfactual instance-aware
ELBO augments counterfactual instances, i.e., the intervened data on user preference

vectors, thus facilitating better model optimization to capture user preference shifts.

5.1.4.4 Parameter Analysis of Causal Graph Encoder (RQ3)

We analyze NCGCF’s performance under different embedding sizes n of the semi-implicit
generative model in the causal graph encoder. We also investigate the node dropout
ratios p of the dropout layer applied in the causal graph encoder.

Effect of Embedding Size. Figure 5.3 (a) (b) (c) report the parameter sensitivity of
our NCGCF w.r.t. embedding size n with n = {16,32,64,128,256,512,1024,2048}. Appar-
ently, the performance of NCGCF on Amazon-Beauty, Amazon-Appliances and Epinions
demonstrates increasing trends from n = 16, then reaches the peak when n =512, n = 64
and n = 256, respectively. This is reasonable since n controls the number of latent vectors
of users and items from the semi-implicit generative model, and low-dimensional latent
vectors cannot retain enough information for the encoder learning phrase. After reaching
the peaks, the performance of NCGCF degrades slightly and then becomes stable. The
decrease in performance is due to the introduction of redundant information as the
embedding size becomes too large, which can affect the model. Additionally, we observe
the largest Amazon-Appliances dataset requires the smallest embedding size of n = 64 to
reach its peak performance compared to the other two datasets. This is because a larger
embedding size brings large-scale datasets a higher computational burden, thus limiting
the model’s performance.

Effect of Dropout Ratio. We employ a node dropout layer in the causal graph encoder
to prevent model overfitting. We show the influence of node dropout ratio p on the three
datasets in Figure 5.3 (d) (e) (f). We observe that the performance of NCGCF on both
Amazon-Beauty, Amazon-Appliances and Epinions exhibits a decreasing trend as we
increase the node dropout ratio p from 0.0 to 0.3, but recovers at p = 0.4. After p = 0.4,
the performance of NCGCF decreases as the dropout ratio increases. We believe that
the reduced performance could be attributed to the removal of crucial information that
the model needs to learn from the data, thus impairing the NCGCF’s performance.

Nevertheless, the recovered performance at p = 0.4 indicates that NCGCF is robust to
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Figure 5.3: Parameter analysis on causal graph encoder.
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balance the loss of information and overfitting.

5.1.5 Summary

In this work, we propose Neural causal graph Collaborative Filtering (NCGCF), the
first causality-aware graph representation learning framework for graph collaborative
filtering. In particular, NCGCF injects causal relations between nodes into the graph
representation learning process. The integration of causal modeling and graph repre-
sentation learning offers a novel perspective to facilitate accurate recommendations. In
the proposed method, we first craft a causal graph to describe the learning process of
causality-aware graph representations. Our causal graph abandons the strong assump-
tion of user and item independence in current recommendation models. We then construct
a Neural Causal Model to parameterize each of the structural equations under the causal
graph as trainable neural networks. The proposed Neural Causal Model completes the
first Neural-Causal Connection for the causal modeling of graph convolutional networks
in recommendations. Finally, we approximate the Neural Causal Model using variational
inference, with a semi-implicit generative model enabling causality-aware message pass-
ing for graph learning. As a result, NCGCF effectively models complex node and variable
dependencies under structural equations. Extensive evaluations of recommendation

performance highlight NCGCF’s ability to produce precise recommendations.

5.2 Counterfactual Policy Optimization

5.2.1 Overview

Research Question. Reinforcement learning (RL)-based approaches have attracted a
lot of attention in recommender systems, in which an agent (recommender) is guided
by a recommendation algorithm (policy) to drive user interaction with the environ-
ment [112, 126]. The core idea of RL methods is to train RS as an intelligent agent that
learns an optimal recommendation policy to maximize each user’s long-term satisfaction
with its system [31]. To train such an optimal RL agent, it is natural to perform online
learning on interactions between recommender systems and users. However, such online
learning is infeasible in real RS since it might degrade user satisfaction and deteriorate
the revenue of the platform [30, 63]. Fortunately, off-policy learning emerges as a favor-
able opportunity for policy optimization, which uses historical user feedback instead of

constructing expensive online interactive environments [94, 146, 233]. Therefore, this

115



CHAPTER 5. IMPROVING RECOMMENDATIONS USING CAUSAL INFERENCE

research aims to investigate the off-policy learning methods for recommender systems so
that dynamic user interactions can be modeled to improve recommendation performance

without using expensive and risky online learning.
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Figure 5.4: Off-policy learning in recommendation.

Research Objective. As shown in Figure 5.4, the goal of off-policy learning is to
maximize each user’s long-term satisfaction with the system, given the logged data
generated by a logging policy. Achieving this off-policy goal has to address the question of
“how much reward would be received if a new target policy had been deployed instead of
the original logging policy?”. This counterfactual question is not easy to address since the
target policy is different from the historical logging policy in the off-policy setting [188]. To
this effect, most off-policy learning for recommendation relies on inverse propensity score
(IPS) estimator correction to get an unbiased empirical risk minimization objective [32,
133]. A major disadvantage of these methods is that IPS is likely to be over-fitted as some
actions have zero probability of being taken in recommender systems [95]. For example,
compared with a large action space (e.g., items) in a recommender system, actions taken
by users are limited in a deficiency action space due to the ubiquity of biases [25] (e.g.,
exposure bias or conformity bias). Thus, a large number of actions would not be selected
at all in recommender systems, leading to the “poor gets poorer” phenomenon [48], i.e..,
a video will not be nominated in the target policy simply because it was never nominated
in the behavior logging policy. Therefore, the research objective of this research is to
develop a learning method that alleviates the “poor gets poorer” issue brought by the
IPS-based estimators.

Motivations. This research is motivated by the following intuition: real-world context
information could be useful in dealing with deficient log data and empowering off-policy
learning in the recommendation. An example is shown in Figure 5.5, we have a user

u1 exposed to (i1,i2) but not to (i3,i14). As a result, it is impossible to learn cumulative
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Figure 5.5: A toy example of inferring rewards from HIN.

rewards (e.g., users’ feedback during a period of time) for a policy that selects actions (e.g.,
i3 and i4) not contained in the logged data. That means information about the reward
for the action of interacting with i3 and i4 can never be chosen by the deterministic
logging policy. Fortunately, we can infer such feedback information with the assistance
of contextual information. Suppose u; offers positive feedback to i1 and i2. Since both
i1 and i have the same actor a; and the same director as, we may infer that the
combination of actor a1 and director ag is an important factor of u1’s interest. The movie
14 with the same actor a1 and director as should be highly likely to be preferred by u1.
By contrast, u; probably has less interest in i3 with a different actor. That means ig
and i4 could offer high-quality negative feedback and positive feedback of i4. As such,
exploiting the contextual information can alleviate the “poor gets poorer” phenomenon

in off-policy learning for the recommendation.

The Proposed Approach. This research proposes to correct off-policy biases with the
assistance of a Heterogeneous Information Network, i.e., HIN augmented off-policy
learning (HINpolicy). In particular, we design a co-attentive mechanism to mutually
derive the interaction-specific context information to produce the high-quality target
policy of the recommendation. Meanwhile, counterfactual risk minimization is designed
to explore the target policy so as to optimize the behavior policy that can maximize users’

long-term satisfaction.

Contributions. The proposed method offers the following contributions:
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* We are the first to leverage contextual information in HIN to provide high-quality

target policy learning for correcting the bias in off-policy recommendations.

* We develop a new end-to-end framework HINpolicy, which achieves counterfactual

risk minimization in an explicit manner under the co-attention mechanism.

¢ Empirically, we generate an online environment using simulators to carry out
experiments on two benchmark datasets. Extensive results show that our methods

outperform the state-of-the-art methods.

5.2.2 Off-policy Learning for Recommendation

Unlike classical reinforcement learning, off-policy learning does not have real-time
interactions with recommender systems due to learning and infrastructure constraints.
Instead, in the off-policy learning setting for the recommendation, we have access to a
logged dataset of trajectories 2. The generation of & can be formulated with a Markov

Decision Process (MDP) as denoted in Figure 5.4, where

e &: a continuous state space describing the user states, e.g., user’s contextual

information involved during interactions;

* o/: a discrete action space containing items available for recommendation;

22 the state transition probability;

R: r(s,a) € Z is the immediate reward produced by taking the action a to the user

state s;
¢ vy:a discount factor y € [0,1] used for future immediate rewards;

Particularly, ¥ = {¥,«/,22, %, Y} has been collected under stochastic logging policy
mo(als) that describes a probability distribution over items < (i.e., action), conditioned
on user states .. Meanwhile, the recommender system receives feedback reward r(a,s)
(i.e., clicks or watch time) for this particular state-action pair. As a result, training a
recommender system seeks a policy g that maximizes the expected cumulative rewards
R(my) over potentially infinite time horizon T, is defined as,

T

Z Ytr(styat)

t=0

(5.14) R(mg) = [ESO~p(s),at~n9(alst),st+1~P(5|st,az)

where p(s) is the initial distribution of user states, P (s |s¢,a;) € 22 is the state transition

probability.
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5.2.3 Methodology

5.2.3.1 The HINpolicy Framework
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Figure 5.6: Our model framework of HINpolicy. Our HINpolicy includes rich contextual
information retained in meta-path schemes for policy learning, thus capturing the
potential influence of user/item attributes.

The overall framework of HINpolicy is presented in Figure 5.6, which consists of
two important components: HIN-augmented policy learning and counterfactual risk
minimization. In HIN-augmented policy learning, we aim at leveraging complex rela-
tions in meta-paths to learn the meta-path context for the involved users and actions,
then use the designed co-attention mechanism to derive the context-aware state that
guides a better policy learning for the recommendation. We further take advantage of
counterfactual risk minimization for the unbiased approximation of policy evaluation.
Bias is ubiquitous in the off-policy learning setting [63], since the logged feedback data
generated by a historical behaviour policy 7y of the recommender system is different
from the target policy mg trained. To correct the bias of distribution mismatch between
behavior policy and target policy, counterfactual risk minimization (CRM) [188] uses IPS
estimator to re-weight the logged data according to ratios of slate probabilities under the
target and logging policy. The final corrected recommendation policy g is then used to
produce candidate actions that wait to be re-ranked by the Top-K ranking model.
HIN-augmented policy learning. While off-policy learning methods [133] achieve
great success towards policy optimization in recommendations, the benefits of contextual
information are not fully explored to improve policy learning. A heterogeneous informa-
tion network (HIN), whose nodes are of different types and links among nodes represent
different relations, reveals high-order dependency in recommendation environments
(e.g., users’ behaviors, recommendation policies, and action aspects). Towards this, we
take HIN as the prior knowledge of the policy learning to exploit its rich relations for

exploring more suitable positive feedback that is missing in the logged data. We propose
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HIN-augmented policy learning that learns context-aware state by updating user state
representation, meta-path context and action representation in a mutual enhancement

way, so as to guide a better target policy learning. In particular,

¢ State Representation. To derive the impact of meta-path based context towards
the preference shift of users on taking actions, we first categorize the user state
s; with key information about the user preference. We design the state repre-
sentation module, which extracts the user’s preferences through its historical
interactions with items. Generally, the state representation s; at time ¢ in an online
recommendation scenario is learned from the user’s interactions (e,g., clicked) at
timestep ¢. Formally, for state s;, we have a set of actions o; ={i1,i9,...,i,} inter-
acted by the user. Considering {o0;} have sequential patterns, we resort Recurrent
Neural Networks (RNN) to learn an embedding vector o; € R? from {o;}. To ag-
gregate user’s historical embedding o;, we conducted experiments with a large
volume of popular RNN cells, including Bidirectional Recurrent Neural Networks
(BRNN) [172], Gated Recurrent Units (GRU) [35], and Long Short-Term Memory
family (LSTM) [65] with varying gates. Finally, the RNN with a gated recurrent
unit (GRU) stands out among these cells due to its stability and computational

efficiency. Hence, we learn the representation of the user state s; by a GRU cell:

z; =0g(W10; +Ugsy—1 +b1)

ri1=0g (Woo0; +Ugs;_1 +b2)
(5.15)

8§t =0 (W30; +Us(rs054-1) +b3)

§;=(1—24)08s_1+2:08;

where z; and r; denote the update gate and reset gate vector generated by GRU, o
is the element-wise product operator, W;, U; are weight matrix and b; are the bias
vectors. Particularly, the hidden state s; is generated by a GRU with inputs of a
previous hidden state s;_; and a new candidate hidden state $;. Finally, s; serves

as the representation of the current user state.

¢ Attentive Meta-path Context Representation. The attentive meta-path con-
text representation module produces interaction-specific context that captures
diverse semantics of meta-paths on user-action interactions. Our attentive meta-
path context representation module calculates attention weights over meta-paths
conditioned on state-action pairs, thus can capture the influence of each meta-path

on user interest drift. In the attentive meta-path context representation module,
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we first resort to Meta-path Based Random Walks [41] for generating path in-
stances p = {vy,---,v;} under a specific meta-path scheme p through an effective
meta-path instance sampling. To further capture both the semantics and structural
correlations between different types of nodes, we adopt Convolution Neural Net-
work (CNN) [129] parameterized by © to transform p of lengths / into meta-path

embedding as,
(5.16) ¢p = max-pooling ({CNN (X¢3;0)}7 )

where {Xf } denote the set of embeddings for L path instances from meta-path
p, where each Xf denotes the embedding matrix of a path instance p. Assume
L path instances can be generated under a meta-path p, we apply max pooling

operation [144] to aggregate them into one embedding c,.

We then learn the interaction-specific meta-path context representation. Having
obtained the meta-path embeddings c;, of meta-path p, we pair the meta-path
embedding c, with the current user state s; and a dispensing action a;. The
dispensing action a; can be represented as a one-hot representation a; overall
potential actions in &/, however, such a one-hot encoding manner may result in
high computation complexity. Thus, we implement a simple embedding lookup
layer to transform the one-hot representation a; of action a; into low-dimensional

dense vectors:
(5.17) et:QT'at

where Q' € R/*4 is the parameter matrix which stores the latent factors of actions
and d is the embedding dimension, e; € R? is the dense embedding of action a;.
Given user state s; , context embedding c, and action embedding e;, we implement
a two-layer attention mechanism as,

(5.18) ally o= F(WPs+ WPe, + Wile, +b)

St,0t,p

(5.19) a® =f (W(2)T aV +b(2>)

S¢,a¢,p - S¢,a¢,P

where (W} and b denote the weight matrix and the bias vector for the first
layer, and the W® and 5® denote the weight vector and the bias for the second

layer, f(-) is set to the ReLU function. As we care about the user-action interaction,
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we select all meta-path schemes whose starting node type is user while the ending

node type is action (i.e., item), and denote those meta-path schemes into meta-path

schemes set .4, _.,. We then normalize the attentive scores a(s%?a .p in Eq. (6.19)

over all meta-path schemes in .4, _., using a softmax function, and derive the final

interaction-specific meta-path context representation c,_, € R? as a weighted sum:

(2)
exp (“St,at,p)

(5.20) Cymg = Z

@ P
PEMly—a X /e My €XP Csranp

¢ Target Policy Learning. For each time ¢ € T, the interaction-specific meta-path

context representation can provide important semantics to regulate the user state

and the involved actions. Therefore, user state s; and action representation e;

should be adjusted accordingly based on context representation c,_., for the later

off-policy learning. Specifically, we first compute the attention vectors of meta-path

context on users state and actions in <user state - meta-path context - action> pairs,

then use these attention vectors to refine the user state/action representations in

origin space. Formally, giving user state s; in Eq. (5.15) and the action representa-

tion e; in Eq. (5.17), and the meta-path based context embedding c,_., connecting

them, we use a single-layer network to compute the attention vectors g* and

for user state s; and action a; as,

B! =Relu(Wy,s;+Wy_qCy—q+by)
B; =Relu(Wye; + Wy _qCy—q +Dbg)

(5.21)

where W, and b,, denote the weight matrix and bias vector for user state attention;

W, and b, denote the weight matrix and bias vector for action attention. Then,

the final representations of user states and actions are computed by using an

element-wise product with the attention vectors:

S, =p%os
(5.22) t=Pros
& =P;oe;

We now transform the refined representations of user state $; and action &;, along

with interaction-specific context representations ¢, _., into the HIN-enhanced state

sy %€ R?, to parametrize the policy mg. Specifically, the three embedding vectors

are combined into a unified representation at the current interaction t € T as,
(5.23) S?_»a =§;®Cy_qPé;
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where & denotes the vector concatenation operation. The s}~ serves as the final

representation of the HIN-enhanced user interests taken at time ¢. The policy
mglaslsy ™), which is the probability of recommending the action a; given the

possible action space <f;, is modeled as a softmax function:

T Ju—a
exp(e,, s
(5.24) molay | 847 = plerss L u)ﬁa
Zatedt eXp (et st )

where e;.1 € R? is also derived by the embedding lookup operation as denoted in
Eq. (5.17). In fact, e;,1 is the embedding of action a;.1 which dispensed in the next
time step ¢ + 1.

Counterfactual Risk Minimization for Recommendation. The goal of off-policy
learning is to maximize each user’s long term satisfaction with the system, given the
historical logged data generated by historical logging policy 79. Remember that the
target policy 7, which is what we care about most, serves to optimize RS to maximize
the objective cumulative rewards in (5.14). To achieve this goal, we have to address
the counterfactual question that how much reward would be received if a new target
policy g in Eq. (5.24) had been deployed instead of the original logging policy 7. This
counterfactual question is not easy to address, since the target policy 7y is different from
the historical logging policy 7 in the off-policy setting. Here we apply Counterfactual
Risk Minimization (CRM) [188] to correct the discrepancy between the target policy g
and logging policy 7, thus to answer the counterfactual question.

It is well-known that the inverse propensity scoring (IPS) estimator is a common
practice to correct the discrepancy between 7y and mg [17]. However, the IPS estimator
suffers from the “propensity overfitting” issue due to the uncertainty on rare actions [95,
133]; when directly optimizing IPS within a learning algorithm, the results tend to have
a large variance. To reduce the variance, we resort to a clipped estimator that caps the
propensity ratios (i.e., importance weight) to a maximum value [17]. The core idea is
to regulate large weights necessarily associated with actions that are different to the

logging policy. The clipped estimator (cIPS) can be represented as

1Z molas | sy
(5.25) L.ps(mg)==) r min{—_,, }
cIPS\/tH T t:Zi t ﬂO(at | Sz; a)

where c is a constant that serves as the regulator for constraining the importance weight

mo(aslss)
molatlst)

but introduces larger bias. We thus follow Joachims et.al [97] to prevent the additional

to at most ¢, smaller value of constant ¢ reduces variance in the gradient estimate,
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bias by adding an empirical variance penalty term A as,

1z o (atlsu*“)
5.26 LY oo(mg) = = — A¢)min —t,
( ) cps(o) T t;("t +)mi { o (at | Sl;—»a)

where A; regulates the corresponding reward r; at each interaction By plugging Eq. (5.26)

into objective function Eq. (5.14), we have:

R(1p) = Exy [1'Lips(n0)|
(5.27) T g (at | Su—»a)
—-F ¢ u—»a, -1 . 3 )
g t:z()Y (I"(St a’t) t) mln{ o (at | sl;—»a) C}‘

5.2.3.2 Top-K Recommendation

We focus on the widely-adopted Top-K recommendation task and utilize the two-stage
policy gradient strategy [133] as our learning method. The two-stage setup with candi-
date generation followed by ranking has been widely adopted in industry [15, 36, 45],
which is capable of recommending highly personalized items from a huge item space in
real-time. In the training phrase, the trained target policy 7y in Eq. (5.27) is fed into
candidate generation model to form the probability over the possible candidate sets
o € of conditioning on the current state s;, denoted by pg (< | s:). The possible candi-
date sets <f; can be the combination of any items i € .#. The ranking model delivers the
final recommendation results through optimizing together with the candidate generation
model, which is drawn from a probability over all action a; conditioned on the current
state s; and a candidate set <f;, denoted by qg(a; | s¢,</). Assuming that the policy takes
a function form 7y parameterized by 6 € R?, the policy gradient of the cumulative reward
function Eq. (5.27) w.r.t. 6 can be expressed as the following REINFORCE gradient
thanks to the log-trick:

T
VoR (m9) = Ex, [ Y_ 7' (r (s¥7% at) — A¢) Vologmg (a; | s¥7¢)
=0

g (ar|s4™9)
mo(arlsi )"

T

;)Yt (r (st~ ar) = A)

{ Yot qo (ar | 847%, oty Vop, (| s¥7%) CH

mo (ag | s¥79)

(5.28)
= Ey,

Here, we consider REINFORCE [227], a typical policy gradient method, as our

optimization algorithm is to search the optimal policy in recommendation.
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5.2.3.3 Computational Complexity Analysis

HINPolicy consists of two key components: 1) HIN-Augmented Policy Learning: which
leverages meta-paths and co-attention for state representation learning, 2) Counterfac-
tual Risk Minimization (CRM): which uses importance sampling to correct distribution
bias. The HIN-augmented policy learning has two steps - state representation and atten-
tive meta-path context representation - in which the complexity comes from RNN and
Meta-path-based Random Walks, respectively. The complexity of CRM-based optimiza-
tion depends mainly on the complexity of IPS re-weighting, in which the IPS estimator
adjusts the M historical interactions and has the complexity of O(M). Analyzing the
above, meta-path and state representation learning dominate the computational cost,
particularly for large-scale HINs with extensive meta-paths. In addition, the co-attention
mechanism scales quadratically with the size of the embedding d and the heads of

attention C.

5.2.4 Experiments

To thoroughly evaluate the proposed off-policy method for the recommendation, we

conduct extensive experiments to answer the following research questions:

* RQ1. How does our HINpolicy perform compared with state-of-the-art off-policy

recommendation methods?

* RQ2. How does HIN information affect our method and different sparsity levels of

user feedback?

* RQ3. How do hyper-parameters in our method impact the recommendation perfor-

mance?

5.2.4.1 Setup

Logging Policy from Logged Data. We adopt two widely used public datasets from
different domains, namely MovieLens and Douban-book. For both datasets, we binarize
the feedback data (i.e., ratings) by interpreting ratings of 4 or higher as positive feedback
(i.e., r = 1), otherwise negative (i.e., r = 0). The detailed statistics of all datasets are given
in Table 5.5. To facilitate the utility of real-world recommendation datasets in off-policy
learning, we start with designing simulation experiments based on an online simula-

tor [260, 265] to recover the missing reward r in partially-observed recommendation
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datasets. The logged feedback samples are then acquired by running a logging policy g
on the recovered datasets. We adopt the wildly used logging policy, i.e., the uniform-based

logging policy.

Table 5.5: Statistics of datasets.

#Total #Feedback #Feedback )
Dataset #Users | #Items Feedback | Per Customer Per Item Density

MovieLens-100K 943 1682 100000 106.0445 59.4530 % | 6.30%
MovieLens-1M 6040 3952 1000209 165.5975 253.0893 % | 3.95%
Douban Book 13024 | 22347 792062 60.8156 35.4438 % | 0.27%

Table 5.6: Meta-path statistics of datasets.

Dataset Node Meta-path Schemes
#User(U): 943
#Movie(M): 1,682

MovieLens-100K #Genre(R): 18 UMGM,UMAM,
#Gender(G): 2 UMRM,UMOM, UMUM
#Age(A): 7

#Occupation(O): 21
#User(U): 6,040
#Movie(M): 3,952

MovieLens-1M #Genre(R): 18 UMGM,UMAM,
#Gender(G): 2 UMRM,UMOM, UMUM
#Age(A): 7

#Occupation(O): 21
#User(U): 13,024
#Book(B): 22,347
#Group(G): 2,936

Douban Book #Author(A): 10,805

#Publisher(P): 1,815

#Year(Y): 64
#Location(L): 38

UBGB,UBAB,UBPB,
UBYB,UBLB,UBUB

Contextual Information. We consider two publicly available recommendation datasets,
i.e., MovieLens and Douban-book; the selected meta-paths are presented in Table 5.6.
These two datasets contain multiple attributes for both users and items, thus can provide
rich contextual information for off-policy learning. We only select short meta-paths of at
most four steps, since long meta-paths are likely to contain noise. The three used datasets,
i.e., MovieLens-100K, MovieLens-1M and Douban-book, are produced with diminishing
density of 6.30%, 3.95% and 0.27%, respectively, for testing HINpolicy’s capability in
dealing with the data sparsity.
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Baselines. Existing off-policy learning approaches can be roughly sorted into (1) value-
based approaches and (2) policy-based approaches. The former generates a target policy
based on modeling the actual reward that is received by a certain action, while the
latter directly models the actions that should be taken in order to maximise the total
cumulative reward a policy will collect. Note that our method can be categorized as a
policy-based approach. We perform our method and three representative methods from
these two categories on Top-K recommendation task. We evaluate all baselines on the

same logged user feedback samples as in our HINpolicy.

* Bandit-MLE [87](1): is a value-based approach that estimates the likely reward
(i.e., value) a certain action would yield through Maximum Likelihood Estimation
(MLE), then generates target policy by selecting actions that have the maximum
value. It applies the IPS estimator to adjust for the difference in the distribution of
logging policy and target policy to eliminate bias.

* POEM [188] (2): Optimizer for Exponential Models (POEM) is the earliest policy-
based approach that uses IPS-based counterfactual risk minimisation for off-policy

bias correction.

* BanditNet [97] (2): is a recent notable extension of off-policy learning with logged
user feedback using counterfactual risk minimisation, it optimises an additional
Lagrangian form of SNIPS estimator and extends the off-policy learning to deep

neural networks.

We evaluate all baseline methods using Precision@K and Normalized Discounted Cumu-
lative Gain (NDCG)@K with K =[1,5,10,20].

Parameter Settings. We implement baseline models and our proposed HINpolicy on
a Linux server with NVIDIA RTX 3090Ti GPU. For a fair comparison, all logged user
feedback samples used for training models are generated through our online simulator to-
gether with a logging policy. The logged ratings in Movielens and Douban Book for train-
ing the simulator are split as train/test/validate set with a proportion of 60%/20%/20% of
original datasets. Without special mention, the final logged user feedback samples are
given by applying uniform logging policy on the full-information data generated through
the trained simulator. As for the policy training, we optimize the two-stage policy gradi-
ent with AdaGrad, the same gradient descent method is also applied in all the baseline
models. A grid search is conducted to choose the optimal parameter combinations in all
models considered, with batch size and learning rate searched in {32,64,128,512,1024}

127



CHAPTER 5. IMPROVING RECOMMENDATIONS USING CAUSAL INFERENCE

and {0.0005,0.001,0.005,0.01,0.05,0.1}, respectively. The maximum epoch N, for all
methods is set as 2000, while an early stopping strategy is performed (i.e., if the loss
stops to increase, then terminate the model training). Unique settings of our HINpolicy
are the dimension of HIN embedding vector d, which is searched in {8,16,32,64,128,256};
the number of random walkers for sampling meta-path node sequences are set to default
as Nyl = 1000 with walk length [,,4;% = 100; the weight capping constant with ¢ = 10.
For evaluation, we adopt the two-stage policy gradient method as in [133], different from
conventional Learn-to-Rank problems which directly give ranked lists based on sorting
the predicted values (e.g., probability) of user-item pairs, we measure the quality of the
recommendations given by the ranking model conditioned on the candidate set provided
by the candidate generation model. That is, we firstly select top-n items predicted by
the candidate generation model as a candidate set, then feed this candidate set to the
ranking model to re-rank these candidates. The candidate set length is set as n = 20
for all datasets, while we test the final performance on the trained ranking model with
ranking length K =[1,5,10,20].

5.2.4.2 Performance Comparison (RQ1)

Table 5.7 reports the experimental results by an average of 5 repeated experiment runs
of evaluation. Note that both our method and all baselines are performed under the
uniform-based logging policy. The uniform-based logging policy samples every action at
random with an equal probability, which is an idealised (i.e., unbiased) setting that a

recommender desire. Analyzing Table 5.7, we have the following observations:

* Qur proposed HINpolicy consistently yields the best performance among all datasets
on both evaluation metrics. By averaging the performance under all K, our method
achieves significant improvements over the best baseline. Particularly, our method
improves Precision@K by 25.40%, 5.85%, 38.18% and NDCG@K by 27.47%, 6.38%,
41.78% on MovieLens-100K, MovieLens-1M and Douban Book, respectively. This
indicates that HINpolicy indeed improves the Top-K recommendation thanks to

the modeling of rich context information.

* Across the datasets, all baseline models achieve downgraded performance on
MovieLens-100K compared with those on MovieLens-1M. We consider this is be-
cause the size of the former is much smaller than the latter, while the small dataset
size easily renders sub-optimal learning of the recommendation policy. However,

our HINpolicy can still achieve satisfactory results and adapts well with limited
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Table 5.7: Performance comparison.

Datasets Metrics Bandit-MLE || BanditNet POEM || HINpolicy || Improv.%
Precision@1 0.705 0.671 0.709 0.894 26.09%
Precision@5 0.673 0.663 0.692 0.862 24.57%
Precision@10 0.652 0.645 0.666 0.832 24.92%
Precision@20 0.649 0.622 0.642 0.818 26.04%
MovieLens-100k NDCGe@1 0.692 0.683 0.684 0.801 15.75%
NDCG@5 0.678 0.667 0.661 0.872 28.61%
NDCG@10 0.649 0.621 0.639 0.848 30.66%
NDCG@20 0.627 0.605 0.631 0.851 34.87%
Precision@1 0.789 0.727 0.781 0.883 11.91%
Precision@5 0.791 0.811 0.857 0.931 8.63%
Precision@10 0.777 0.867 0.901 0.925 2.66%
Precision@20 0.755 0.888 0.917 0.919 0.22%
MovieLens-1M NDCG@1 0.741 0.736 0.759 0.852 12.25%
NDCG@5 0.822 0.748 0.821 0.898 9.25%
NDCG@10 0.871 0.822 0.828 0.896 2.87%
NDCG@20 0.908 0.851 0.931 0.942 1.18%
Precision@1 0.659 0.625 0.611 0.943 43.10%
Precision@5 0.649 0.616 0.593 0.875 34.82%
Precision@10 0.626 0.602 0.568 0.852 36.10%
Precision@20 0.599 0.572 0.545 0.831 38.73%
Douban Book NDCG@1 0.608 0.582 0.628 0.817 30.10%
NDCG@5 0.588 0.567 0.612 0.889 45.26%
NDCG@10 0.553 0.548 0.594 0.868 46.13%
NDCG@20 0.549 0.528 0.572 0.833 45.63%

samples, since the HIN provides the auxiliary information to augment the off-
policy learning. Meanwhile, the degrade can be also found for the performance
of baselines on Douban Book and MovieLens-1M. This is because Douban-book is
much sparser than MovieLens-1M, with 0.27% and 4.19% density, respectively.
Likewise to MovieLens-1M, HINpolicy outperforms all baselines on Douban Book.
This indicates that HINpolicy handles the sparsity well with the support of rich

side knowledge.

* Across the baseline models, policy-based POEM outperforms value-based Bandit-
MLE in most cases, since it learns policy directly through calculating the end-
to-end cumulative rewards without incorporating another decision-making stage
like value-based approaches. Moreover, considering the IPS estimator used in
POEM, although BanditNet contains an advanced SNIPS estimator, it still cannot
outperform POEM. We infer that regulating the inverse weights with SNIPS is not
well suited in the recommendation task. This is mainly because SNIPS introduces

multiplicative control variate to the IPS estimator that heavily penalises the target
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policy, limiting its exploration ability of policy learning in the recommendation. On
the contrary, we consider leveraging the IPS-based clipped estimator with penalty

term, which can reduce bias and variance effectively.

5.2.4.3 Study of HIN (RQ2)

To thoroughly investigate HINpolicy’s contributions on alleviating the sparsity issue in
HIN information, we conduct how the HIN assist in achieving better recommendation
in presence of various sparsity of logged data. To characterize the sparsity levels, we
divide users into four groups based on their total amounts of interactions with items.
For example, in MovieLens-1M, user group 1 represents users who have less than 600
ratings for movies; likewise user group 2, 3 and 4 have less than 1200, 1800 and 2400
ratings, respectively. Hence, user group 1 represents the sparsest data level, while user
group 4 represents the densest data level. Table 5.8 shows the overall performance of our
HINpolicy with or without HIN, based on 5 runs of repeated training on MovieLens-1M
and Douban Book. With the trained HINpolicy-w/ HIN and HINpolicy-w/o HIN model,
we give the test results of the two models on the four user groups and show the com-
parisons in Figure 5.7. We have the following observations: (1) Apparently, HINpolicy
augmented with HIN outperforms the counterpart without HIN, evidences can be found
in both Table 5.8 and Figure 5.7. Moreover, facing different user groups as denoted in
Figure 5.7, the test recommendation performance of HINpolicy-w/ HIN consistently out-
performs HINpolicy-w/o HIN. These promising discoveries confirm HIN has significant
effects on policy learning, which can benefit to achieve satisfying recommendations;
(2) HIN information has a critical effect on sparse dataset Douban Book, especially on
the sparsest user group (i.e., ratings <500), with the precision of 0.642% and 0.501%
and the NDCG of 0.667% and 0.521% for HINpolicy-w/ HIN and HINpolicy-w/o HIN,
respectively. Compared to MovieLens-1M having a higher density, our improvement is
not as significant as in the Douban Book having a lower density. Hence, we conclude that
HINpolicy has a more significant effect on the sparse dataset. In a nutshell, incorporating
HIN can significantly improve recommendation performance in off-policy setting, while

advantages of HIN are more apparent when the dataset is extremely sparse.

5.2.4.4 Case Study (RQ3)

A case study on HINpolicy is also conducted to investigate the impact of parameters on
the model performance. Specifically, our method has two key parameters, i.e., embedding

size d that controls the latent factor numbers of user state, action and context repre-
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Table 5.8: Our performance with (w/) or without (w/o0) HIN.

| Dataset | Metrics | HINpolicy-w/ HIN | HINpolicy-w/o HIN |
MovieLens-1M | Precision@20 0.918 0.730
NDCG@20 0.942 0.752
Douban Book | Precision@20 0.835 0.708
NDCG@20 0.831 0.720
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Figure 5.7: Effectiveness analysis on HIN: different user groups control the interaction
numbers.

sentations; candidate length n that controls the length of candidate generation set that
waits to be re-ranked by the ranking. For all parameters listed above, we vary the value
of one parameter while keeping the others unchanged. Figure 5.8 shows the parameter
sensitivities of d and n for Precision@20 and NDCG@20 on both MovieLens-1M and
Douban Book datasets. From both sub-figures, it is easy to see that relative trends of

model performance variations are consistent across different datasets.
* For the embedding dimension d, in Figure 5.8 (a) (b), the recommendation results

131



CHAPTER 5. IMPROVING RECOMMENDATIONS USING CAUSAL INFERENCE

. 0.94 le‘——"“~—-__x _________ » ZDCG
R 0.92 - 0 . ey %
@) ’1;13,; - :
8090 /| == —e
g /|
Z088 4|
R | )

0.86 1 |
z 0.84 f
] &
£0.82 T

0.80 ®

32 64 128 512 1024

Embedding size

(a) The impact of embedding size d on
MovieLens-1M.

0.835
< 0.830
®
& 0.825
a
2 0.820
o 0.815
o
9810
S
-2 0.805
0
& 0.800 ,

o
32 64 128

0.795

512 1024

Embedding size

(b) The impact of embedding size d on Douban
Book.

—e— Precision

% prec
“\x ~#- NDCG NDCG
0092 @ g 00'83 .\ / \
o~ o~ ~ & [ )
® ~0, Ree ® \.
G} % 9 0.82 e
5 0.90 N 2
= N \ =
- @ \\ —
o \ © 0.81
N 0.88 I
S i L LS S .80
35 0.86 Na % S
o @, 1)
a a
0.84 e 0.79
10 20 30 40 50 60 10 20 30 40 50 60
Candidate size Candidate size
(c) The impact of candidate size n on (d) The impact of candidate size n on Douban

MovieLens-1M. Book.

Figure 5.8: Parameter sensitiveness of embedding size d and candidate length n.

on MovieLens-1M and Douban Book achieve the peak when d = 128, then tend to
be stable afterwards. We consider the witness of the increasing trend from d = 32
to d = 128 is reasonable: as d controls the latent vectors of state/action/context
embeddings, exiguous (say d < 128) latent factors can not retain sufficient informa-
tion, thus can not serve well the later policy learning. The stable performance of
our HINpolicy after d is set to 128 demonstrates that our model is robust towards

varying embedding dimensions.

For candidate generation length n, in Figure 5.8 (¢) (d), we find that the model
performance on both datasets decrease when n increases from 10 to 40, while the
impact of n is more severe on NDCG@20 compared with it on Precision@20. The
candidate generation length n in the two-stage setting we adopt can be interpreted

as the number of candidate actions that wait to be re-ranked by the ranking model.
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Thus, when n increases, it is harder for the ranking model to give correct results,
resulting in the shown decrease trends. We consider this as the “curse” of the
two-stage setup with candidate generation followed by ranking, however, we value
the two-stage setup for its ability to recommend relevant items from a huge space
in real-time, which is suitable for training massive logged user feedback data. We

leave the exploration of a more robust ranking model for our future work.

5.2.5 Summary

The work researches the bias in logged user feedback data and proposes the first princi-
pled approach to policy to achieve unbiased off-policy learning for the recommendation.
The proposed HINpolicy is capable of generating high-quality recommendation policy by
virtue of the informative knowledge of the given HIN. In addition, counterfactual risk
minimization adaptively corrects the rewards and produces an unbiased recommendation
policy that maximizes users’ long-term satisfaction. The HINpolicy is evaluated on three
real-world recommendation datasets, with extensive experiments and in-depth analyses

demonstrating its’ robustness and effectiveness.
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CHAPTER

ASCERTAIN RECOMMENDATION EXPLAINABILITY AND
FAIRNESS USING COUNTERFACTUAL

This chapter presents research works that offer recommendation models for the capacity
of explainability and fairness. Using counterfactual learning, the CERec model (Coun-
terfactual Explainable Recommendation) generates item attribute-level counterfactual
explanations to explain which item attributes attract users’ interests; the CFairER
model (Counterfactual Explanation for Fairness) generates attribute-level counterfactual

explanations to explain which attributes cause item exposure unfairness.

6.1 Counterfactual Explanation

6.1.1 Overview

Research Question. Modern recommendation models become sophisticated and opaque
by modeling complex user/item contexts, e.g., social relations and item profiles. Hence,
there is a pressing need for faithful explanations to interpret user preferences while
enabling model transparency. Explainable recommender systems (XRS) aim to pro-
vide personalized recommendations complemented with explanations that answer why
particular items are recommended [256]. It is fairly well-accepted that high-quality expla-
nations help improve users’ satisfaction and recommendation persuasiveness [217, 234].
Explanations also facilitate system designers in tracking the decision-making of recom-

mendation models for model debugging [49]. Thus, this research aims to investigate how
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to generate high-quality explanations that explain users’ behaviors well so that users’

satisfaction can be improved.

Research Objective. Counterfactual explanation [189] has emerged as a favorable
opportunity to solve the above research question. Counterfactual explanation interprets
the recommendation mechanism via exploring how minimal alterations on items or users
affect the recommendation decisions. Typically, counterfactual explanation is defined as
a minimal set of influential factors that, if applied, flip the recommendation decision.
To build counterfactual explanations, we have to fundamentally address: “what the
recommendation result would be if a minimal set of factors (e.g., user behaviors /item
features) had been different?” [197]. Thus, the research objective of this work is to
answer this counterfactual question through feasible solutions. With counterfactual
explanations, users can understand how minimal changes affect recommendations and

conduct counterfactual thinking under the “what-if” scenario [153].

Motivations. Through analyzing existing works on counterfactual explainable recom-
mendations in Section 2.3.3, one can find those existing works exhibit the following limi-
tations: they either focus on user action [34, 61, 193] or item aspect explanations [189].
In contrast, item attribute-based counterfactual explanations are largely unexplored. In
this research, we find that item attribute-based counterfactual explanations are more
desired in the recommendation scenario, as they could benefit both users’ trust and
recommendation performance. On the one hand, item attribute-based counterfactual
explanations are usually more intuitive and persuasive in seeking users’ trust. This is
because users prefer to know detailed information, e.g., which item attribute caused the
film “Avatar” not to be recommended anymore? Is it the director of “Avatar”? Besides,
it is essential to search for a minimal change in item attributes that would alter the
recommendation. We take Figure 6.1 as an example. 1 gave negative feedback on iy
with attributes {p1, p2,ps, p4}. We could infer attributes {p1,p2,p3, p4} reveal negative
preferences of u1. However, item i; with attributes {p1,p2} was liked by ui, which
somehow reflect positive user preferences on {p1, po}. Thus, merely using attributes
{p1,p2,pP3,p4} as explanations for u;’s recommendations would be controversial and
misunderstand the user’s preference. In fact, the slight changes between i;’s attributes
and i9’s attributes, i.e., {p3, p4}, could be the true determinant factors for explaining u1’s
dislike. On the other hand, counterfactual explanations could boost recommendation per-
formance since they offer high-quality negative signals of user preferences. Particularly,
if we know the slightly changes {p3, p4} explain u{’s dislike, we could infer that item i3

with {p3, p4} would be disliked by u; as well. As a result, the counterfactual explanation
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helps generate more precise recommendations by filtering out negative items.

Users WrittenBy
ProducedBy
Items — DirectedBy

— StarringBy

Item attributes pif] P29 P3= P45

Figure 6.1: Toy example of inferring item attribute-based counterfactual explanations
from knowledge graphs.

The Proposed Approach. This work leverages knowledge graphs (KGs) that represent
relations among real-world entities of users, items, and attributes to infer attribute-
based counterfactual explanations meanwhile boosting recommendation performance.
We propose a new Counterfactual Explainable Recommendation (CERec) that crafts the
counterfactual optimization problem as a reinforcement learning (RL) task. The RL agent
optimizes an explanation policy upon uniformly searching candidate counterfactuals. To
reduce the search space, we propose an adaptive path sampler over a KG with a two-step
attention mechanism and select item attributes as the counterfactual explanation candi-
dates. With explanation candidates, the RL agent optimizes the explanation policy to
find optimal attribute-based counterfactual explanations. We also deploy the explanation
policy to a recommendation model to enhance the recommendation.

Contributions. The contributions of this research work are:

* To the best of our knowledge, we are the first to leverage the rich attributes
in knowledge graphs to provide attribute-based counterfactual explanations for

recommendations.

* We propose an RL-based framework to find the optimal counterfactual explanations,

driven by an adaptive path sampler and a counterfactual reward function.

* We use counterfactual explanations to augment the recommendation model for

boosting the recommendation and explainability.

* Extensive results on explainability and recommendation performance demonstrate

the effectiveness of our method.
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6.1.2 Counterfactual Explanation for Recommendation

Following the definitions of counterfactual explanation in Definition 3.4.1 and item
attribute-based counterfactual explanation in Definition 3.5.4, the task of this research
work can be formulated as the following.

Task formulation. Given user interaction records and a knowledge graph, we can
build a collaborative knowledge graph (CKG) ¢ that unifies user-item interactions and
item knowledge as a relational graph. With ¢, we aim to construct a counterfactual
explanation model that exploits rich relations among % to produce counterfactual items

for original recommend items. We formulate our counterfactual explanation model as:
(6.1) J~7E(W,1,fr,9|0g)

where 7mg(-) is the counterfactual explanation model parameterized with O, fr is the
Top-K recommendation model that produces the recommendations. The counterfactual
explanation model generates empirical distribution over items among <% to yield counter-
factual item j for the recommended item i, which is expected to meet the counterfactual
goal with a minimal set of item attributes that reverse the recommendation.

We also aim to use counterfactual items produced by 7g to improve the recommenda-
tion model fr. Conceptually, a counterfactual item offers high-quality negative signals
to the recommendation, since it owns attributes that make the positive item not match
the user’s preference anymore. Inspired by pairwise ranking [145], we pair one positive
user-item interaction with one counterfactual item to aggregate counterfactual signals

into the recommender fr. Formally,
(6.2) rgin—IDU(fR(u,iIQR)—fR(u,jl@R)),Vj ~1g(OF)
R

where fr(:) is the recommendation model parameterized with O and o(:) is the sigmoid
function. (u,i) is the positive interaction that satisfies Ir € Z’,s.t.(u,r,i) € 4. This for-
mulation encourages positive items to receive higher prediction scores from the target
user than counterfactual items. As such, the recommendation model not only produces
recommendation results, but is also co-trained with the counterfactual explanation model

by interactively aggregating counterfactual signals.

6.1.3 Methodology
6.1.3.1 Model Framework

We now introduce our counterfactual explainable recommendation (CERec) framework

that generates attribute-based counterfactual explanations while providing improved

138



6.1. COUNTERFACTUAL EXPLANATION

Table 6.1: Key notations and descriptions.

\recommend item change to €441 |

Notation Description
U, u user set in recommendation and a user.
£, 1 item set in recommendation and an item.
U, Vui user-item interaction set and an interaction.
4 collaborative knowledge graph.
r a recommendation model.
nE an explanation policy.
Q. a recommendation list for a user u.
Ay; a minimal item attributes set for (u,1).
u,,V; latent factors for user u and item i.
h, the embedding of user entity u.
es, he, an item entity and its embedding.
ey, hy an item attribute entity and its embedding.
N neighbor set of entity e.
aq attention score for the first sampling step.
as attention score for the second sampling step.
ag, Sg, r(sg,a;) the action, state, reward at step ¢.
Og recommendation model parameters.
O counterfactual explanation model parameters.
Counterfactual item j ~ Tz (O )
|
Reinforcement Learning Agent
\-->7TE(OR) €-- Original interaction: (v, ¢,)
H ! Counterfactual item: €441
i" T 7-.\.‘ g Path: (e, — €} — e141)
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é |0 £
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Figure 6.2: CERec framework.
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recommendations. The primary notations used throughout this paper are listed in Ta-
ble 6.1. Our CERec is operated under a CKG [204] that unifies user-item interactions
and a knowledge graph. CERec consists of three modules - one recommendation model,
one graph learning module and the proposed counterfactual explanation model. The rec-
ommendation model generates ranking scores and is co-trained with the counterfactual
explanation model by interactively aggregating the produced counterfactual items. The
graph learning module embeds users, items, and attribute entities among a given CKG
as embedding vectors. The counterfactual explanation model conducts effective path
sampling based on entity embeddings and ranking scores to discover high-quality coun-
terfactual items. Two main parts are performed in our counterfactual explanation model:
1) counterfactual path sampler: uses entity embeddings to sample paths as actions for
reinforcement learning agent; 2) reinforcement learning agent: learns explanation policy
by optimizing the cumulative counterfactual rewards of deployed actions from the sam-
pler. We depict the framework of CERec in Figure 6.2. We introduce the recommendation
model and the graph learning module below. Our counterfactual explanation model is
detailed in the next section.

Recommendation Model. We now present the recommendation model fr that uses
user and item latent factors for Top-K recommendation. Here, we employ the pairwise
learning-to-rank model CliMF [178]. The CliMF initializes the IDs of users and items
as latent factors, and updates latent factors by directly optimizing the Mean Reciprocal
Rank (MRR) to predict ranking scores of items for users. It is worth noting that fr
can be any model as long as it takes users’ and items’ embeddings as part of the input
and produces ranking results, which makes our counterfactual explanation framework
applicable to a broad scope of models, e.g., neural networks [206]. Specifically, we first

map users and items into latent factors with the recommendation model,
(6.3) fru,i)=U,V;

where U, and V; denote d-dimensional latent factors for user u and item i, respectively.
We use the pairwise Mean Reciprocal Rank loss [178] to define our objective function to

optimize recommendation model parameters Or as below.

(6.4) ZLr=min ) [Ino(fr,i)+ ) In(1-0(fru,))-fr,i))]
R (u,i)e® j=1
where & € RM*N is the historical user-item interaction matrix, o(-) is the sigmoid

function and j ~ ng(®f) is the counterfactual item generated from our counterfactual

explanation model. By optimizing Eq. (6.4), we can get the ranking score for each item i
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from user u. Formally,

_ exp (U, V;)
(6.5) P, 1) = 74 =
Zk:l exp (Uu Vk)

where K is the length of user u’s recommendation list @ ,, P, (i) indicates the ranking
score of an item i in u’s recommendation list.

Graph Learning Module. The graph learning module (GLM) learns users, items and
attributes representations (i.e., embeddings) from the given collaborative knowledge
graph ¢. The learned embeddings are deployed into our counterfactual explanation
model to: (1) calculate the importance scores of user, item and attribute entities to form
sampling paths as actions for counterfactual path sampler; (2) calculate the similarities
among item entities to define the counterfactual rewards of deployed actions for the
reinforcement learning agent.

Inspired by recent advances in Graph Neural Networks (GNNs) [91, 206] for graph
data representation, we employ GraphSAGE [74] in our GLM to learn representations
for users, items and attributes entities. For an entity e € 4, the GraphSAGE aggregates
the information propagated from its neighbors .4, to learn e’s representation. As a user
entity would connect with entities whose type is the item, i.e., A4, € .#, the learned user
embeddings capture the influence of historical user-item interactions. Analogously, item
entities connect with item attribute entities such that the learned item embeddings
absorb context information from item attributes. In particular, we firstly initialize entity
representations at the 0-th layer of GraphSAGE with Multi-OneHot [254] by mapping
entity IDs into embeddings, where the embedding for an entity e is denoted by hg. Then,
at the /-th graph convolutional layer, an entity e receives the information propagated

from its neighbors to update its representation,
l l -1 -1
(6.6) b’ =6 (W® (h{ -2 n "))

where h(el) € R% is the embedding of an entity e at layer [ and d; is the embedding
size; WO e R4*2di-1 g the weight matrix, || is the concatenation operation and 6(-) is
a nonlinear activation function as LeakyReLU [237]. hg[l) is the information from e’s

neighbors .4, and is given by:

(6.7) W=y L N

© elen Vel [ A
where A, = {e’ | (e,e’) € 4} denotes e’s connected entities.
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Having obtained the representations hg) at each graph convolutional layer [ €
{1,---,L}, we adopt layer aggregation mechanism [238] to concatenate embeddings at all

layers into a single vector, as follows:
1 L
(6.8) he =h{V +... + h{P

where hg ) is the embedding for an entity e at the i-th layer. By performing layer aggre-
gation, we can capture higher-order propagation of entity pairs across different graph
convolutional layers. After stacking L layers, we obtain the final representation for each
entity among the CKG. Note that in the following, we use h,, to denote the embedding of
user entity u, while h,, is the item embedding for item entity e; and he; is the embedding
for item attribute entity e/.

Counterfactual Explanation Model. Our counterfactual explanation model contains
two main parts: the counterfactual path sampler and the reinforcement learning agent.
The counterfactual path sampler performs two-step attention on users, items, and at-
tribute embeddings from GLM to search for a high-quality path as action a; for each state
s¢. Then, action a; and state s; are fed into our reinforcement learning agent to learn the
explanation policy. Based on ranking scores produced by the recommendation model and
item embeddings, the reinforcement learning agent learns the reward r(s;,a;) at state s;
and updates the explanation policy 7g(®fg) accordingly. Finally, with the learned expla-
nation policy 7g and path histories, our CERec generates attribute-based counterfactual
explanations for recommendations. We detail our counterfactual explanation model in

the next section.

6.1.3.2 Reinforced Learning for Counterfactual Explanation Model

We now introduce our counterfactual explanation model assisted by GLM and recom-
mendation model to generate explanation policy ng over reinforcement depth 7'. Our
counterfactual explanation model contains two main parts: counterfactual path sampler
(CPS) performs attention mechanisms on CKG entities to sample paths as actions for
reinforcement learning agent; reinforcement learning agent learns the explanation policy
g by optimizing cumulative counterfactual rewards of the sampled actions from CPS.
We introduce each part in our counterfactual explanation model as follows.

Counterfactual Path Sampler. The counterfactual path sampler (CPS) conducts
path exploration over CKG to sample paths as actions for the latter explanation policy
learning. The basic idea is to condition on the target user, start from the recommended

item, learn to navigate to its item attribute, and then yield the potential counterfactual
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item along the sampling paths. In practice, to conduct such higher-order path sampling,
large-scale CKGs are required since they encode rich relations, i.e., more than one-hop
connectivity. As a result, counterfactual items are sampled from higher-hop neighbors
of target user-item interactions to form the candidate action space. However, learning
counterfactual explanations from the whole candidate action space is infeasible since the
space would cover potentially enormous paths. Thus, our CPS is designed to reduce the
candidate action space by filtering out irrelevant paths and selecting important paths for
later policy learning. Here, we employ attention mechanisms to calculate the importance
of the visited entity condition on the source entity to generate sampling paths. We now
introduce our CPS that samples paths as actions a; at each state s;.

In particular, at each state s;, our CPS produces a path as an action by a probability
of P(a¢ls;). Formally, a; ~ P(a;|s;) = (e; — e}, — e;+1) is the path that roots at an item
e; towards another item proposal e;,1, where (et,e’t),(e;,etﬂ) €% and e;s,es 1 €1 are
connected via the item attribute e). The action a; = (et —el— et+1) is generated by the
two-step path sampling: 1) choose an outgoing edge from e; to the internal item attribute
entity e; 2) determine the third entity e;.; conditioned on e;. We separately model the
confidence of each exploration step into two attention mechanisms, i.e., P ((et,e’t) Ist)
and P ((e},es+1) | ¢)-

The first attention mechanism P ((e;,e})|s;) specifies the importance of item at-
tributes for e;, which are sensitive to state s; = (u,e;), i.e., user u and item e;. Formally,
for each outgoing edge from e; to its item attribute e} € .A;,, we first obtain the embed-
dings of item e;, attribute e}, and user u from Eq (6.8), denoted by h,,, he; and h,,. Then,

the importance score of item attribute e}, is:
(6.9) a1 (es,e}) =hy6(he, by

where a1 is the attention score at the first attention mechanism. @ is the element-wise
product and 6(-) is LeakyReLU [237]. Thereafter, we normalize the scores of all neighbors

of e; as:

exp (a1 (er,¢}))

(6.10) P((ecrer) Ise) = Yeren, exp(ai(ese]))
efete, e

where _#;, is the neighbor item attributes set for e;.
Having selected item attribute e}, we employ another attention mechanism P ((e},es+1) | s¢)
to decide yield which item from its neighbors =/Ve; as the counterfactual item proposal.

We firstly calculate the attention score of e;41 € ./Ve/t based on attribute embedding of e/,
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item embedding of e;,1 and user embedding of u, as:
(6.11) @z (e} ec1) =hy 5 by o,

where a3 is the attention score at the second attention mechanism. hy, h,/ and h,,,, are
embeddings of user u, attribute e} and item e;,;. Then, we normalize attention scores
for all item neighbors in J/e/t to generate the selection probability of item e;, 1. Since
we care for generating valid counterfactual items as proposals, we filter out irrelevant
items that do not meet the counterfactual goal, i.e., those being recommended for « in

the recommendation list  ,. Formally,

eXp(aZ(et’eH'l’))" )] R €41 $ Qu

Ze’t’+1E./V ’ exp[ag (et’et+1
€t

O, €r+1 EQu

(6.12) P((e},er+1)ls:) =

Finally, the two attention mechanisms are aggregated into the CPS P(a; | s;) to yield

the path a; = (e; — e}, — e;+1) as an action for each state s;:
(6.13) P(asls)=P((es,e}) Ise) P((erer1)se)

where P ((es,e})|s;) is the probability of stepping from e; to e} and is derived from
Eq. (6.10); P((e},e:+1) | s¢) derived from Eq. (6.12) is the probability of selecting e;.1 as
the counterfactual item proposal. With P(a; | s;), we can generate the action a; for each
state s; for explanation policy learning.

Reinforcement Learning Agent. We define the counterfactual explanation model
as the path-based reinforcement learning (RL) agent to discover counterfactual items.
Each action a; is a path toward a candidate counterfactual item. The counterfactual
reward r(s;,a;) measures whether the action a; returns a valid counterfactual item for

the current state s;.

¢ Agent. Formally, the counterfactual explanation model is formulated as a Markov
Decision Process (MDP) 4 ={, o/ ,%?, %}, where s; € ¥ is the state absorbing
the current user and the visited entity, a; € o/ is the action deposited to the
current state. &2 is the transition of states, and % is the reward function. In
the policy learning, the explanation policy ng(a;|s;) selects an action a; € of to
take conditioning on the current state s; € ., and the counterfactual explanation
model receives counterfactual reward r(s;,a;) € Z for this particular state-action
pair. The final explanation policy is learned to maximize the expected cumulative

counterfactual rewards. We introduce these key elements for RL as follows.
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- State .: is a continuous state space describing a target user and the currently
visited item entity among the CKG. Formally, for a user u, at step ¢, state s; is
defined as s; = (u,e;), where u € % is a user and e; € .# is the item entity the
agent visits currently. The initial state s is («,7) and i is the positive item of

u,i.e., y,; €¥.

— Action «/: is a discrete space containing actions available for policy learning.

The action a; € o is a path sampled from our CPS.

— State Transition £2: is the state transition containing transition probabilities
of the current states to the next states. Given a; at s;, the transition to the
next state s;;1 is P(s;4118s,a:) € P =1, where s;41=(u,e;41), st = (u,e;) and

a;=(e;— @/t —epi1).

— Counterfactual Reward Z: r(s;,a;) € Z is the counterfactual reward measures
whether the visited item e;. 1 is a valid counterfactual item by deploying action
a: =(e; — e, — e;41) at state s;, which is defined based on the two criteria: 1)
Rationality [197]: e;,1 should receive high confidence of being removed from
the current user u’s recommendation list compared with the original item
es; 2) Similarity [47]: as a counterfactual explanation requires the minimal
change of item attributes between counterfactual item and original item,
e++1 should be as similar as possible with the original item e;. The formal

definition of the reward r(s;,a;) is given by:

1+ COS(het ahet+1)) if [FDu (et) - [FDu (et+l) =€

(6.14) r(ssap) = {
cos(he,,h

e,.1), otherwise

where ¢ is the recommendation threshold determines Rationality. € is defined
as the margin between ranking scores of the original item e; and the K-th item
(.e., fo) in u’s recommendation list @ ,, i.e., e =P (e;) — IPu(Q{f). cos(he,,he,, ;)
is the cosine similarity between item embeddings h,, and h,,,, and is used
to measure Similarity, i.e., cos(hg,,h,,,,) = W Note that h,, and h

et+1”.
are obtained by Eq. (6.8).

€t+1

* Objective Function. Using the trajectories {¥,«/,2?, 2} from the agent, our
counterfactual explanation model seeks a counterfactual explanation policy ng

that maximizes the cumulative rewards R(ng) over reinforcement depth T':

T
Z Ytr(St,at)
t=0

(6.15) R(ng) = Eso~,a,~Pasls:),s001~P(si1lsr,a0)
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where T is the terminal step determines reinforcement depth, y’ is a decay factor
at current step t € T. ng is the explanation policy that produces counterfactual
items for users’ recommended items. The final counterfactual explanations are
formed by distilling the attributes of counterfactual items and their real-world

semantics.

Algorithm 1: Recommendation Model and Explanation Policy Optimization

Input :Users U, items 7, user-item interactions Y, embedding size d
Output: Optimized recommendation model parameters @ and counterfactual explanation

model parameters O

1 Initialize ®g with uniform sampling;

2 Initialize O with random weights;
3 for epoch < 1 to N do

4

N S G

10
11
12
13

14
15
16
17
18
19
20
21

Initialize accumulate reward R = 0, reward r(s;, a;) = 0, state s, € R¢ with random
weights, action gy uniformly sampled from 7, decay factor y° = 1 ;
Fix O ; // counterfactual explanation model optimization
Receive initial observation state si;
fort «— 1toT do
Sample action a; (CPS P(a;|s;));
Execute action a; and observe the reward r(s;, a;) ;
Accumulate reward R « R+ y'r(s;, as);
Transit to next state s;.1;
end
Update ©g using REINFORCE gradient:
VoR(mg) = £ 10 [y'r(si, a)) Vo, log P(als:)]:
Fix O ; // recommendation model optimization
for iteration < 1 to M do
Sample a counterfactual item j ~ 7g(®f) for user u € U;
Compute Lpg;
Update ©g using SGD on loss Lg;
end

end
return Optimized O and Of;

6.1.3.3 Model Optimization

We adopt iteration optimization [96] to optimize the recommendation model and the

counterfactual explanation model.

Recommendation Model Optimization. We first initialize the recommendation model

by pairing one positive interaction y,; € % with one unobserved item v € .¢ sampled
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from uniform sampling [162]. Then, the recommendation model is optimized by training
together with the counterfactual explanation model. At each iteration, the counterfactual
explanation model outputs a counterfactual item j ~ 7g(Og), j is then fed into the
recommendation model to update user and item latent factors U and V in Eq. (6.3).
Finally, the loss Zr in Eq. (6.4) w.r.t. model parameters O is optimized by using
stochastic gradient descent (SGD).

Explanation Policy Optimization. Our counterfactual explanation model involves
discrete sampling steps, i.e., the counterfactual path sampler, which blocks gradients
when performing differentiation. Conventional policy gradient methods such as stochastic
gradient descent fail to calculate such hybrid gradients. Thus, we solve the optimization
problem through REINFORCE with baseline [186] for explanation policy optimization.
Having obtained the policy optimization function from Eq. (6.15), and the sampling
function from Eq. (6.13), the optimization goal is to combine the two functions and

optimize them together with a REINFORCE gradient w.r.t. model parameters Og:

Zr =V R(ng)

T
t
(6.16) = V@)E|E80~5”,at~[|3’(at|St),3t+1~P(8t+1|St,at) ZY r(sg,at)
. t=0
1

T
=7 L [Y'rist.anVe, logPar |s1)]
t=

where Of are learnable parameters for our counterfactual explanation model.

6.1.3.4 Computational Complexity Analysis

Our recommendation model performs matrix factorization with a complexity of O(|0).
For the graph learning module, establishing node representations has a complexity of
O(ZZLZI(I%I +|0*)d;d;-1), where L is the number of layers, |4| is the size of the graph,
|G*| is the size of the positive observation set, and d; and d;_1 are the dimensions of the
current and previous layers, respectively. For the counterfactual explanation model, the
complexity is mainly determined by the attention score calculation in the counterfactual
path sampler. The complexity of the attention score calculation is O(2T|@’+IIJ$7e|d2),
where T is the reinforcement depth, |07| is the size of the positive observation set,
|A,| is the size of the sampled counterfactual neighbors, and d is the dimension of the
embeddings. In total, the time complexity is given by: O(|0| + ZZL:1(|(5| +10Dd;d;_1 +
2T |0 |nad?).
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6.1.4 Experiments

We thoroughly evaluate the proposed CERec for counterfactual explainable recommen-
dations on three publicly available datasets. We evaluate CERec in terms of recommen-
dation performance and explainability performance to answer the following research

questions:

¢ RQ1. Could CERec with a counterfactual explanation model improve the recom-

mendation performance compared with state-of-the-art recommendation models?

* RQ2. Are the counterfactual explanations generated by CERec appropriate to

explain users’ preferences?

¢ RQ3. How do different components (i.e., graph learning module, counterfactual

path sampler, reinforcement learning agent) affect CERec’s performance?

* RQ4. How do different parameters (i.e., reinforcement depth 7', training epoch)

impact CERec’s performance?

* RQ5. How is the computation cost of CERec?

6.1.4.1 Setup

Dataset. We use three publicly available datasets: Last-FM, Amazon-book and Yelp2018.
The statistics of these datasets are presented in Table 6.2, which depicts historical user-
item interactions and the knowledge graphs. The Amazon-book ! [137] dataset is a
widely used book recommendation dataset, and the Last-FM 2 [20] is a music listening
dataset. For Amazon-book and Last-FM, we first map their items into Freebase [13] enti-
ties. Then, the knowledge graphs for Amazon-book and Last-FM are built by extracting
knowledge-aware facts for each item from the Freebase. Yelp2018 3 [204] is a business
recommendation dataset. For Yelp2018, we extract its item knowledge from the business
information network to construct the knowledge graph. Each dataset is processed by the
following settings: for user-item interactions, we adopt a 10-core setting, i.e., retaining
users and items with at least ten interactions. Each knowledge-aware fact (i.e., <user,
item>, <item, attribute>) is represented as an edge among the collaborative knowledge
graph (CKG). Moreover, to ensure CKG quality, we filter out infrequent entities (i.e.,

lower than 10 in both datasets) and retain the relations appearing in at least 50 triplets.

Thttp://jmcauley.ucsd.edu/data/amazon
2https://grouplens.org/datasets/hetrec-2011/
Shttps://www.yelp.com/dataset
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Table 6.2: Statistics of datasets.

Dataset ‘ Last-FM ‘ Amazon-book ‘ Yelp2018
User-Ttem | TUSeTs 23,566 70,679 45,919
Interaction | #ltems 48,123 24,915 45,538

#Interactions | 3,034,796 847,733 1,185,068
#Density 0.268% 0.048% 0.057%
#Entities 58,266 88,572 90,961
K_Il 1 d ) b b
Graph | #Relations 9 39 42
#Triplets 464,567 2,557,746 | 1,853,704

Evaluation Metrics. To evaluate the recommendation performance, we use three
popular Top-K recommendation metrics: Recall@K, Normalized Discounted Cumulative
Gain (NDCG)@K and Hit Ratio (HR)@K. The K is set as 20 by default. The average
results w.r.t. the metrics over all users are reported in Table 6.3 while a Wilcoxon signed-
rank test is performed in Table 6.3 to evaluate the significance. We evaluate the quality
of explanations in terms of consistency. The consistency measures to what extent the
attributes in counterfactual explanations are appropriate to explain users’ preferences.
We adopt the explanation Precision, Recall and F'; protocols following CountER [189].
In particular, we first build the ground-truth attribute sets of evaluations for Precision,
Recall and F; protocols. As we aim to search for a minimal item attributes set that can
flip the positive user-item interaction to the negative. The ground-truth set, therefore,
absorbs item attributes that cause the user to dislike the item. Formally, the ground
truth set is defined as G@,,; = {o! .,

i =1 if user u has negative preference

o ;}, where o
on the p-th attribute of item i; 0therw1se o
Aui={ay; - .a,

(u,1). Then, for each user-item pair, the Precision, Recall and F; of A,; with regard to

=0. Our model produces the attributes set

, which constitutes the counterfactual explanation for user-item pair

0O,; are calculated by:

r p I(a r pA
Precision = Z”:rlo"—‘() Recall = —p(a‘”),
(6.17) 1) s

Precision - Recall
F1 =2 Precision + Recall

where I ( . #0 and otherwise, I(-) =

Baselines. To evaluate the recommendation and explamablhty performance, we compare

) is an identity function such that I(-) = 1 when a

our CERec with five popular recommendation models as well as three attribute-aware
baselines. Each baseline is aligned with different evaluation tasks either for (I) recom-
mendation evaluation or (II) explainability evaluation. The baseline models are listed in

the following:
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* NeuMF [81] (I): extends Matrix Factorization (MF) to Deep Neural Network (DNN)

for modeling user-item interactions.

* MCrec [88] (I): uses DNN to model context information from Heterogeneous

Information Network (HIN) for recommendations.

e KGpolicy [218] (I): uses an RL agent to explore negative items over a KG. It trains
a Bayesian Personalized Ranking model with sampled negatives for recommenda-

tions.

* KGQR [263] (I): models KG information with a Graph Convolution Network (GCN).

It learns a recommendation policy with KG-enhanced state representations.

e KGAT [204] (I): introduces the CKG concept and learns node embeddings by

aggregating CKG neighbors for recommendations.

e NeuACF [75] (II): learns attribute-based latent factors of users and items based
on their similarities with user preferences. Explanations are the top 10 similar

attributes with user preferences.

e CaDSI [208] (II): disentangles user embeddings as separated user intent chunks.
It learns attribute-aware intent embeddings by assigning item context trained
from a HIN to each user intent chunk. Explanations are the top 10 attributes of

user intent.

e RDExp (II): We randomly select 10 attributes from the item attribute space
for each user-item interaction and generate explanations based on the selected

attributes.

Implementation Details. We train the recommendation model by the CliMF * with the
train/test/validate sets, which are split from user-item interactions with a proportion of
60%/20%/20% of the original dataset. We optimize the CliMF using stochastic gradient
descent (SGD). The same data splitting and gradient descent methods are also applied in
all baselines. The three datasets for training our counterfactual explanation model are
prepossessed into collaborative knowledge graphs, and the REINFORCE [186] policy
gradient is calculated to update the parameters. The REINFORCE is also applied to
KGpolicy and KGQR, and the same collaborative knowledge graphs are used in KGpolicy
and KGAT. The embedding size for all baselines and our CERec is fixed as d = 64. Two

4https://github.com/salvacarrion/orange3-recommendation

150



6.1. COUNTERFACTUAL EXPLANATION

graph convolutional layers with {32,64} output dimensions are performed for the graph
learning in our model. All neural network-based (i.e., DNN, GCN) baselines also keep 2
layers. For MCRec, NeuACR and CaDSI, we use meta-paths with the path scheme of
user-item-attribute-item to ensure the model compatibility, e.g., user-book-author-book
for Amazon-book dataset. For counterfactual explanation, we fix the parameters of the
trained counterfactual explanation model to produce one counterfactual item for each
positive user-item interaction. The final explanation comprises item attributes that
connect with the counterfactual item in the CKG but not with the positive user-item
interaction. For explanation consistency evaluation, we construct ground-truth attribute
sets using dynamic negative sampling (DNS) [255]. We first train an attribute-aware MF
model by feeding positive user-item interactions and random negative item attributes.
The DNS then uniformly draws one item attribute from the attribute space and feeds its
latent factors into the MF model to predict the preference score. Item attributes with
the highest scores are selected as negative samples to train the MF model recursively.
Among multiple rounds of sampling, the DNS generates negative item attributes that
match users’ negative preferences. The hyper-parameters of all models are chosen by
the grid search, including learning rate, L2 norm regularization, discount factor y, etc.
The maximum epoch for all methods is set as 400, while an early stopping strategy is

performed, i.e., if the loss stops increasing, then terminate the model training.

6.1.4.2 Counterfactual Enhanced Recommendation (RQ1)

In this section, we present the recommendation performance evaluation to answer the
RQ1. At each iteration, the counterfactual explanation model in our CERec produces
one counterfactual item for each positive user-item interaction to recursively train the
recommendation model. Thus, we are interested in knowing whether incorporating
counterfactual items could boost our recommendation performance. We present the
recommendation performance of our CERec and baselines in Table 6.3, and here are our

main findings.

* QOur proposed CERec equipped with a counterfactual explanation model consis-
tently outperforms all baselines across three datasets on both evaluation metrics.
For example, CERec obtains 16.6%, 0.3% and 17.4% improvements for Recall@20,
NDCG@20 and HR@20 respectively over the best baseline on Last-FM dataset. By
designing a counterfactual explanation model, CERec is capable of exploring the

high-order connectivity among the CKG to generate counterfactual items for rec-
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Table 6.3: Recommendation evaluation.

Top-K Recommendation
Dataset Last-FM Amazon-book Yelp2018

Model K RecalleK NDCG@K HR@K | RecalleK NDCG@K HR@K | RecalleK NDCG@K HR@K
20 0.0651 0.0767 0.2921 0.0799 0.0611 0.1010 0.0279 0.0380 0.1008

NeuMF 40 0.0807 0.0848 0.3409 0.1377 0.0769 0.2660 0.0357 0.0411 0.1241
60 0.0913 0.0955 0.3788 0.1581 0.0888 0.3007 0.0389 0.0448 0.1552

80 0.1005 0.1009 0.4267 0.1888 0.0974 0.3332 0.0411 0.0477 0.2008

20 0.0770 0.0821 0.2811 0.0879 0.0666 0.1420 0.0327 0.0412 0.1234

MCRec 40 0.0825 0.0845 0.3124 0.1041 0.0712 0.2177 0.0338 0.0424 0.1406
60 0.0919 0.0919 0.3888 0.1801 0.0844 0.2805 0.0429 0.0436 0.1721

80 0.1112 0.0945 0.4282 0.2257 0.0957 0.3672 0.0457 0.0437 0.2205

20 0.0761 0.0689 0.3197 0.1242 0.0684 0.2211 0.0557 0.0435 0.1528

KGpolicy 40 0.1018 0.0763 0.4091 0.1716 0.0805 0.2947 0.0649 0.0460 0.2588
60 0.1179 0.0815 0.4639 0.2048 0.0879 0.3417 0.0832 0.0547 0.3300

80 0.1302 0.0855 0.5006 0.2315 0.0935 0.3762 0.0883 0.0618 0.3841

20 0.0821 0.0856 0.3162 0.1076 0.0787 0.2182 0.0417 0.0458 0.1621

KGQR 40 0.0932 0.0923 0.4229 0.1652 0.0891 0.2358 0.0456 0.0499 0.1899
60 0.0999 0.0939 0.5228 0.1987 0.0912 0.3077 0.0512 0.0535 0.2172

80 0.1132 0.0947 0.5323 0.2212 0.0942 0.3531 0.0557 0.0587 0.2566

20 0.0870 0.0897 0.3292 0.0801 0.0791 0.2006 0.0444 0.0472 0.2341

KGAT 40 0.0962 0.0918 0.3762 0.1435 0.0812 0.2634 0.0469 0.0511 0.2666
60 0.1083 0.0937 0.4515 0.1766 0.0922 0.3244 0.0501 0.0546 0.3015

80 0.1232 0.0939 0.5464 0.2378 0.0985 0.3921 0.0544 0.0577 0.3655

20 0.1015 0.0900 0.3867 0.1406 0.0803 0.2451 0.0650 0.0495 0.2515

CERec 40 0.1304 0.0993 0.4801 0.1881 0.0926 0.3174 0.1025 0.0555 0.3549
60 0.1478 0.1052 0.5295 0.2203 0.0999 0.3624 0.1317 0.0639 0.4218

80 0.1603 0.1094 0.5628 0.2462 0.1054 0.3948 0.1572 0.0706 0.4739

20 + 16.6% +0.3% +174% | +13.2% +1.5% +10.8% | +16.7% +4.8% +7.4%

Improv. 40 + 28.0% + 7.5% +13.5% +9.6% + 3.9% + 6.5% +57.9% + 8.6% +33.1%
60 + 25.3% +10.1% +1.2% +7.5% + 8.3% +6.0% | +582% +16.8% +27.8%

80 +23.1% +8.4% + 3.0% + 3.5% +7.0% +0.6% | +78.0% +14.2%  +23.3%

ommendation model training. This verifies the effectiveness of our counterfactual
explanation model in producing high-quality counterfactual items that can boost
the recommendation. Counterfactual items provide high-quality negative signals
of user preference. By pairing one counterfactual item with one positive user-item
interaction for training, our recommendation model learns to distinguish between

positive items and negative items to generate more precise recommendations.

¢ By jointly analyzing the results across the three datasets, our CERec achieves
the most significant improvements over baselines on the Yelp2018 dataset, e.g.,
78.0%, 14.2%, and 23.3% improvements for Recall@80, NDCG@80, and HR@80,
respectively. The Yelp2018 dataset records a large number of inactive users that

have few interactions with items. It is well acknowledged that inferring user pref-
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erence for inactive users is challenging and limits the performance of recommender
systems [215]. However, our CERec can still achieve favorable recommendation
performance on the Yelp2018. We attribute the improvements of our CERec to the
augmenting of counterfactual items that could infer negative user preferences for

inactive users and thus boost the recommendation.

* Reinforcement learning (RL) endows recommendation models with improved rec-
ommendation performance. In particular, in Table 6.3, the recommendation per-
formance of RL-based baselines (i.e., KGpolicy and KGQR) beats non-RL-based
baselines (i.e., NeuMF, MCRec and KGAT) in most cases. For instance, KGpolicy
achieves 0.1018 Recall@40 while NeuMF only has Recall@40 of 0.0807. Unlike
static baselines without using RL, RL-based baselines could handle dynamic user-
item interactions with the recommendation environments and thus better capture
users’ preference shifts. This observation suggests that incorporating reinforcement
learning helps improve recommendation performance by considering the dynamic
nature of user preferences. Our CERec also harnesses the power of reinforce-
ment learning to adapt to dynamic user preferences when inferring counterfactual
items. Those counterfactual items identified by our CERec are proper to explain
users’ ever-changing preferences. Ultimately, CERec enhances the recommendation
model by augmenting these high-quality counterfactual items, resulting in superior

recommendation performance compared to all other baselines.

* Among the knowledge-aware models, our CERec consistently outperforms MCRec,
KGpolicy, KGQR, and KGAT. This is mostly because these knowledge-aware base-
lines might not fully utilize the item knowledge by lacking the counterfactual
reasoning ability as in our CERec. All knowledge-aware baselines employ various
attention mechanisms to capture users’ preferences on item knowledge w.r.t. differ-
ent item attributes. However, they fail to consider the underlying mechanism that
really triggered users’ interactions. On the contrary, our CERec learns to discover
the item attributes that cause the change of users’ interactions, thus resulting in a

promoted recommendation performance.

6.1.4.3 Counterfactual Explanation Quality (RQ2)

To answer RQ2, we evaluate the explainability of our framework by reporting the quan-
titative results of explanation evaluation metrics. Then, we discuss the interpretability

of our generated counterfactual explanations by distilling their real-world semantics.
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Table 6.4: Explainability evaluation w.r.t the consistency.

Explanation Consistency
Dataset Last-FM Amazon-book Yelp2018
Model Precision% Recall% F1% Precision% Recall% F1% Precision% Recall% F1%
RDExp 0.0214+0.01 0.0191+£0.00 0.0198+0.00 | 0.0196+0.00 0.0090+0.00 0.0117+0.00 | 0.4595+0.01 0.0987+£0.01 0.1320+0.03
NeuACF 3.7295+0.90 0.5843+0.04 0.6036+1.32 | 4.7336+1.21 0.6171+0.06 1.0226+0.08 | 8.5603+1.51 8.2619+1.47 7.0589+1.38
CaDSI 12.2143+0.96 2.4371+0.89 3.2667+1.98 | 13.2632+1.98 1.0897+0.09 2.8721+0.06 | 17.7322+2.07 19.0801+2.38 18.3096 +2.60
CERec 21.8394+1.21 3.8957+1.62 6.5234+0.89 | 23.8969+2.84 3.1020+0.92 5.1411+0.83 | 45.5013+3.11 41.5931+3.74 37.2509 +3.09

Quantitative Results. We report the Precision, Recall and F'; (c¢f. Eq. (6.17)) of explana-
tions generated by our CERec and baseline models in Table 6.4 to test the explanation
consistency. The three evaluation metrics reflect what extent the item attributes in
explanations are appropriate to explain users’ preferences. By analyzing Table 6.4, we
have several observations. Firstly, the RDExp method performs very poorly on both Pre-
cision, Recall, and F;. The RDExp generates explanations by randomly sampling item
attributes from the knowledge graph provided. The poor performance of RDExp shows
that randomly choosing item attributes as explanations can barely reveal the reasons for
recommendations. This demonstrates that high-quality explanations require the appro-
priate choice of item attributes. Secondly, the counterfactual explanations generated by
our CERec consistently show superiority against all baselines in finding item attributes
that are consistent with users’ preferences. This indicates that our CERec achieves supe-
rior explainability and can generate more relevant attribute-based explanations that
truly match user preference. Unlike NeuACF and CaDSI, which generate explanations
by selecting a fixed number of item attributes indicated by their importance scores, our
CERec searches a minimal set of item attributes that would flip the recommendation
result. We hence conclude that inferring item attributes with minimal changes is more
appropriate to generate explanations, since they reflect simple but essential attributes
that directly cause user preference changes. This further sheds light on the importance

of conducting counterfactual explanations for recommendations.

Interpretability of Counterfactual Explanations. We present a case study on the
interpretability of counterfactual paths that root at a positive user-item interaction
and end at its counterfactual item. Each freebase entity among paths are mapped into
real-world entities. We show the real-world cases in Figure 6.3 and give our observations

in the following.

The first example (Case 1) comes from the Last-FM dataset, where user 17724 posi-
tively interacted with “Perfect 10” in his listening record. Our CERec picks the “Loving
you is killing me” as the counterfactual item, which shares three overlapping item at-

tributes with the “Perfect 10”. Conventional explainable recommendation models would
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Figure 6.3: Real cases of counterfactual reasoning paths.

pick these three common item attributes to generate explanations as “you like Perfect 10
is because you like pop music that was certificated for its single#2 version”. However,
this explanation cannot answer why the “Loving you is killing me” with the same item
attributes is actually being removed from the user’s recommendation list. By contrast,
our CERec captures the counterfactual item attributes (i.e., Stones Throw and Soul) and
generates the counterfactual explanation as “if Perfect 10 has the label as Stones Throw
and the type as Soul, then it will not be recommended anymore.” This counterfactual
explanation provides us with deeper insights into users’ real preferences. For example,
analyzing the attribute differences, we find that although “Perfect 10” shares the same
type Pop as “Loving you is killing me”, it is actually the Rock music published by Mercury.
On the contrary, the “Loving you is killing me” that holds the opposite music type Soul
and different polisher would potentially be disliked by the same user. Analogously, in
Case 2 from the Amazon-book, our CERec picks the “Death of Kings” as the counterfac-
tual item for the positive interaction between u1g53 and “The Art of Dreaming”, and uses
item attributes Historical and United Kingdom as the counterfactual explanation to
reflect u1g53’s preferences on book genre and country. These counterfactual explanations
are more rational than conventional explanations, since they discard tedious associations

of item attributes and expand explanations to counterfactual attributes.
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6.1.4.4 Ablation Study on CERec (RQ3)

We have three contributing components in our CERec (cf. Figure 6.2): graph learning
module (GLM), counterfactual path sampler (CPS) and reinforcement learning agent
(RLA). We explore how replacing key designs in GLM, CPS and RLA impact CERec’s
performance. We present evaluation results for Amazon-book and Yelp2018 on both
Top-K recommendation and explanation consistency evaluation tasks. Since the results
on Last-FM and Amazon-book are similar, we include only the results of Amazon-book in

this study.

Table 6.5: Ablation study on graph learning module: impact of graph learning methods.

Top-K Recommendation ‘ Explanation Consistency
Recall@20 NDCG@20 | Precision% Recall%
Variants Amazon-book
CERec-GCN | 0.1392 (-1.0%) 0.0796 (-0.8%) | 21.7364 (-9.0%) 2.8790 (-7.1%)
CERec-GNN | 0.1323 (-5.9%) 0.0742 (-7.5%) | 21.6832 (-9.2%) 2.7793 (-10.3%)
CERec-SGC | 0.1358 (-3.9%) 0.0779 (-2.8%) | 19.0863 (-19.9%) 2.5837 (-16.7%)
CERec-LGC | 0.1301 (-7.6%) 0.0752 (-6.8%) | 19.4328 (-18.6%) 2.5602 (-17.4%)
CERec-GAT | 0.1394 (-0.8%) 0.0782 (-2.1%) | 21.8298 (-8.4%) 2.9074 (-6.6%)
CERec | 0.1406 0.0803 23.8969 3.1020
Yelp2018
CERec-GCN | 0.0613 (-5.6%) 0.0401 (-19.1%) | 40.0807 (-11.8%) 36.6742 (-11.8%)
CERec-GNN | 0.0644 (-0.9%) 0.0426 (-13.9%) | 40.9344 (-10.0%) 37.0901 (-10.8%)
CERec-SGC | 0.0564 (-13.2%) 0.0366 (-26.2%) | 39.0927 (-14.0%) 35.6321 (-14.3%)
CERec-LGC | 0.0563 (-13.3%) 0.0363 (-26.6%) | 38.8902 (-14.5%) 35.0966 (-15.6%)
CERec-GAT | 0.0628 (-3.3%) 0.0439 (-11.3%) | 41.0843 (-9.6%) 38.0871 (-8.4%)
| CERec | 0.0650 0.0495 | 455013 41.5931 |

Impact of Graph Learning Methods. Our graph learning module (GLM) employs
GraphSAGE [74] to quantify complex graph topology and node features of a given collab-
orative knowledge graph as graph embeddings. To investigate how different graph learn-
ing methods affect CERec’s performance, we replace GraphSAGE in our GLM with other
graph learning methods, including Graph Convolutional Network (GCN) [103], Graph
Neural Network (GNN) [140], Simple Graph Convolutional Network (SGC) [229], Light
Graph Convolution Network (LGC) [80] and Graph Attentional Network (GAT) [196].
Those graph learning methods are both state-of-the-art benchmarks in graph repre-
sentation tasks [235]. Table 6.5 shows the experimental results, wherein CERec-GCN
indicates the CERec trained with Graph Convolutional Network (GCN); similar notations

for other variants. Following the parameter settings, for fair comparisons, we keep the

156



6.1. COUNTERFACTUAL EXPLANATION

same embedding size (i.e., d = 64) for all variants and the original CERec in Table 6.5.
Besides, two graph layers with {32,64} output dimensions are performed for all variants

and CERec. Upon analyzing Table 6.5, we have several observations.

¢ Our CERec with a GraphSAGE-based GLM produces the best recommendation and
explanation performance compared with CERec with other graph learning methods.
This verifies the effectiveness of using GraphSAGE in our CERec. GraphSAGE
exhibits inductive learning, in contrast to GCN and GNN, which employ transduc-
tive learning. The inductive learning nature of GraphSAGE helps our CERec to
generalize well to unseen nodes, as inductive learning uses partial graph Laplacian
to allow better inferences of unseen nodes compared with transductive learning.
Besides, compared with SGC and LGC, GraphSAGE captures higher-order neigh-
bor dependencies and layer dependencies to model complex graph structures. In
return, CERec with a GraphSAGE-based GLM could harness complex dependen-
cies in graphs to enhance the quality of explanation learning. Because of these
two advantages, GraphSAGE generates superior graph embeddings, which in turn

improves counterfactual explanation learning of CERec.

* Graph learning methods largely impact model explainability, as evidenced by
the severely degraded explanation consistency of both variants in Table 6.5. This
suggests that explanations heavily rely on the quality of embeddings learned by the
graph learning methods. The reason is that graph embeddings provide essential
semantics for explanation learning, while inaccurate or false semantics can lead
to varying or contradictory explanations for recommendations. For example, on
Last-FM dataset, we observe that our CERec with a GraphSAGE-based GLM
explains user ui7794’s preference by the music type “Soul”, which aligns with
the actual user preference recorded in the dataset. In contrast, CERec with a
GCN-based GLM uses the music singer “Aloe Blacc” as the explanation, which
is contradictory with wi7794’s preference. We thus conclude that ensuring the
reliability of graph embeddings through appropriate graph learning methods is
crucial for maintaining high explanation consistency. GraphSAGE, with its ability
to capture accurate semantics, shows to be a suitable choice for enhancing the

learning of counterfactual explanations.

Impact of Attention Scores. The attention mechanism is pivotal in the counterfactual
path sampler (CPS) to guide the search for counterfactual paths within the two-step path

sampling. Hence, we investigate the effectiveness of the attention mechanism, i.e., how
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Table 6.6: Ablation study on counterfactual path sampler: impact of attention scores.

Top-K Recommendation ‘ Explanation Consistency
Recall@20 NDCG@20 ‘ Precision% Recall%
Variants Amazon-book

Unif(a;) | 0.1390 (-1.1%) 0.0790 (-1.6%) | 21.8847 (-8.4%) 2.7903 (-10.0%)
Unif(ag) | 0.1193 (-15.1%) 0.0674 (-16.0%) | 19.0109 (-20.4%) 2.4380 (-21.4%)

CERec | 0.1406 0.0803 23.8969 3.1020

Yelp2018
Unif(a;) | 0.0602 (-7.9%) 0.0443 (-11.7%) | 41.3869 (-9.9%) 39.0843 (-6.4%)
Unif(ag) | 0.0520 (-25.0%) 0.0334 (-48.3%) | 35.6721 (-27.5%) 33.5833(-23.8%)

CERec | 0.0650 0.0495 45.5013 41.5931

attention scores facilitate searching for informative counterfactual paths. In particular,
two attention scores a; and a9 are calculated respectively through the attention mech-
anism on source and target node embeddings. We thus do the ablation study by fixing
one attention score as uniform probability while keeping the other score unchanged. We
present the experimental results in Table 6.6, wherein the notation Unif(a;) signifies
that a; is sampled using a uniform probability U(0,1); the same applies for Unif(as).
Note that we do not consider setting both a1 ~ U(0,1) and as ~ U(0, 1), as this would
lead to the zero gradients of our CPS. Analyzing Table 6.6, we observe that both Unif(a{)
and Unif(ag) downgrade the recommendation and explainability performance of CERec.
We thus conclude that both attention scores are important for our CERec to find appro-
priate counterfactual paths to better serve the explanation learning. By leveraging these
attention scores, our CERec can effectively guide the search for informative counter-
factual paths toward candidate counterfactual items, ultimately improving the quality
of counterfactual explanations. Moreover, Unif(a2) exhibits relatively larger decrease
percentages compared with Unif(a;). For instance, Unif(a;) downgrades CERec’s perfor-
mance by a Recall@20 of 7.9% while Unif(ag) downgrades 25.0% Recall@20 on Yelp2018.
This is reasonable as Unif(ag) aligns uniformly distributed attention scores at the second
sampling step, which ignores the influence of a; calculated during the first sampling step.
This observation further highlights the superiority of applying the attention mechanism
at each step of the path sampling.

Impact of Reward Functions. The reward function is the core of the reinforcement
learning agent as it guides policy explorations. To verify the influence of reward func-
tions, we consider two variants of our proposed counterfactual reward in Eq. (6.14). In

particular, Eq. (6.14) incorporates two criteria: Rationality [197] and Similarity [47];
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Table 6.7: Ablation study on reinforcement learning agent: impact of reward functions.

Top-K Recommendation ‘ Explanation Consistency
Recall@20 NDCG@20 ‘ Precision% Recall%
Variants Amazon-book

R-reward | 0.1417 (-0.7%) 0.0802 (-0.0%) | 15.8732 (-33.5%) 1.8533 (-40.1%)
S-reward | 0.1225 (-14.7%) 0.0733 (-9.5%) | 10.6273 (-55.5%) 0.9231 (-66.3%)

CERec | 0.1406 0.0803 23.8969 3.1020

Yelp2018
R-reward | 0.0632 (-2.8%) 0.0419 (-18.1%) | 31.0579 (-31.6%) 29.7834 (-28.3%)
S-reward | 0.0556 (-16.8%) 0.0367 (-34.9%) | 20.0731 (-55.8%) 25.6565 (-38.1%)

| CERec | 0.0650 0.0495 | 455013 41.5931 |

we employ only Rationality to build the variant R-reward, while using Similarity to

construct the variant S-reward. Formally, R-reward is given by,

1, if Py (er) —Py(esr1) =€

0, otherwise

(6.18) r(s;,a;) = {

where r(s;,a;) is the reward calculated for action a; at state s;. S-reward is defined as,
(6.19) r(s¢,as) = cos(he,,h,,.,)

The results are shown in Table 6.7. We observe that using R-reward and S-reward
degrades CERec’s performance, especially for the explanation consistency performance.
This suggests that both R-reward and S-reward misguide policy learning to learn irrele-
vant counterfactual explanations that are not consistent with users’ preferences. This
is reasonable as excluding either Rationality or Similarity would cause the learning
process to deviate from the desired objectives of counterfactual explanations, resulting
in inferior performance. In contrast, our proposed counterfactual reward considers both
Rationality and Similarity, aligning with the definition of counterfactual explanation to
guide accurate policy learning. Moreover, using S-reward leads to relatively more severe
model degradation compared with using R-reward. S-reward only encourages the candi-
date counterfactual node to be similar to the target node, which, however, does not verify
the Rationality, i.e., whether the candidate node crosses the decision boundary. We thus

conclude that ensuring Rationality is essential for learning counterfactual explanations.

6.1.4.5 Parameter Analysis and Computation Costs (RQ4, RQ5)

We first study how the reinforcement depth 7" in Eq. (6.15) affects the recommendation

performance. We then investigate how the training epoch impacts the stability of our
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recommendation model. We also give the computation costs of reinforcement learning-

based baselines and our method.
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Figure 6.4: Impact of reinforcement depth 7" on three datasets.

Impact of Reinforcement Depth. The reinforcement depth 7' in Eq. (6.15) determines
the search space, with T'= 1 denoting that at most 1-hop neighbors of starting entities

are visited as proposals for policy learning. We search the number of T in {1,2,3,4,5}

160



6.1. COUNTERFACTUAL EXPLANATION

and report the recommendation performance of our model on both datasets in Fig-
ure 6.4 (a) (b) (c). We have the following observations. Firstly, our CERec with T =4
yields the best performance on the Amazon-book and Yelp2018 dataset, while 7' = 2
gives the best results on the Last-FM. The Amazon-book and Yelp2018 are presented
with 0.048% and 0.057% density and are much sparser compared with the Last-FM
with 0.26% density. That means more inactive users with few item interactions are
recorded in the Amazon-book and Yelp2018. To achieve the optimal recommendation
performance, the Amazon-book and Yelp2018 require larger reinforcement depth (i.e.,
T =4) compared with the Last-FM (i.e., T' = 2). This is because diverse counterfactual
items are retrieved by increasing the reinforcement depth to help the recommendation
model achieve optimal performance on the two datasets. This finding indicates that
augmenting diverse counterfactual items could provide precise recommendations for
inactive users to enhance the recommendation. Counterfactual items offer high-quality
negative signals for user preferences, and thus could help filter out negative items when
providing recommendations for inactive users. Secondly, increasing the reinforcement
depth enhances the recommendation performance before reaching the peaks on both
datasets. We attribute such consistent improvements to the improved diversity of coun-
terfactual items. This is because higher-hop item neighbors naturally cover more items
beyond those unexposed but are actually counterfactual ones than lower-hop neighbors.
Thirdly, after peaks, increasing reinforcement depth leads to downgraded performance.
This is because performing too many counterfactual item explorations introduces less

relevant items that may bias the recommendation results.

Reward Gradient. To evaluate the stability and robustness of our model, we plot the
cumulative rewards while training our model on the three datasets in Figure 6.5. Here
are our observations. First, our counterfactual explanation model gains stable cumulative
rewards on both datasets along with training, i.e., the cumulative rewards increase as the
epoch increases and finally reach stable states without suffering any drastic fluctuations.
This indicates that our counterfactual explanation model enjoys stable training without
losing reward gradients (e.g., gradients varnishing). This further verifies the rationality
and robustness of our proposed model. Second, the rates of reward convergences are
different across different datasets. For example, the cumulative rewards on Amazon-book
and Yelp2018 start to increase drastically at the beginning and converge at around epoch
40, while the counterpart on Last-FM first converges slowly and then becomes stable
at around epoch 120. This indicates that our model on Amazon-book and Yelp2018 can

quickly reach stable states using a small number of iterations; even Amazon-book and
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Figure 6.5: Learning curves of cumulative rewards w.r.t. training epoch.

Yelp2018 are much more sparse than Last-FM. This is because we use counterfactual
items during training, which contain negative user preference signals to assist the
decision-making for inactive users. Besides, we explore higher-order connectivity among

the CKG as side information for training, thus enhancing model robustness facing sparse

datasets.

Computation Costs. We evaluate the running time of reinforcement learning-based
baselines, including KGpolicy, KGQR, and KGAT, on the largest Amazon-book dataset.
For the average case, the corresponding results are 232s, 379s, and 279s per epoch,
respectively. Our CERec algorithm runs in 284s per epoch on average. Thus, CERec has a
comparable cost to other RL-based baselines. Besides, our CERec runs in 273s per epoch
in the best case and 291s per epoch in the worst case, which are also comparable costs to
other RL-based baselines. We also observed that the training time of CERec increases
by 42.78s per epoch on Amazon-book after using the counterfactual explanation model.
Overall, as our counterfactual explanation model delivers explanations with superior

increased explainability, e.g., 23.8969 F'; score on Amazon-book (cf Table 6.4), we consider

the increased cost by 42.78s as a reasonable trade-off.
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6.1.5 Summary

This research work proposes a reinforcement learning-based counterfactual explain-
able recommendation framework over a CKG. The proposed CERec model can generate
attribute-based counterfactual explanations while providing precise recommendations.
We design a counterfactual explanation model as a reinforcement learning agent to
discover high-quality counterfactual explanations. The counterfactual explanation model
takes paths sampled from our counterfactual path sampler as actions to optimize an
explanation policy. By maximizing the counterfactual rewards of the deployed actions, the
explanation policy is learned to generate high-quality counterfactual items. In addition,
we reduce the vast action space by utilizing attention mechanisms in our path sampler
to yield effective paths from the CKG. Finally, the learned explanation policy generates
attribute-based counterfactual explanations for recommendations. We deploy the expla-
nation policy to a recommendation model to enhance the recommendation. Extensive
explainability and recommendation evaluations on three large-scale datasets demon-
strate CERec’s abilities to improve the recommendation and provide counterfactual

explanations consistent with user preferences.

6.2 Counterfactual Fairness Explanation

6.2.1 Overview

Research Question. A fundamental problem for fairness-aware recommendations is
understanding why a model is unfair, i.e., “what causes unfair recommendation results?”.
Fairness explanation, as an important aspect of fairness research, would enhance the
design of fairness-aware recommendation approaches by tracking unfair factors for
model curation. This research work focuses on the item exposure unfairness problem in
recommendations, and targets generating high-quality explanations that uncover unfair
factors to promote the fair allocation of user-preferred but less exposed items.

Research Objective. This research aims to generate counterfactual explanations for
fairness rather than conventional explanations. Counterfactual explanations learn unfair
factors as the “minimal” change of the input features that guarantee the reduction of
unfairness [55, 197]. They provide “what-if” explanations to determine the most vital
and essential (i.e., minimal) factors that change model fairness [197]. Unlike conven-
tional explainable methods with high complexity, counterfactual explanations have the

advantage of being minimal w.r.t. the generated explanations and are faithful to model
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fairness changes. Unfortunately, there is only one counterfactual explainable method
for recommendation fairness. Ge et al. [56] explain which item feature changes the item
exposure fairness of the feature-based recommendation models. They perturb feature
scores within pre-defined user-aspect and item-aspect matrices and feed the perturbed
matrices into a recommendation model. Those perturbed features that change the fair-
ness disparity are considered fairness explanations. This counterfactual explainable
method suffers from the following limitations: 1) It conducts optimization on feature
matrices, which require vector-wise perturbations. However, when dealing with high-
dimensional features, vector-wise perturbations may not significantly change perturbed
matrices as feature matrices would become large-scale. In such cases, the effectiveness of
perturbing feature matrices to identify sensitive features can be limited. 2) It is primarily
designed for feature-based models and is not well-suited for handling discrete attributes
in attribute-aware recommendation models. Including context-based filtering [174, 176]
and knowledge-aware systems [88, 204], modern recommendation models are largely
attribute-aware and rely on explicit attributes to generate recommendations. Those
attributes are user and item demographics, which are generated through data tagging
on discrete attributes, e.g., genre, language, and location. However, the feature-level
optimization in [56] can only deal with continuous values and cannot be directly applied
to discrete attributes. For example, assigning a continuous value, such as gender=0.19,
to the discrete gender attribute is impractical in constructing explanations and provides
no valuable clue to improve the explanation. Consequently, feature-level optimizations
have limited capability in handling discrete attributes that are frequently encountered
in recommendation scenarios. To tackle the limitations of the existing work, this work
focuses on exploring attribute-level counterfactual explanations for attribute-aware rec-
ommendation models. The research objective is to answer: “what the fairness would be if

a minimal set of attributes had been different?”.

Motivations. Driven by recent successes in Heterogeneous Information Networks
(HINs)-enhanced recommendations [88, 174, 176, 206, 208, 216], this work proposes
to leverage real-world attributes from a HIN for counterfactual reasoning when dealing
with discrete attributes. In contrast to value-based features, real-world attributes resid-
ing in HINs are represented as discrete nodes, with edges denoting their connections.
By utilizing attributes from HINs, we can overcome the limitation of feature-level op-
timizations to directly measure whether the removal of specific attributes changes the
model’s fairness. We use a toy example in Figure 6.6 to illustrate how HIN assists in

learning attribute-level counterfactual explanations. Given a HIN carrying attributes
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of recommended items iq,i9 and users ui,ug, we want to know why i; and ig cause
discrimination in recommendation results. The counterfactual explanation performs
“what-if” reasoning by removing user and item attributes from the HIN and checking
the fairness disparity of recommendation results. Both E; and Eg are valid candidate
explanations since they reduce (i.e., |) fairness disparities of recommendations (i.e., i3, i4)
from 0.90 to 0.19. To determine which attributes are the primary reason for unfairness,
the counterfactual explanation will use the minimal attribute changes, i.e., E1, instead
of utilizing attribute combinations in E5. Thus, we could infer E is the most vital reason
for model unfairness. Besides, since a counterfactual explanation E; is minimal, it only
reveals the essential attributes (i.e., “Female”) that effectively explain unfairness while

discarding the less accurate explanations.

O disparity fF—=H—)
am %

U g B, B

@ E@ Female = 0 Male =0
. UK=0
attributes change?
@ @ dispﬂity 1 dis%ity 1

0.19 0.19

‘_l -=l
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T0.83 13 14

. minimal

i If “Female” attribute is removed,
model fairness could be improved.

1
i Counterfactual

Heterogeneous Information Network (HIN) " Explanation

Figure 6.6: Toy example of inferring the attribute-level counterfactual explanation for
fairness with a HIN.

The Proposed Approach. This work proposes the CFairER model (Counterfactual
Explanation for Fairness) to find optimal attribute-level counterfactual explanations
from a given HIN. Particularly, we focus on generating explanations for item exposure
unfairness to promote the fair allocation of user-preferred but less exposed items. Note
that the proposed approach maintains generalizability and can be integrated with differ-
ent recommendation models to mitigate item exposure unfairness. Specifically, we use
an off-policy reinforcement learning agent in CFairER to optimize a fairness explanation
policy by uniformly exploring candidate counterfactuals from a given HIN. We devise
attentive action pruning over the HIN to reduce the search space for reinforcement
learning. We propose a counterfactual reward to ensure the rationality of the learned

fairness explanations. Finally, our CFairER optimizes the explanation policy using an
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unbiased counterfactual risk minimization objective, resulting in accurate attribute-level
counterfactual explanations for fairness.

Contributions. The contributions of this work are:

* We make the first attempt to leverage rich attributes in a Heterogeneous Informa-
tion Network to offer attribute-level counterfactual explanations for recommenda-

tion fairness.

* We propose an off-policy learning framework to identify optimal counterfactual
explanations, which is guided by attentive action pruning to reduce the search

space.

* We devise a counterfactual risk minimization for off-policy correction to achieve

unbiased policy optimization.

¢ Comprehensive experiments show the superiority of our method in generating
trustworthy explanations for fairness while preserving satisfactory recommenda-

tion performance.

6.2.2 Fairness Definitions and Metrics

We focus on the item exposure (un)fairness in recommendations. We first split items
in historical user-item interactions into head-tailed group G, the long-tailed group
G1 °. Note that items from the head-tailed group refer to the top popular items that
dominate historical user-item interactions. Following previous works [54, 56], we use
demographic parity (DP) and exact-K (EK) defined on item subgroups to measure whether
a recommendation result is fair. In particular, DP requires that each item has the same
likelihood of being classified into Gg and G1. EK regulates the item exposure across
each subgroup to remain statistically indistinguishable from a given maximum a. By
evaluating the deviation of recommendation results from the two fairness criteria, we
can calculate the fairness disparity, i.e., to what extent the recommendation model is
unfair. Formally, giving a recommendation result H,, g, the fairness disparity A(H, k) of

Hu,K is:

AH, g)=0-1)|¥Yppl+A|VYEK],
(6.20) Wpp =1G1|- Exposure (Go | H, k) — Gl - Exposure (G1|Hy k),
Wgk = a- Exposure (Go | Hy k) — Exposure (G1|Hy, k)

5Following [56], we consider the top 20% items with the most frequent interactions with users as G,
while the remaining 80% belongs to G1.
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where K is the recommendation list length of H, x, A(:) is the fairness disparity metric
that quantifies model fairness status. A is the trade-off parameter between DP and EK,
where A is chosen from {0,1} and A = 0 representing DP is considered as the fairness mea-
surement while A = 1 denoting EK is used as the fairness measurement. The definition of
A(-) enables us to choose the optimal disparity definition for a variety of recommendation
tasks, e.g., music and movie recommendations. Exposure (G il H uK) is the item exposure

number of H, ¢ within G; w.r.t. j €{0,1}.

6.2.3 Counterfactual Explanation for Fairness

This work aims to generate attribute-level counterfactual explanations for item expo-
sure fairness. In particular, we aim to find the “minimal” changes in attributes that
reduce the fairness disparity (cf. Eq. (6.20)) of item exposure. Formally, given historical
user-item interaction Y, and user attribute set 7y and item attribute set 77 extracted
from an external Heterogeneous Information Network (HIN) ¢. Suppose there exists
a recommendation model that produces the recommendation result H, x for user u.
Given all user-item pairs (u,v) in H, g, our goal is to find a minimal attributes set
V*c{ley,ent | (u,e,),(v,e,) €& e, €V,e, € V7). Each attribute in 7* is an attribute
entity from HIN ¥, e.g., user’s gender and item’s genre. With a minimal set of 7, the
counterfactual reasoning pursues to answer: what the fairness disparity would be, if
V* is applied to the recommendation model. 7* is recognized as a valid counterfactual
explanation for fairness, if after applied 7, the fairness disparity of the intervened
recommendation result A(H Zf i) reduced compared with original A(H, k). In addition,
¥* is minimal such that there is no smaller set 7* € ¢ satisfying [7*'| <|7*| when 7*

is also valid.

6.2.4 Methodology
6.2.4.1 The CFairER Framework

We now introduce our Counterfactual Explanation for Fairness (CFairER). As shown in
Figure 6.7, CFairER devises three major components: 1) graph representation module
embeds users, items, and attributes among HIN as embedding vectors; 2) recommenda-
tion model learns user and item latent factors to produce recommendation results and 3)
our proposed counterfactual fairness explanation (CFE) model assisted by the graph rep-
resentation module and the recommendation model to conduct counterfactual reasoning.

This section discusses how the CFE model collaborates with the other two components,
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Algorithm 2: CFairER: Counterfactual Fairness Explanation for Recommendation
Input :HIN G; user set U, item set 7, user attribute set Vy, item attribute set V;
observed user-item interaction matrix Y; model parameters ©;
Output: Counterfactual fairness explanation and fair recommendation results
1 Initialize ® with uniform sampling;

Step 1: Graph Representation Learning
Initialize embedding vectors for users, items, and attributes;

for each nodev € V do
Compute user embedding h,,, item embedding h,, user attribute embedding e, and item

ai B W N

attribute embedding e, using message passing among HIN;
6 end

7 Step 2: Recommendation Model Learning
8 for each useru € U do

9 for each itemi € I do
10 Compute latent user and item factors: U, and V;
11 Compute predicted interaction score: §,; = f(Uy, Vy; ©);
12 Compute Top-K recommendation lists H, ;
13 end
14 end

15 Step 3: Counterfactual Fairness Explanation (CFE)
16 Initialize explanation policy 7g;
17 for each user-item pair (u,i) do

18 / State Representation Learning

19 Compute state s; using h,, h;, e, e;;

20 / Attentive Action Selection

21 Select action a, using explanation policy 7g(s;) — a;;

22 / Counterfactual Intervention and Fairness Evaluation

23 Generate intervened recommendation outcome H;]; by fusing attribute embeddings
with user and item latent factors;

24 Compute fairness disparity change: Afimess = Hﬁj; - H,x;

25 / Reward Calculation and Policy Optimization

26 Compute reward r(s;, a;) based on fairness disparity change;

27 Optimize explanation policy 7z using VoR (7g).

28 end

29 Return Optimized fairness-aware explanation policy 5.

and then introduces the graph representation module and the recommendation model.
We will elaborate on our proposed CFE model in the next section.

Counterfactual Fairness Explanation Model. As shown in Figure 6.7, our CFE
model uses off-policy learning, in which an explanation policy g is optimized to produce

attribute-level counterfactual explanations for fairness. At each state s;, g produces
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Figure 6.7: The proposed CFairER framework.

actions a; absorbing user and item attributes as potential counterfactual explanations.
These actions are committed to the recommendation model and graph representation
module to produce the reward r(s;,a;) for optimizing ng. Specifically, the graph repre-
sentation module provides dense vectors h,, h,, e, and e, as user, item, user attribute
and item attribute embeddings, respectively. Those embeddings are used in the state
representation learning (i.e., learn s;) and attentive action pruning (i.e., select a;) in
our CFE model. Moreover, the attribute embeddings are fused with user or item latent
factors learned by the recommendation model to explore the model fairness change. In
particular, the fused embeddings of users and items are used to predict the intervened
recommendation result H ff %+ By comparing the fairness disparity (cf. Eq. (6.20)) differ-
ence between H Zf x and the original recommendation H, g, we determine the reward
r(ss,a;) to optimize ng, accordingly. The reward r(s;,a;) measures whether the current
attribute (i.e., action) is a feasible fairness explanation responsible for the fairness
change. Finally, ng is optimized with a counterfactual risk minimization (CRM) objective
VoR (1) to balance the distribution discrepancy from the logging policy 7.

Graph Representation Module. Our graph representation module conducts hetero-
geneous graph representation learning to produce dense vectors of users, items, and
attributes among the HIN. Compared with homogeneous graph learning such as Graph-
Sage [74], our graph representation injects both node and edge heterogeneity to preserve
the complex structure of the HIN. In particular, we include two weight matrices to
specify varying weights of different node and edge types. In the following, we present the
graph learning for user embedding h,. The embeddings of h,, e,, and e, can be obtained
analogously by replacing nodes and node types during computations. Specifically, we
first use Multi-OneHot [254] to initialize node embeddings at the 0-th layer, in which
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w’s embedding is denoted by h¥. Then, at each layer , user embedding h’, is given by

aggregating node u’s neighbor information w.r.t. different node and edge types:

Wl
(6.21) h!, = o' | concat | W! h-t ,&
|‘/VV/(9)(u)| w' €Ny (o)1)

P(u) DP

Dy

bt | +o!

where o(-) is LeakyReLU [237] activation function and concat(-) is the concatenation
operator. D,[-]is a random dropout with probability p applied to its argument vector. hft_l
is u’s embedding at layer I — 1. Ay )(w) = {u’| (u,e,u’) € 4} is a set of nodes connected

with user node u through edge type y(e). The additionally dotted two weight matrices, i.e.,

1 1
H(u) w(e)’

of each type ¢(u) and y(e). b is an optional bias.
With Eq (6.21), we obtain u’s embedding hi at each layer / € {1,---,L}. We then adopt

layer-aggregation [238] to concatenate u’s embeddings at all layers into a single vector,

node-type matrix W*, = and edge-type matrix W are defined based on the importance

ie, h, = h&l) +--- +h§;"). Finally, we have user node ©’s embedding h,, through aggregation.
The item embedding h,, user attribute embedding e, and item attribute embedding e,
can be calculated analogously.

Recommendation Model. The recommendation model fr is initialized using user-
item interaction matrix Y to produce the Top-K recommendation result H, x for all
users. Here, we employ a linear and simple matrix factorization (MF) [162] as the
recommendation model fr. Particularly, MF initializes IDs of users and items as latent
factors and uses the inner product of user and item latent factors as the predictive

function:
(6.22) fru,v)=U]V,

where U, and V', denote d-dimensional latent factors for user u and item v, respectively.

We use the cross-entropy [259] loss to define the objective of the recommendation model:

(6.23) Lr== )  Yuwlogfr,v)+1-yu)log(l-fr(y,v))

u,0,yuw€Y

After optimizing the loss function £, we can use the trained user and item latent factors

(i.e., U, V) to produce the original Top-K recommendation lists H, g for all users u € %.

6.2.4.2 Reinforcement Learning for Counterfactual Fairness Explanation

We cast our CFE model in an off-policy learning environment, which is formulated as
Markov Decision Process (MDP). The MDP is provided with a static logged dataset
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Figure 6.8: Counterfactual Fairness Explanation (CFE) Model.

generated by a logging policy 7 6. The logging policy 7 collects trajectories by uniformly
sampling actions from the user and item attribute space. We use the off-policy learning
to optimize an explanation (i.e., target) policy g by approximating the counterfactual
rewards of state-action pairs from all timestamps, wherein the logging policy 7 is
employed for exploration while the target policy ng is utilized for decision-making. In
the off-policy setting, the explanation policy 7x does not require following the original
pace of the logging policy mg. As a result, g is able to explore the counterfactual region,
i.e., those actions that haven’t been taken by the previous agent using 7y. Formally, at
each timestamp t € {1,---, T} of MDP, the explanation policy mg(a;|s;) selects an action

(i.e., a candidate attribute) a; € o; conditioning on the user state s; € ., and receives

6We adopt the uniform-based logging policy as m¢. It samples attributes as actions from the attribute
space with the probability of mg(a; | ss) = Wi%l
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counterfactual reward r(s;,a;) € Z for this particular state-action pair. Then the current
state transits to the next state s;+; with transition probability of P(s;+1 | s¢,a:) € 2. The
whole MDP has the key elements:

< is a finite set of states {s; |t €[1,---,T]}. Each state s; is transformed into dense

vectors (i.e., embeddings) by our state representation learning.

* of, is a finite set of actions (i.e., attributes) available at s;. < is select from

attributes 7; € ¢ by our attentive action pruning to reduce the search space.

* P ¥ xod — & is the state transition, which absorbs transition probabilities of
the current states to the next states. Given action a; at state s;, the transition to

the next state s;,1 is determined as P(s;11|8s,a:) € P =1.

* . — X is the counterfactual reward measures whether a deployed action
(i.e., an attribute) is a valid counterfactual explanation for fairness. £ is the

counterfactual reward used to guide the explanation policy learning.

We now introduce the implementation of each key component.

State Representation Learning. The state . describes target users and their rec-
ommendation lists from the recommendation model. Formally, at step ¢, the state s; for
a user u is defined as s; = (u,H(u,K)), where u € % is a target user and H(u,K) is the
recommendation produced by fr. The initial state s¢ is (z,v) and v is the interacted item
of u,i.e., y,, €Y =1. Our state representation learning maps user state s; = (u,H(u,K))
into dense vectors for latter explanation policy learning. Specifically, given s; that ab-
sorbs current user u and its recommendation H(u,K) = {v1,v9,...,vg}. We first acquire
the embedding h,, of each item v, € H(u,K) from our graph representation module. The
state s; then receives the concatenated item embeddings (i.e., concat [hvk Vv, € Hu,K )])
to update its representation. Considering states within . have sequential patterns [215],
we resort to Recurrent Neural Networks (RNN) with a gated recurrent unit (GRU) [39]
to capture the sequential state trajectory. We firstly initialize the state representation s

with an initial distribution s¢ ~ pg 7. Then we learn state representation s; through the

"In our experiment, we used a fixed initial state distribution, where sqg=0¢€ R%.
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recurrent cell:

u; =04 (Wiconcat [hy, Vv € Hw,K)| + Uysi—1 + b1)
r; = 04 (Wgconcat [hy, |Vvi, € H(u,K)] + Ugs;—1 + b3)

(6.24)
$: =0, (Wsconcat [hy, |Vvr € H(w,K)] + Us(r; - s4-1) + b3)

st:(l—ut)-st_l +ut®§t

where u; and r; denote the update gate and reset gate vector generated by GRU and o is
the element-wise product operator. W;, U; are weight matrices and b; is the bias vector.
Finally, s; serves as the state representation at time step ¢.

Attentive Action Pruning. Our attentive action pruning is designed to reduce the
action search space by specifying the varying importance of actions for each state. As a
result, the sample efficiency can be largely increased by filtering out irrelevant actions
to promote an efficient action search. Our method defines actions as candidate attributes
selected from a given HIN that potentially impact the model fairness. In particular, given
state s; = (u,H(u,K)), we can distill a set of attributes 7; of the current user u and items
v € H(u,K) from the HIN. Intuitively, we can directly use 7; as candidate actions for state
s;. However, the user and item attribute amount of the HIN would be huge, resulting in a
large search space that terribly degrades the learning efficiency [214]. Thus, we propose
an attentive action pruning based on attention mechanism [195] to select important
candidate actions for each state. Formally, given the embedding e; for an attribute i € 7;
from Eq. (6.21), and the state representation s; from Eq. (6.24), the attention score a; of

attribute i is:
(6.25) a; = ReLU(Wgs; + Wpe; +b)

where W, and W), are two weight matrices and b is the bias vector. We then normalize
attentive scores of all attributes in 7; and select attributes with n-top attention scores
into <;:

exp(a;)

(6.26) oy = {i |i€Top-n| ——mm
! Yiey, expla;)

andie%}

where n is the candidate size, and n is chosen based on the parameter analysis made in
the ablation study (cf. Section 6.2.5.4). To the end, our candidate set < is of high sample
efficiency since it filters out irrelevant attributes while dynamically adapting to the user
state shift.

Counterfactual Reward Definition. The counterfactual reward r(s;,a;) € Z measures

whether a deployed action a; € o is a valid counterfactual explanation for fairness
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at the current state s;. Inspired by [213], the reward is defined based on two criteria:
1) Rationality [197]: deploying action (i.e., attribute) a; should cause the reduction of
fairness disparity regarding the item exposure fairness. The fairness disparity change is
measured by the fairness disparity difference between the recommendation result before
(i.e., A(Hy k)) and after (i.e., A(H ff i) fusing the action a; to the recommendation model
fr,1e, A(H, g)—AH Z %) 2) Prox’imity [47]: a counterfactual explanation is a minimal
set of attributes that cﬁanges the fairness disparity.

For the Rationality, we fuse the embedding of a; with user or item latent factors from
the recommendation model to learn updated user and item latent vectors, so as to get the
AH Zf x)- Specifically, for a state s; = (u, H(u,K)), the embedding e; of action a; is fused
to user latent factor U, for user u and item latent factors V, for all items v; € H(u,K)

by a element-wise product fusion. As a result, we can get the updated U ff and Vf,f :

U —U,0le | Vtell, -, T, ifas € ¥y

(6.27) p
Vi <V, 0fe|Vtell, -, Tl ifa; €V

where © represents the element-wise product (a.k.a. Hadamard product). T is the total
training iteration. At the initial state of £ = 0, user and item latent factors U, and V,,
are learned form Eq (6.22). Through Eq. (6.27), the updated user and item latent vectors
are then used to generate the intervened recommendation result H Zf X

For the Proximity, we compute whether a; returns a minimal set of attributes that
changes the recommendation model fairness. This is equal to regulating user and item
latent factors before (i.e., U,, V,) and after (i.e., U Zf , Vﬁf ) fusing a; be as similar as
possible.

Based on the two criteria, the counterfactual reward can be defined as the following:

1+dist(U,,, Uy +dist(V,, Vi, if AH, &) - AH ) z e

(6.28) r(ss,ap) =
oo { dist(U,,US) + dist(V, VET), otherwise

{a,b)
lalliol

A(-) is the fairness disparity evaluation metric defined in Eq.(6.20). € is the disparity
change threshold that controls the model flexibility.

where dist(:) is the distance metric defined as cosine similarity, i.e., dist(a,b) =

6.2.4.3 Unbiased Policy Optimization

Using state s; € . from Eq. (6.24), candidate action a; € </ from Eq. (6.26), and coun-

terfactual reward r(s;,a;) defined in Eq. (6.28) for each timestamp ¢, we aim to learn an
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explanation policy 7g by maximizing the expected cumulative reward R(rg) over total

iteration 7. Formally,

T
Y y'r(se,ar)

(6.29) max R(g)=[E;-;;
TE =0

where 7 = (sg,a0,51,a1,...) are trajectories and 7 ~ 7z means the distribution over trajec-
tories is induced by the explanation policy ng. The explanation policy ng : & — P(of;) is
a map from states . to a probability distribution over actions <, where f; are selected
from the attentive action pruning. &2 are state transitions and P(s;41 | sz,a;) € 22 = 1.
Intuitively, we can directly use R(ng) in Eq. (6.29) to guide the optimization of .
However, this would lead to a biased policy optimization [214] due to the existence of
policy distribution discrepancy between 7z and the logging policy 7y. In particular, in
the off-policy learning setting, the logging policy 7y focuses on explorations, in which a
uniform-based ¢ is adopted to explore attributes from the attribute space uniformly
at random. In contrast, the target explanation policy 7z aims to exploit the learned
knowledge and take actions that maximize the cumulative rewards given by Eq. (6.29).
As a result, the data collected under 19 may not align with the explanation policy’s
distribution. Directly using the logged data collected by ( for learning can lead to biased
estimates, which has been showed in previous works [133, 168].
Bias alleviation with Counterfactual Risk Minimization. Fortunately, Counterfac-
tual Risk Minimization (CRM) [188] could alleviate the bias by correcting the distribution
discrepancy between ng and 7¢. The core idea of CRM is to use inverse propensity scoring
(IPS) to balance the distribution discrepancy. Specifically, IPS reweights the collected
data using the importance weight, which is the ratio of the target policy’s distribution
to the logging policy’s distribution for each timestamp. By reweighting the data with
importance weights, the distribution discrepancy can be corrected, enabling unbiased

learning. Formally, IPS calculates the importance weight ! for each timestamp ¢:

¢ E(ag|sy)

6.30 =
( ) molas | s¢)

where ! is the importance weight for reweighing at timestamp ¢. Applying ¢ to Eq (6.29),
we can alleviate the policy distribution bias by maximizing the CRM-based expected

cumulative reward R (x E):

z: tﬂE(at|30

= molas|sy) r(se,a:)

T
Z Ytﬁtr(shat)

(6.31)  max R(g)=E,p,
E t=0

[ET~7'[E [
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Finally, the policy gradient of the explanation policy learning w.r.t. model parameter
O is achieved by the REINFORCE [227]:

T
(6.32) VoR ()= = Yyt TE(ar150)

r(ss,ar)Velogng(as | s
TEY ot sy CotnVelogme sy

where T is the total training iteration. By optimizing the Eq. (6.32), the learned ex-
planation policy mg generates minimal sets of attributes responsible for item exposure
fairness changes, so as to find the plausible fairness-related factors leading to unfair

recommendations.

6.2.4.4 Computational Complexity Analysis

The computational complexity of CFairER is primarily determined by the three core
components: (1) Graph Representation Learning, (2) Recommendation Model Training,
and (3) Counterfactual Fairness Explanation (CFE). Below, we analyze the complexity
of each step. The graph representation module embeds users, items, and attributes in
a heterogeneous information network (HIN). Let |7/| be the number of nodes, |&| be
the number of edges, and d be the embedding dimension. Common methods such as
graph neural networks (GNNSs) require message passing over multiple layers. Assuming
an L-layer GNN, the complexity is O(L|&|d). The recommendation model learns user
and item latent factors for prediction. The typical matrix factorization (MF) method
involves dot product computations between user and item embeddings. Given |%| users,
|#| items, and embedding dimension d, the complexity per iteration is G(|%|d +|_#1d).
The CFE model constructs a state representation s; for each user-item pair. Using dense
embeddings from the graph representation module, this step requires O(|%|+ | #1)d.
Selecting attribute-based counterfactual explanations requires attention mechanisms.
Let m be the number of attribute candidates per user-item pair, the complexity per
step is @(md). The fairness-aware intervention modifies the embeddings and computes
fairness disparity. Since fairness disparity is computed over K-top recommended items,
the complexity is O(Kd). The reward function is optimized via gradient-based learning.
Using CRM, the policy update involves computing gradients over the logging policy
distribution 7y. Let T is the number of iterations, and b is the batch size, this step
costs O(T'bd). Summing up all the major computational steps, the overall complexity per
iteration is: O(L|&|d) + O(|%\d +| Z1d) + G(md) + O(Kd) + O(Tbd), which is simplifies to
O(L|&|d +Tbd +|%\d +|_#|d). The overall complexity is linear in the number of users,

items, and edges, making CFairER scalable to large recommendation datasets. However,
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graph representation learning remains the bottleneck, which can be optimized using

sampling-based GNN methods or graph sparsification techniques.

6.2.5 Experiments

We conduct extensive experiments to evaluate the proposed CFairER to explain item
exposure fairness in recommendations. We aim to particularly answer the following

research questions:

¢ RQ1. Whether CFairER produces attribute-level explanations that are faithful to

explaining recommendation model fairness compared with existing approaches?

* RQ2. Whether explanations provided by CFairER achieve better fairness-accuracy
trade-off than other methods?

* RQ3. Do different components (i.e., recommendation model, attentive action prun-
ing, counterfactual risk minimization-based optimization) help CFairER to achieve

better generalizability, sample efficiency and bias alleviation, respectively?
* RQ4. How do hyper-parameters impact CFairER?

* RQ5. What is the time complexity and computation cost of CFairER?

6.2.5.1 Setup

Datasets. We use logged user behavior data from three datasets Yelp 8 Douban Movie ?

and LastFM 10 for evaluations. Each dataset is considered an independent benchmark
for different tasks, i.e., business, movie, and music recommendation tasks. The Yelp
dataset records user ratings on local businesses and business compliment, category
and city profiles. The Douban Movie is a movie recommendation dataset that contains
user group information and movie actor, director and type details. The LastFM contains
music listening records of users and artist tags. The details of both datasets are given
in Table 6.8, which depicts statistics of user-item interactions, user-attribute and item-
attribute relations. All datasets constitute complex user-item interactions and diverse
attributes, thus providing rich contextual information for fairness explanation learning.

Following previous works [114, 214, 216], we adopt a 10-core setting, i.e., retaining users

8https://www.yelp.com/dataset/
9https:/movie.douban.com/
0% ¢tps://github.com/librahuw/HIN-Datasets-for-Recommendation-and-Network-Embedding
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Table 6.8: Statistics of datasets.

Original Preprocessed
Dataset Attribute: Relation: Attribute: Relation:
(Density) Number of Attribute Number of Relation | Number of Attribute Number of Relation
User (U): 16,239 U-B: 198,397 User (U): 8,533 U-B: 181,199
Business (B): 14,284 B-U: 198,397 Business (B): 9,370 B-U: 181,199
Yelp Category (Ca): 511 B-Ca: 40,009 Category (Ca): 469 B-Ca: 26,887
(0.086%) City (Ci): 47 B-Ci: 14,267 City (Ci): 46 B-Ci: 9,363
Compliment (Co): 11 U-Co: 76,875 Compliment (Co): 11 U-Co: 41,149
Friend (F): 10,580 U-F: 158,590 Friend (F): 9,609 U-F: 123,959
User (U): 13,367 U-M: 1,068,278 User (U): 10,075 U-M: 1,059,305
Movie (M): 12,677 M-U: 1,068,278 Movie (M): 9,122 M-U: 1,059,305
Douban Movie | Actor (A): 6,311 M-A: 33,572 Actor (A): 5,960 M-A: 26,247
(0.63%) Director (D): 2,449 M-D: 11,276 Director (D): 2,281 M-D: 8,490
Type (T): 38 M-T: 27,668 Type (T): 38 M-T: 20,420
Group (G): 2,753 U-G: 570,047 Group (G): 2,753 U-G: 475,445
Friend (F): 2,294 U-F: 4,085 Friend (F): 2,108 U-F: 3,651
User (U): 1,892 U-A: 92,834 User (U): 1,879 U-A: 77,473
Artist (A): 17,632 A-U: 92,834 Artist (A): 10,734 A-U: 77,473
LastFM Tag (T): 9,718 A-T: 184,941 Tag (T): 6,392 A-T: 103,260
(0.28%) Similar artist (S): 13,569 | A-S: 153,399 Similar artist (S): 9,038 | A-S: 107,987
Friend (F): 1,749 U-F: 18,802 Friend (F): 1,747 U-F: 18,776

and items with at least ten interactions for both datasets to ensure the dataset quality.
Meanwhile, we binarize the explicit rating data by interpreting ratings of 4 or higher as
positive feedback, otherwise negative. Then, we sort the interacted items for each user
based on the timestamp and split the chronological interaction list into train/test/valid
sets with a proportion of 60%/20%/20%.

We also study the long-tail distribution of user-item interactions in the three datasets.
We present the visualization results of the distribution in Figure 6.9. In particular, we
first calculate the popularity of each item among user-item interactions, and sort the item
index by the calculated popularity in descending order. Then, we plot the distribution of
user-item interactions for both datasets: the x-axis represents the item index given by
sorting the item popularity, and the y-axis represents the number of interactions (i.e.,
item popularity) in the dataset. We also calculate the split percentage of head-tailed
items and long-tailed items and show the split as the vertical line in Figure 6.9. The
head-tailed items are the top-ranked items based on popularity, positioned to the left
(blue) of the vertical line; the long-tailed items are the remaining items positioned to the
right (orange) of the vertical line. Upon analyzing Figure 6.9, we find that the user-item
interactions in both datasets exhibit a skewed distribution. A small fraction of items are
frequently interacted with by users, as evidenced by the head-tailed distribution in the
blue plot area. Besides, we observe a long-tailed distribution in the orange plot area,

where a majority of items receive a disproportionately small number of interactions. This
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(a) User-item interaction distribution in Yelp.
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(b) User-item interaction distribution in Douban Movie.
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Figure 6.9: Long-tailed distribution of item popularity in Yelp, Douban Movie, and
LastFM.
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suggests that while popular items capture a significant portion of user attention, a wide
range of less popular items collectively contribute to a large fraction of interactions. In
summary, the analysis in Figure 6.9 highlights the presence of a skewed distribution
in the user-item interactions of both datasets, with a small fraction of popular items
accounting for most of the user interactions in both datasets. The skewed distribution
would result in serious item exposure unfairness issues in recommendations, such as the
well-known filter-bubble problem [147] and Matthew effect [156].

Baselines. We adopt three heuristic approaches and two existing fairness-aware explain-
able recommendation methods as baselines. In particular, the three heuristic approaches
RDExp, PopUser and Popltem generate explanations from user and item attributes
that are chosen by random selection, top popular user attributes and top popular item
attributes, respectively. The two fairness-aware explainable methods are FairKGAT [51]
and CEF [56]. FairKGAT [51] mitigates the unfairness of explanation for a SOTA
knowledge graph-enhanced recommender KGAT [204]. CEF [56] is the first work that

explains fairness, in which aspect-based explanations are generated.

* RDExp: We randomly select attributes from the attribute space for each user-item
interaction and generate explanations based on the selected attributes. Note that
the selected attributes can be both user and item attributes. We fix the explanation
length N as N =20 for RDExp.

* PopUser and Popltem: We separately calculate the exposure number of attributes
for each user-item interaction, then sort each attribute chronologically based on the
exposure number. We devise a baseline PopUser, in which the top user attributes
are selected as explanations. Analogously, we build PopItem that produces the top
item attributes for the explanation. We fix the explanation length N as N = 20 for
PopUser and Popltem.

¢ FairKGAT: uses FairKG4Rec [51] to mitigate the unfairness of explanations for
a knowledge graph-enhanced recommender KGAT [204]. FairKG4Rec [51] is a
generalized fairness-aware algorithm that controls the unfairness of explanation
diversity in the recommendation model. KGAT [204] is a state-of-the-art knowledge
graph-enhanced recommendation model that gives the best fairness performance
in the original FairKG4Rec paper. We shortly denote the FairKG4Rec with KGAT
as FairKGAT. The explanation length in FairKGAT is also fixed as N = 20.

* CEF [56]: is the first work that explains fairness in recommendation. It generates
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feature-level explanations for item exposure unfairness by perturbing user and

item features and searches for features that change the fairness disparity.

Note that to the best of our knowledge, FairKGAT [51] and CEF [56] are the only two
existing methods designed for explainable fairness recommendation tasks.

Explanation Faithfulness Evaluation. We adopt the widely used erasure-based eval-
uation criterion [55] in Explainable Al to evaluate the explanation faithfulness. Note
that the erasure-based evaluation is also used by CEF [56]. The erasure-based eval-
uation identifies the contributions of explanations by measuring model performance
changes after these explanations are removed. As a result, one can tell whether the
model actually relied on these particular explanations to make a prediction, i.e., faithful
to the model. In our experiments, we use the erasure-based evaluation to test (I) the
recommendation performance change and (IT) the recommendation fairness change after
a set of attributes from the generated explanation is removed. By doing so, we can iden-
tify whether our explanations are faithful to recommendation performance and fairness
disparity. Following [55], we remove certain attributes from the generated explanations
and evaluate the resulting recommendation performance. Therefore, in the starting
evaluation point, we consider all attributes and add them to the user and item embed-
dings. We then remove certain attributes from the generated explanations to observe
recommendation and fairness changes at later evaluation points. In particular, we first
use historical user-item interactions to train a recommendation model through Eq. (6.23)
to generate user and item embeddings. Then, we fuse all attribute embeddings from
Eq. (6.21) with the trained user and item embeddings. The user and item embeddings
after fusion are used to generate recommendation results at the starting evaluation
point. Thereafter, we conduct counterfactual reasoning using our CFairER to generate
attribute-level counterfactual explanations for model fairness. Those generated explana-
tions are defined as the erasure set of attributes for each user/item. Finally, we exclude
the erasure set from attribute space, and fuse the embeddings of attributes after erasure
with the trained user and item embeddings to generate new recommendation results.
Given the recommendation results at each evaluation point, we use two widely adopted
recommendation evaluation metrics, namely, Normalized Discounted Cumulative Gain
(NDCG)@K and Hit Ratio (HR)@K, to measure the recommendation accuracy. As this
work focuses on explaining item exposure fairness in recommendations, we use two
item-side evaluation metrics, i.e., Head-tailed Rate (HT)@K and Gini@K, for fairness
evaluation. HT@K refers to the ratio of the head-tailed (i.e., popular) item number in

each recommendation to the recommendation list length K. Those head-tailed items are
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the top-ranked items selected based on the calculated item popularity for each dataset,
and are derived from the statistical analysis on each dataset. Intuitively, the head-tailed
items positioned to the left (blue) of the vertical lines in Figure 6.9 (a) (b) (c) for Yelp,
Douban Movie and LastFM, respectively. Having obtained the defined head-tailed items
and the recommendation list length K, HT@K is calculated by,

(6.33) HTGK = Nhead-tailed

where Npead-tailed 18 the number of head-tailed items. Lager HT@K indicates that the
model suffers from a more severe item exposure disparity by favoring items from the head-
tailed (i.e., popular) group. Gini@K measures the inequality within the two subgroups
(i.e., the head-tailed group and the long-tailed group) among the Top-K recommendation
list. Larger Gini@K indicates recommendations are of higher inequality between the
head-tailed and the long-tailed group.

Implementation Details. To demonstrate our CFairER, we employ a simple matrix
factorization (MF) as our recommendation model. We train the MF using train/test/val-
idate sets split from user-item interactions in datasets with 60%/20%/20%. The same
data-splitting method is applied in all baselines. We optimize the MF using stochastic
gradient descent (SGD). The same gradient descent method is leveraged for baselines
when required. Our graph representation module employs two graph convolutional
layers with {64,128} output dimensions. FairKGAT baseline also keeps 2 layers. The
graph representation module outputs embeddings for all user and item attributes with
the embedding size d = 128. The embedding size for FairKGAT and CEF is also fixed
as d = 128. The number of latent factors (as in Eq. (6.22)) of MF is set equal to the
embedding size of our graph representation module. To generate the starting evaluation
point of erasure-based evaluation, we fuse attribute embeddings with the trained user
and item latent factors based on element-wise product fusion. The fused user and item
embeddings are then used to produce Top-K recommendation lists.

We train our counterfactual fairness explanation model with SGD based on the
REINFORCE [186] policy gradient. For baseline model compatibility, we follow CEF [56]
to use “Sentires” 1! for constructing user-feature attention matrix and item-feature
quality matrix for CEF. The hyper-parameters of training all baselines are chosen by the
grid search, including learning rate, Lo norm regularization, etc. The batch size for our
CFairER and baselines are set as 256. The training epochs for our CFairER and baselines

are set to a maximum of 400, and an early stopping strategy is performed to stop the

U ttps://github.com/evison/Sentires
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training process if the loss fails to decrease for consecutive 5 epochs. After all models have
been trained, we freeze the model parameters and generate explanations accordingly. We
report the erasure-based evaluation results by recursively erasing top E attributes from
the generated explanations. The erasure length E is chosen from E =[5,10,15,20]. The
recommendation and fairness performance of our CFairER and baselines under different
E is reported in Table 6.9. For the unique parameters of our CFairER, we determine
the discount factor y’ € [0,1] in Eq. (6.32) by a grid search. The total reinforcement
timestamp T is set to T'=100. The disparity change threshold € € [0,1] in Eq. (6.28), and
the fairness disparity trade-off 1 € {0,1} in Eq. (6.20) is determined by performing a grid
search on the validation set. This enables us to choose the optimal value for a variety
of recommendation tasks, including but not limited to business (Yelp dataset), movie

(Douban Movie dataset), and music (LastFM dataset) recommendations.
6.2.5.2 Explanation Faithfulness (RQ1, RQ2)

Table 6.9: Recommendation and fairness performance after erasing top E =1[5,10,20]
attributes from explanations.

Method NDCG@40 1 Hit Ratio (HR)@40 { Head-tailed Rate (HT)@40 | Gini@40 |
E=5 E=10 E=20 E=5 E=10 E=20 E=5 E=10 E=20 E=5 E=10 E=20
Yelp

RDExp 0.0139 0.0125 0.0118 0.1153 0.1036 0.1029 0.1994 0.1976  0.1872  0.3870 0.3894 0.3701
PopUser 0.0141 0.0136 0.0128 0.1183 0.1072 0.1067 0.1776 0.1767  0.1718  0.3671 0.3642 0.3495
Popltem 0.0147 0.0139 0.0131 0.1182 0.1093 0.1084 0.1793 0.1846  0.1848  0.3384 0.3370 0.3359
FairKGAT 0.0153 0.0141 0.0138 0.1384 0.1290 0.1277 0.1802 0.1838  0.1823  0.3671 0.3508 0.3542
CEF 0.0254 0.0247 0.0231 0.1572 0.1608 0.1501 0.1496 0.1455  0.1420  0.3207 0.3159 0.3088
CFairER 0.0316 0.0293 0.0291 0.1987 0.1872 0.1868 0.1345 0.1322 0.1301  0.2366 0.2068 0.1974

Douban Movie

RDExp 0.0390 0.0346 0.0351 0.1278 0.1170 0.1172 0.1932 0.1701  0.1693  0.3964 0.3862 0.3741
PopUser 0.0451 0.0352 0.0348 0.1482 0.1183 0.1174 0.1790 0.1674  0.1658  0.3684 0.3591 0.3562
PopItem 0.0458 0.0387 0.0379 0.1523 0.1219 0.1208 0.1831 0.1458 0.1383  0.3664 0.3768 0.3692
FairKGAT 0.0534 0.0477 0.0421 0.1602 0.1377 0.1308 0.1654 0.1573  0.1436  0.3590 0.3472 0.3483
CEF 0.0831 0.0795 0.0809 0.1949 0.1973 0.1901 0.1043 0.0998 0.0945 0.3079 0.2908 0.3001
CFairER 0.1290 0.0921 0.0901 0.2706 0.2441 0.2238 0.0841 0.1183  0.1101  0.2878 0.2648 0.2593

LastFM

RDExp 0.0857 0.0568 0.0592 0.8436 0.7915 0.7831 0.7884 0.7732  0.7691  0.3707 0.3531 0.3540
PopUser 0.0786 0.0432 0.0431 0.7787 0.7697 0.7604 0.7979 0.8064  0.7942  0.3862 0.3729 0.3761
Popltem 0.0792 0.0479 0.0435 0.7803 0.7961 0.7914 0.7689 0.7638  0.7573  0.3673 0.3602 0.3618
FairKGAT 0.0832 0.0594 0.0621 0.8063 0.7938 0.8165 0.7451 0.7342  0.7408  0.3580 0.3458 0.3433
CEF 0.0962 0.1037 0.1001 0.8592 0.8408 0.8509 0.6873 0.6092 0.5601  0.3308 0.3298 0.3375
CFairER 0.1333 0.1193 0.1187 0.9176 0.8867 0.8921 0.6142 0.5865 0.5737  0.2408 0.2371 0.2385

Figure 6.10 explicitly shows how the fairness (i.e., Head-tailed Rate@K) and recom-
mendation (i.e., NDCG@K) performance of our CFairER and baselines changes along

with erasure, where the x-axis shows the erasure iteration and the y-axis demonstrates
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Figure 6.10: Erasure-based evaluation on Top-5, Top-20 and Top-40 recommendations.
K is chosen from K = {5,20,40}. NDCG@K values are multiplied with 10 for better
presentation. Each data point is generated while cumulatively erasing the top 10 (i.e.,
E =10) attributes in explanations.
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Figure 6.11: Fairness-accuracy trade-off of CFairER and baseline models on Top-5, Top-20
recommendations. The x-axis denotes the fairness performance, i.e., Head-tailed Rate@K;
the y-axis demonstrates the recommendation performance, i.e., NDCG@K. NDCG@K
values are multiplied with 10 for better presentation.
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the corresponding fairness and recommendation performance at K = {5,20}. Each data
point in Figure 6.10 is generated by cumulatively erasing a batch of attributes. Those
erased attributes are selected from, at most 12, the top 10 (i.e., E = 10) attribute sets of
the explanation lists provided by each method 3. As PopUser and PopItem baselines en-
joy very similar data trends, we choose not to present them simultaneously in Figure 6.10.
Besides, we plot the relationship between fairness and recommendation performance
at each erasure iteration in Figure 6.11, showcasing the fairness-accuracy trade-off of
our CFairER and baselines. We also use Table 6.9 to present the final recommendation
and fairness performance of all methods after erasing E =[5,10,20] attributes in ex-
planations. Note that in both Figure 6.10, Figure 6.11 and Table 6.9, larger NDCG@K
and Hit Ratio @K values indicate better recommendation performance while smaller
Head-tailed Rate@K and Gini@K values represent better fairness. Analyzing Figure 6.10,
Figure 6.11 and Table 6.9, we have the following findings.

From Table 6.9, it is observed that our CFairER achieves the best recommendation
and fairness performance amongst all methods after erasing attributes from our ex-
planations. For instance, CFairER beats the strongest baseline CEF by 25.9%, 24.4%,
8.3% and 36.0% for NDCG@40, Hit Ratio@40, Head-tailed Rate@40 and Gini@40 with
erasure length £ =20 on Yelp. This indicates that explanations generated by CFairER
are more faithful to explaining unfair factors while not harming recommendation ac-
curacy compared to all baseline methods. Unlike heuristic approaches (i.e., RDExp,
PopUser, and Popltem) that rely on random attribute selection, CFairER incorporates
a more complex and rational attribute selection mechanism for fairness explanation
generation. Particularly, CFairER prioritizes relevant attributes that change the model
fairness by using a counterfactual reward (cf Eq. (6.28)), incorporating two criteria of
Rationality and Proximity to ensure the quality of generated counterfactual explanations.
Besides, FairKGAT considers mitigating the unfairness of explanation diversity caused
by different user activeness, which ignores the impact of item exposure imbalance on
explanation fairness. Our CFairER mitigates the unfairness of item exposure to pro-
mote the fair allocation of user-preferred but less exposed items, thus achieving better
recommendation and fairness performance than FairKGAT. Regarding CEF, although
CEF generates counterfactual explanations as in our CFairER, it conducts feature-level

optimizations and does not apply to discrete attributes such as gender and age. Our

120ur CFairER generates counterfactual explanations; thus, the explanation length is adaptive and
may not reach E = 10. In such a case, we select all attributes as erased attributes.

13For example, given n explanation lists, the number of erasure attributes is n x 10. We cumulatively
erase m attributes in one batch within in total (n x 10)/m iterations.
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CFairER uses an off-policy learning agent to directly visit attributes in a given HIN,
adapting to both discrete and continuous attributes when finding the counterfactual
explanations. As a result, our CFairER outperforms CEF due to its generalizability to
discrete attributes. Another interesting finding is that PopUser and PopItem perform
even worse than RDExp (i.e., randomly selecting attributes) on LastFM. Early recommen-
dation models largely recommend items that have popular attributes favored by users.
Though this is intuitive, recommending items with popular attributes would deprive
the exposure of less-noticeable items, causing serious model unfairness and degraded
recommendation performance. This further highlights the importance of mitigating item

exposure unfairness in recommendations.

From Figure 6.10, the fairness of all models consistently improves while erasing
attributes from explanations, shown by the decreasing trend of Head-tailed Rate@K
values. Besides, Figure 6.10 also shows the decreasing trend of NDCG@K values, demon-
strating a decreased recommendation performance. The improved fairness performance
of all methods is reasonable, as erasing attributes, even those selected randomly from
attribute sets, could potentially remove unfair factors to mitigate the representation
gap between popular and long-tailed items. This finding is also consistent with the
finding in CEF [56]. Unfortunately, we can observe the downgraded recommendation
performance of all models in Figure 6.10, as also evidenced by CEF [56]. For example, in
Figure 6.10, the NDCG®@5 of CEF drops from approximately 1.17 to 0.60 on LastFM at
erasure iteration 0 and 50. This is due to the well-known fairness-accuracy trade-off issue,
in which the fairness constraint could be achieved with a sacrifice of recommendation
performance. Facing this issue, both baselines suffer from huge declines in recommenda-
tion performance. On the contrary, our CFairER still enjoys favorable recommendation
performance and outperforms all baselines. Besides, the decline rates of our CFairER
are much slower than baselines on both datasets in Figure 6.10. We hence conclude that
the attribute-level explanations provided by our CFairER can achieve a much better
fairness-accuracy trade-off than other methods. This is because our CFairER finds mini-
mal but vital attributes as explanations for model fairness. Those attributes produced by
CFairER are fairness-related factors but not the ones that affect the recommendation
accuracy. As a result, our CFairER could alleviate the item exposure unfairness while
maintaining stable recommendation performance. Another finding is that our CFairER
may not outperform FairKGAT and PopUser in fairness evaluations when the number of
erasure iterations is insufficient. In Figure 6.10 (a), it is observed that the HT@5 of FairK-

GAT and PopUser exhibit more quick degradation compared to CFairER’s degradation at
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the beginning of the erasure iterations. This can be attributed to the fact that FairKGAT
and PopUser construct explanations using a fixed length (i.e., N = 20), which may absorb
more attributes in each explanation than CFairER’s adaptive explanation length, i.e.,
minimal for each explanation. Consequently, CFairER may not have a fair opportunity
to hit the attributes that explain model unfairness compared to FairKGAT and PopUser,
resulting in slower degradation of HT@5 during the initial erasure iterations. However,
as more erasure iterations are performed, CFairER exhibits stable performance and
eventually surpasses FairKGAT and PopUser in fairness evaluations. This indicates
that CFairER consistently discovers suitable explanations that align with model fairness
during the learning process. These explanations generated by CFairER prioritize simple
yet essential attributes, in contrast to the complex combinations of attributes utilized by
FairKGAT and PopUser.

Figure 6.11 provides deeper insights into the fairness-accuracy trade-off issue, specif-
ically the relationship between fairness and recommendation performance metrics, i.e.,
Head-tailed Rate@K and NDCG@K . By analyzing Figure 6.11, we find that our CFairER
achieves the best fairness-accuracy trade-off compared to the baseline methods on the
Douban Movie and LastFM datasets. This is evident from the blue curves positioned to
the left-hand side of the diagonals of Figure 6.11 (c) (d) (e) (f). Moreover, we observe that
RDExp performs the poorest on the Douban Movie dataset, while PopUser exhibits the
worst performance on the LastFM dataset. In our experiments, the trade-off is caused
by the disagreement between the goals of item exposure fairness and user preference.
While we aim to align fair allocations to item exposures, the recommendation model
primarily focuses on selecting items similar to those in users’ historical interactions.
We thus conclude the attributes found by our CFairER are not necessarily similar to
the attributes of historical items. Instead, they are sensitive attributes that cause the
recommendations to favor the historically popular items. Another finding is that our
CFairER initially does not outperform other baselines during the early erasure process
on the Yelp dataset, as depicted in Figure 6.11 (a) (b). We attribute this sub-optimal
performance on Yelp to the extremely sparse nature of the dataset, i.e., a density of
only 0.086%. Compared with Douban Movie (0.63% density) and LastFM (0.28% density),
Yelp records a larger amount of users that have few interactions with items. While
other baseline methods may rely on popular attributes to predict the preferences of
those users, CFairER takes a different approach. It aims to identify sensitive attributes
that may not necessarily be the most popular ones. Consequently, at the beginning of
the erasure process, CFairER may struggle to adapt to the data sparsity of the Yelp
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dataset, resulting in sub-optimal performance. However, as more erasure iterations are
performed, CFairER surpasses baseline models and achieves the best fairness-accuracy
trade-off. This demonstrates the effectiveness of CFairER in progressively refining its
attribute selection process and achieving a favorable fairness-accuracy trade-off. With
more iterations, CFairER can identify the appropriate attributes that better explain item

exposure fairness and align with user preferences.

6.2.5.3 Ablation Study (RQ3)

We conduct an in-depth ablation study on the ability of our CFairER to achieve favor-
able generalizability, sample efficiency and bias alleviation. In particular, our CFairER
includes three important components that contribute to the good performance of CFairER,
i.e., recommendation model, attentive action pruning and counterfactual risk minimization-
based optimization. We evaluate our CFairER with different variant combinations and
show our main findings below.

Generalizability to Recommendation Models. We first do the ablation study on rec-
ommendation models, showcasing the generalizability of our CFairER. In particular, we
consider three different benchmark recommendation models, i.e., BPR [162], NeuMF [81]
and NGCF [205]:

¢ BPR [162]: a well-known matrix factorization-based model with a pairwise ranking

loss to enable recommendation learning from implicit feedback.

* NeuMF [81]: extends collaborative filtering to neural network architecture. It
maps users and items into dense vectors and feeds user and item vectors into a

multi-layer perception to predict user preferences.

¢ NGCF [205]: a graph-based model that incorporates two graph convolutional
networks to learn user and item embeddings. The learned embeddings are passed

to a matrix factorization to capture the collaborative signal for recommendations.

We substitute our MF-based recommendation model by BPR, NeuMF and NGCEF, res-
pectively, utilizing the user and item embeddings produced by the three models for the
latter explanation policy learning. The fairness and recommendation performance of our
CFairER under the three recommendation models is reported in Table 6.10. We have
the following findings. Overall, when utilizing NeuMF and NGCF, CFairER consistently
demonstrates improved performance, evident from the increased NDCG@20 and HR@20
values, as well as the decreased HT@20 and Gini@20 values. NeuMF and NGCF are

189



CHAPTER 6. ASCERTAIN RECOMMENDATION EXPLAINABILITY AND FAIRNESS
USING COUNTERFACTUAL

two recent state-of-the-art (SOTA) recommendation models, which extend collaborative
filtering (CF) to neural network architecture and graph-based modeling, respectively.
NeuMF makes a notable extension of CF to neural networks, leveraging the power of
deep learning to achieve the SOTA performance. NGCF enhances NeuMF by model-
ing complex user-item interactions in graph-structured data, capturing higher-order
relationships among users and items. Compared to the simple MF used in CFairER,
these advanced models capture intricate user behaviors, such as collaborative behavior
in NeuMF and higher-order relationships in NGCF. Thus, the increased performance
of CFairER with these advanced models highlights its potential for achieving better
recommendations. Additionally, even when employing the basic MF model, our CFairER
outperforms baseline approaches, as shown in Table 6.9. This highlights the effectiveness
of CFairER regardless of the reliance on recommendation models. Another finding is
that BPR leads to downgraded recommendation performance for CFairER. This could be
attributed to BPR’s reliance on binary implicit feedback, which may lack the expressive
ability present in the rating data used by MF. In summary, the ablation study demon-
strates the generalizability of CFairER and its potential to achieve better performance

when combined with advanced recommendation models.

Table 6.10: Ablation study on recommendation models. Erasure length E is fixed as
E =20.

Recommendation Model NDCG@201 HR@20 1 HT@20] Gini@20]
Yelp

MF (CFairER) 0.0238 0.1871 0.1684 0.1990
BPR [162] 0.0273 (+14.71%) 0.1869 (-0.11%) 0.1579 (-6.23%) 0.2083 (+4.67%)
NeuMF [81] 0.0279 (+17.23%) 0.2021 (+8.02%) 0.1563 (=7.19%) 0.1832 (-7.94%)
NGCF [205] 0.0284 (+19.33%) 0.1927 (+2.99%) 0.1530 (-9.16%) 0.1801 (-9.50%)

Douban Movie

MF (CFairER) 0.0583 0.2043 0.1149 0.2871
BPR [162] 0.0592 (+1.54%) 0.1992 (-2.50%) 0.1084 (—-5.66%) 0.2860 (—0.38%)
NeuMF [81] 0.0611 (+4.80%) 0.2101 (+2.89%) 0.1070 (—6.86%) 0.2771 (—3.48%)
NGCF [205] 0.0638 (+9.44%) 0.2178 (+6.66%) 0.1073 (—-6.61%) 0.2708 (—5.67%)

LastFM

MF (CFairER) 0.1142 0.7801 0.6914 0.2670
BPR [162] 0.1138 (-0.35%) 0.7792 (-0.12%) 0.6908 (—-0.09%) 0.2672 (+0.07%)
NeuMF [81] 0.1209 (+5.87%) 0.7983 (+2.34%) 0.6831(-1.20%) 0.2580 (—3.37%)
NGCF [205] 0.1271 (+11.30%) 0.8031 (+2.95%) 0.6744 (—2.46%) 0.2461 (—7.82%)

Sample Efficiency of Attentive Action Pruning. Our attentive action pruning re-
duces the action search space by specifying varying importance of attributes for each

state. As a result, the sample efficiency can be increased by filtering out irrelevant
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Table 6.11: Ablation study on core modules. Erasure length E is fixed as E = 20.

Variants NDCG@201 HR@20 1 HT@20| Gini@20|
Yelp

CFairER 0.0238 0.1871 0.1684 0.1990
CFairER - Attentive Action Pruning 0.0164(-31.1%) 0.1682(-10.1%) 0.1903(+13.0%) 0.2159(+8.5%)
CRM loss — Cross-entropy [259] loss  0.0197(-17.2%) 0.1704(-8.9%) 0.1841(+9.3%) 0.2101(+5.6%)
Douban Movie

CFairER 0.0583 0.2043 0.1149 0.2871
CFairER — Attentive Action Pruning 0.0374(-35.9%) 0.1537(—24.8%) 0.1592(+38.6%) 0.3574(+24.5%)
CRM loss — Cross-entropy [259] loss 0.0473(-18.9%) 0.1582(—22.6%) 0.1297(+12.9%) 0.3042(+6.0%)
LastFM

CFairER 0.1142 0.7801 0.6914 0.2670
CFairER — Attentive Action Pruning 0.0987(-13.6%) 0.7451(-4.5%) 0.7833(+13.3%) 0.2942(+10.2%)
CRM loss — Cross-entropy [259] loss  0.0996(-12.8%) 0.7483(-4.1%) 0.7701(+11.4%) 0.2831(+6.0%)

attributes to promote an efficient action search. To demonstrate our attentive action
pruning, we test CFairER without (=) the attentive action pruning (i.e., CFairER —
Attentive Action Pruning), in which the candidate actions set absorbs all attributes
connected with the current user and items. We report the performance of CFairER —
Attentive Action Pruning in Table 6.11. Through Table 6.11, we observed that removing
the attentive action pruning downgrades CFairER performance. We attribute the down-
graded performance of CFairER to the exponentially increased computational costs after
removing the attentive action pruning. These costs require careful model optimization
by needing a sufficient number of iterations and samples during training, as well as
longer training times. Since our ablation study is conducted in a fair setting, wherein
training iterations and samples remain the same, the downgraded performance after
removing the attentive action pruning is reasonable. This is due to the limited training
environment prepared for CFairER, which leads to a sub-optimal explanation policy
facing such a high computational cost. This sheds light on the importance of the atten-
tive action pruning module, as it alleviates the computational burden by filtering out
irrelevant actions, resulting in enhanced sample efficiency. Besides, without pruning,
the model should theoretically have a more extensive search space. However, a larger
search space would introduce more irrelevant actions that can bias the model from
finding appropriate actions. The attentive action pruning module plays a crucial role
in filtering out these irrelevant actions, thereby facilitating more efficient searching for
counterfactual explanations. By filtering out irrelevant actions from consideration, the
model can focus on identifying the most impactful actions for generating accurate and
meaningful explanations. Moreover, the performance of CFairER after removing the

attentive action pruning downgrades severely on Douban Movie. This is because Douban
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Movie has the largest number of attributes compared with the other two datasets (cf.
Table 6.8), which challenges our CFairER to find suitable attributes as fairness expla-
nations. These findings suggest the superiority of applying attentive action pruning in
fairness explanation learning, especially when the attribute size is large.

Bias Alleviation with Counterfactual Risk Minimization. Our CFairER is opti-
mized with a counterfactual risk minimization (CRM) loss to achieve unbiased policy
optimization. The CRM loss (cf. Eq. (6.31)) corrects the discrepancy between the explana-
tion policy and logging policy, thus alleviating the policy distribution bias in the off-policy
learning setting. To demonstrate the CRM loss, we apply our CFairER with cross-entropy
(CE) [259] loss (i.e., CRM loss — Cross-entropy loss) to show how it performs compared
with CFairER on the CRM loss. We report the performance of CRM loss — Cross-entropy
loss in Table 6.11. We observe our CFairER with CRM loss consistently outperforms
the counterpart with CE loss on both fairness and recommendation performance. The
sub-optimal performance of our CFairER with CE loss indicates that the bias issue in
the off-policy learning can lead to downgraded performance for the learning agent. On
the contrary, our CFairER takes advantage of CRM to learn a high-quality explanation
policy. Hence, we conclude that performing unbiased optimization with CRM is critical

to achieving favorable fairness explanation learning.

6.2.54 Parameter Analysis (RQ4)

We analyze how erasure length E and candidate size n (as in Eq. (6.26)) impact the
performance of CFairER. Erasure length E is the number of erased attributes selected
from each explanation, which determines the erasure size for evaluations. Candidate
size n is the number of candidate actions selected by our attentive action pruning. We
present the evaluation results of CFairER under different £ and n on Yelp and LastFM
in Figure 6.12. Since the results on Douban Movie draw similar conclusions to the other
datasets, we choose not to present them here.

Apparently, the performance of CFairER demonstrates decreasing trends from E =5,
then becomes stable after E = 10. The decreased performance is due to the increasing
erasure of attributes found by our generated explanations. This indicates that our
CFairER can find valid attribute-level explanations that impact fair recommendations.
The performance of CFairER degrades slightly after the bottom, then becomes stable.
This is reasonable since the attributes number provided in datasets are limited, while
increasing the erasure length would allow more overlapping attributes with previous

erasures to be found.
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Figure 6.12: Parameter sensitivity analysis: Impacts of parameters E and n on CFairER.

By varying candidate size n from n =[10,20,30,40,50,60] in Figure 6.12 (c) (d), we
observe that CFairER performance first improves drastically as candidate size increases
on both datasets. The performance of our CFairER reaches peaks at n =40 and n =30
on Yelp and LastFM, respectively. After the peaks, we can witness a downgraded model
performance by increasing the candidate size further. We consider the poorer performance
of CFairER before reaching peaks is due to the limited candidate pool, i.e., insufficient
attributes limit the exploration ability of CFairER to find appropriate candidates as
fairness explanations. Meanwhile, a too-large candidate pool (e.g., n = 60) would offer
more chances for the agent to select inadequate attributes as explanations. Based on
the two findings, we believe it is necessary for our CFairER to carry the attentive
action search, such as to select high-quality attributes as candidates based on their

contributions to the current state.
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6.2.5.5 Time Complexity and Computation Costs (RQ5)

For time complexity, our recommendation model performs matrix factorization with
a complexity of O(|@]). For the graph representation module, establishing node repre-
sentations has complexity O(Z{‘:l(lcgl +16*)d;d;_1). For the off-policy learning process,
the complexity is mainly determined by the attention score calculation, which has a
time complexity of O@QT|G™||.A,|d?). The total time complexity is O(|0| + ZZL=1(|€4| +
|61 )d;d;—1 +2T|0* |nod?). We evaluated the running time of FairKGAT and CEF base-
lines on the large-scale Yelp dataset. The corresponding results are 232s and 379s per
epoch, respectively. CFairER has a comparable cost of 284s per epoch to these base-
lines. Considering that our CFairER achieves superior explainability improvements
compared to the baselines, we believe that the increased cost of, at most, 52s per epoch is

a reasonable trade-off.

6.2.6 Summary

This research work proposes a reinforcement learning-based fairness explanation learn-
ing framework named CFairER that operates over a heterogeneous information network
(HIN). CFairER generates counterfactual explanations in the form of minimal sets of
real-world attributes to provide insights into item exposure unfairness. Unlike previous
approaches, CFairER takes a distinct approach to abandon feature-level optimizations
and instead focuses on searching for real-world attributes from the HIN. This unique
characteristic of CFairER allows it to adapt to both continuous and discrete attributes,
providing flexibility in capturing various types of attribute information. In CFairER
framework, we incorporate a counterfactual fairness explanation model and leverage
attentive action pruning to reduce the search space. We define the counterfactual fairness
explanation model as an off-policy learning agent, employing a counterfactual reward
to enable the counterfactual reasoning for attribute-level counterfactual explanations.
Finally, CFairER discovers high-quality counterfactual explanations that effectively
capture fairness factors and meanwhile align with user preferences. Extensive evalua-
tions conducted on three benchmark datasets validate the effectiveness of CFairER. The
evaluation results demonstrate CFairER’s ability to generate faithful explanations for

fairness while balancing the fairness-accuracy trade-off.
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CONCLUSION

This thesis investigates the causal learning paradigm for building recommender systems
(RecSys), addressing the four research questions detailed in Section 1.3. To summarize,
the four research questions concern R1) providing preliminaries of causal notions for
RecSys research questions; R2) Developing practical solutions to address bias issues
using causal inference approaches; 3) Developing causality-enhanced methods for im-
proved model accuracy and 4) Developing solutions to enhance model explainability and

fairness through causal means.

To answer R1, Chapter 3 defines RecSys scientific questions from a causal perspective,
harmonizing terminology and concepts across both disciplines. This alignment helps
mitigate misunderstandings in problem formulations and enables more rigorous problem
definitions in causal recommendations. In particular, this thesis mainly investigates
challenging tasks in data-centric and model-centric RecSys, covering data bias, model ac-
curacy, and model explainability and fairness. Chapter 3 provides comprehensive causal
notions and practical causal solutions to address those challenging tasks. Consequently,
Chapter 3 provides a distinct understanding of which causal approaches are suitable
for specific research scenarios, clarifying the perplexing causal notions and approaches

within a particular RecSys task.

To answer R2, Chapter 4 introduces two research works that alleviate data bias issues
using causal inference. Specifically, two bias issues are considered, namely exposure
bias and popularity bias, showcasing the most representative bias issues in RecSys. The

proposed DENC model (De-bias Network Confounding in Recommendation) mitigates
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exposure bias under the missing not at random (MNAR) phenomenon. Propensity scores
in causal learning are applied to achieve unbiased model building in the presence of
exposure bias. The proposed CaDSI model (Causal Disentanglement for Semantics-Aware
Intent Learning) mitigates popularity bias in context information-aware recommendation
scenarios. A disentangled learning approach is applied to separate users’ true intent
from the popularity bias.

To answer R3, Chapter 6 discusses research works that improve the accuracy of
recommendations by refining 1) the architecture of the neural network and 2) the objec-
tive of optimizing the model. The NCGCF model (Neural Causal Graph Collaborative
Filtering) connects the Graph Convolutional Network (GCN) to the Structural Causal
Model (SCM) by using a Neural Causal Model, thereby improving the accuracy of the
conventional graph collaborative filtering method. The HINpolicy model (HIN augmented
off-policy learning) introduces a counterfactual estimator for counterfactual policy learn-
ing. This estimator employs counterfactual risk minimization to address the discrepancy
between the logging policy and the target policy in an off-policy learning setting, ensuring
unbiased policy learning for the reinforcement learning agent.

To answer R4, Chapter 5 presents research works that enhance recommendation
models with explainability and fairness. Using counterfactual learning, the CERec
model (Counterfactual Explainable Recommendation) generates item attribute-level
counterfactual explanations to elucidate which item attributes attract users’ interests.
The CFairER model (Counterfactual Explanation for Fairness) generates attribute-level
counterfactual explanations to identify which attributes cause item exposure unfairness.

In summary, this thesis provides a comprehensive understanding of causality-centric
recommender systems, demonstrating their numerous advantages over traditional rec-
ommendation methods, including higher accuracy, improved explainability, enhanced
fairness, and better generalization ability. The proposed causal methods offer valuable
insights for future research in areas such as recommendation accuracy uplift, explain-
able recommender systems, fairness-aware recommender systems, and reinforcement

learning-based recommender systems.
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OPEN PROBLEMS AND FUTURE DIRECTIONS

New theories, methodologies, and applications in causality-centric recommendation
are emerging at a rapid pace but are still in a relatively early stage. There are many
promising directions and interesting open problems that require extensive efforts to

explore. In particular, important future directions include the following aspects.

Discovery of Causal Graphs for Recommendation. Existing causality-centric
recommender systems largely rely on predefined causal graphs or structural causal
models built from domain knowledge, which have two significant limitations. First, the
assumed causal relationships within the causal graph may be inaccurate, and the domain
knowledge may lack validity. Since the proposed framework hinges on the quality of
the causal graph conceptualization, the model’s effectiveness remains unstable. Second,
these manually crafted causal graphs are often simplistic, typically involving only a few
variables such as user conformity, user interest, and user behavior. However, in real-
world scenarios, users’ decision-making processes involve many factors, and these hidden
variables are actually the true causes but are not captured by the causal graph. Causal
discovery methods, on the other hand, do not depend on explicit domain knowledge but
learn causal relationships from real-world data. These methods identify conditional
independence relationships between pairs of variables and then construct a directed
acyclic graph based on these relationships. Therefore, focusing on discovering causal
relations and leveraging these learned causal relations to enhance recommendations is
a promising and crucial future direction. Moreover, developing evaluation metrics that

validate whether the causal graph is effective within the context of recommender systems
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is promising, as this would fundamentally affect the performance of causal-enhanced

recommender systems.

Evaluation Metrics for Causality-based Methods. Existing causality-based
methods rely on conventional evaluation metrics used in information retrieval and
recommendations to evaluate model performance. Those conventional evaluation met-
rics focus primarily on accuracy, ranking quality, and user engagement. However, for
causality-based methods, additional considerations are necessary to measure the effec-
tiveness of causal interventions. One direction is to design causality-aware evaluation
metrics that explicitly assess how well a model captures causal effects in recommenda-
tions. For example, we could consider evaluating counterfactual stability to measure
the stability of recommendations under counterfactual interventions, i.e., how much the
recommended items change when key causal factors are altered. In addition, evaluating
interventional fairness is another opportunity, in which we could analyze whether causal
interventions mitigate biases rather than simply reflecting correlation-based fairness
adjustments. In my future research, I will further explore this promising direction and

propose effective metrics to enhance the evaluation of causal recommender systems.

Causal Assumptions in Recommendations. As discussed in Chapter 3, causal
inference approaches rely on several causal assumptions to learn causality from ob-
servational data, as these observational data are not derived from ideal experimental
conditions. For example, the potential outcome framework assumes ignorability (uncon-
foundedness), meaning there are no factors influencing both treatment assignment and
potential outcomes. However, many causality-centric recommender systems fail to explic-
itly clarify or adhere to these assumptions. Instead, they often ignore these important
assumptions when using causal inference approaches or make simplistic assumptions
about data distributions. For instance, the positivity assumption is essential in potential
outcome framework-based approaches for unbiased causal effect estimation, but the
data sparsity problem in recommender systems makes it challenging to satisfy. As a
result, many causality-centric recommender systems choose to overlook the positivity
assumption, leading to estimation inconsistency when using causal inference approaches.
Therefore, estimating the impact of violating causal assumptions in causality-centric
recommender systems is crucial for achieving consistent estimations. Given that even
small differences in recommendation accuracy can lead to significant changes in platform
revenue, it is important to investigate the effects of violating causal assumptions and to

develop feasible and reliable assumptions.

Transfer Learning and Out-of-distribution Recommendation. Many causality-
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centric recommender systems require domain knowledge from recommender system
experts to construct causal graphs, which form the foundation of the proposed framework.
Additionally, data sparsity in recommender systems is a significant issue due to major
concerns such as user privacy and platform benefits. Transfer learning can address
both the limited domain knowledge and data sparsity issues by transferring user and
item knowledge from other domains to improve recommendation performance, especially
in cold start scenarios and domain knowledge adaptation. Moreover, user preferences
may naturally shift over time, violating the i.i.d. assumption and leading to out-of-
distribution (OOD) recommendation issues. For example, users might shift their interests
from fashion to household goods after getting married, but their inherent preference
for luxury brands may remain unchanged. Thus, a solution to OOD recommendation
is to capture users’ inherent and unchanging preferences when facing OOD issues.
The core of both transfer learning and OOD recommendation is to transfer beneficial
shared knowledge, such as users’ inherent and unchanging preferences. This process
can sometimes be formulated as invariant learning. As causal learning aims to uncover
unchangeable causal relationships in data, as introduced in Chapter 2, causal inference
approaches can be applied to enhance robustness and generalization for cross-domain or

OOD recommendations.

Dynamic Recommendation. In real-world scenarios, a recommender system typi-
cally operates as a feedback loop, where the data generation process evolves over time
by incorporating users’ dynamic feedback on recommended items. Within this loop, the
recommended items selected by the system significantly influence users’ decisions and
interests, which in turn affect the feedback the system receives. Consequently, the recom-
mender system is dynamic, continually adapting to shifting user feedback and evolving
user interests. However, the causal graph is constructed as a directed acyclic graph
representing the data generation process, and such an acyclic graph cannot capture the
dynamic nature of the recommender system loop. Therefore, it is critical to introduce
loops into the causal graph to enable the modeling of the dynamic data generation pro-
cess. There have been some prior efforts in this direction, such as the works in [71, 239].
However, introducing loops into causal graphs presents several challenges. Firstly, de-
signing a causal graph with loops to describe the dynamic and iterative data generation
process of recommendations lacks theoretical support and rational discussion. As a
result, whether the recommendation performance can be ensured remains unknown and
requires further assessment. Secondly, uncontrolled feedback loops may cause significant

issues such as the Matthew effect, echo chambers, and bias amplification, leading to
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CHAPTER 8. OPEN PROBLEMS AND FUTURE DIRECTIONS

severe bias problems. Traditional debiasing methods, such as back-door adjustment,
cannot be applied directly due to the change in the form of causal models. Therefore,
designing causal graphs with loops to adapt to dynamic recommendations still require

substantial efforts and further research.

Causality-aware Simulator and Environment for Recommendation. Simu-
lation creates a virtual environment where recommendation algorithms can be tested
and evaluated. By recreating user interactions and behaviors in a controlled manner,
simulators allow researchers and developers to assess the performance of recommenda-
tion models before deploying them in real-world scenarios. Simulation is an important
task in both industry and academia. For industry developers, testing recommendation
algorithms in a simulated environment helps identify potential issues without risking
user dissatisfaction or other negative consequences. For researchers, simulations enable
the testing of proposed methods even when facing restrictions on accessing real-world
recommender systems. Existing simulations largely rely on reinforcement learning to
simulate the decision-making process of users, aiming to replicate the data generation
process. For example, Pseudo Dyna-Q [265] proposes a customer simulator called the
World Model, designed to simulate the recommendation environment using off-policy
learning. However, these simulators seldom consider causality in the data generation
process. This is a missed opportunity because causality helps uncover true user in-
terests, ensuring that the generated data genuinely reflects users’ actual preferences.
Incorporating causality into simulations leads to more stable and accurate estimations,
resulting in a more robust simulation environment. Moreover, traditional simulators
may suffer from various bias issues, such as the selection bias in Pseudo Dyna-Q caused
by the off-policy learning setting. Causal models can identify and mitigate these bi-
ases, enhancing the stability and accuracy of the simulation environment. In summary,
causality-aware simulators and environments for recommender systems are essential for
advancing the field. They provide a robust platform for developing, testing, and refining
recommendation algorithms by incorporating causal reasoning, leading to more effective

recommendations.

Causal Neural Networks. Neural networks serve as the foundation of artificial in-
telligence (AI) because they are capable of learning complex patterns and representations
from data, enabling advanced Al applications in various fields such as computer vision,
natural language processing, and recommender systems. However, neural networks pri-
marily conduct correlation learning from data, which often overlooks underlying causal

relationships. For instance, as discussed in Chapter 5, while Graph Convolutional Net-

200



works (GCNs) are widely used in recommendation models, they struggle to capture the
intricate causal relationships within the user-item interaction graph. Nowadays, there
are countless neural networks and their variants; how to integrate neural networks and

causal modeling to facilitate causality-aware neural networks is a promising direction.
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