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ABSTRACT

knowledge graphs—pervades real-world systems as a foundational organizational

framework for critical decision-making processes in domains such as laboratory
documentation, financial reporting. These structures enable explicit organization of
knowledge while encapsulating insights through patterns and relationships unattain-
able via unstructured data alone. Despite their operational value, the construction of
such knowledge structures remains resource-intensive, necessitating specialized domain
expertise and enterprise-level system integrations. Consequently, optimizing the utiliza-
tion of these meticulously organized knowledge repositories becomes imperative. While
deep learning demonstrates proficiency in raw data processing, its capacity for symbolic
reasoning over structured knowledge remains constrained by inherent challenges: recon-
ciling discrete relational logic with neural architectures, addressing sparse connectivity,
and maintaining interpretability.

This thesis systematically addresses these limitations through a unified method-
ological framework that advances reasoning capabilities across structured knowledge
systems, encompassing innovations from data-level infrastructure to representation-level
architectures. At the data-level, we establish a unified benchmarking protocol to examine
distinctive structural properties while enabling comprehensive analytical capabilities.
From representation-level, we engineer three novel computational models that resolve
critical challenges including static heterogeneous dependency management and dynamic
adaptation mechanisms within structured knowledge systems. By innovatively synthe-
sizing human-curated knowledge with data-driven learning paradigms, this research
advances artificial intelligence systems capable of harnessing structured knowledge’s
full potential, thereby mediating the historical dichotomy between symbolic reasoning
and neural learning approaches.

S tructured knowledge—represented through tabular formats, bipartite graphs, and
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CHAPTER

INTRODUCTION

In this chapter, we briefly introduce the background and definition of structured knowl-
edge, outline related challenges and research questions, present the main contributions

of the thesis, and conclude with an overview of the thesis framework.

1.1 Background

tructured knowledge is information that is systematically organized into prede-

fined formats, making it easy to use for various downstream tasks. For example,

a patient’s laboratory sheet with labeled columns for test name, result, and ref-

erence range, or a bipartite graph showing interactions between users and items. In

contrast, unstructured data, such as a customer’s email complaint or a social media post,

lacks a fixed format and exists in flexible forms. The value of unstructured data lies in its

context but requires further interpretation using tools like natural language processing

or Al models to uncover patterns. The core difference lies in organization: structured

knowledge follows an explicit structure with logical dependencies, whereas unstructured
knowledge relies on additional interpretation.

Beyond its well-organized structure, structured knowledge exhibits high usability

by seamlessly integrating into various downstream tasks. For example, in Figure 6.1

when purchasing a new iPhone, Apple.com provides a structured comparison table that

organizes key specifications of different products, helping users make informed decisions.

Also, this structured table also help AI models to learn the differences among products

1



CHAPTER 1. INTRODUCTION

iPhone 13 83}
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Structured knowledge in various applications Influence the decisions of both
humans and models

Figure 1.1: Examples of structured knowledge in real life and how it influences the
decisions of both humans and deep models.

and provide better recommendations and suggestions to users. An another example of
real-world structured knowledge is in Spotify. Structured playlists and ranking data
enhance music discovery, allowing users to find the music they may like and guiding
Al models to identify trending artists. Structured knowledge powers product reviews
and rating aggregation, enabling more personalized recommendations. Even in some
high-stake scenarios such as healthcare, structured lab reports provide critical insights
for medical diagnoses. By influencing both human and Al-driven decisions, structured
knowledge underscores its versatility and practical value across multiple domains.
Despite its highly organized nature and high usability, establishing structured knowl-
edge comes with a significant cost due to the specialized processing required to filter,
clean, and organize raw data into structured formats. This involves not only sophisticated
natural language processing and data science techniques but also expert knowledge and
robust warehousing infrastructure. For instance, the U.S. Congress has provided finan-
cial incentives of up to $44,000 per physician to support the establishment of electronic
health records (EHR) [152], a structured repository essential for medical analysis and
decision support. Additionally, storing and managing structured data requires costly
systems with strict schemas, such as MongoDB and Oracle. According to a LinkedIn
report [80], the global warehousing and storage market was valued at $504 billion in
2023 and is expected to more than double by 2030. Ensuring data consistency, updating
structured repositories, and maintaining organized storage add to the ongoing expenses,

making structured knowledge a resource-intensive but invaluable asset.

In the era of Al, to fully utilize these precious organized knowledge in various

2



1.2. MOTIVATION

downstream tasks, we investigate the reasoning process in both traditional machine
learning models and deep learning models. Traditional models, such as decision trees,
reason over structured knowledge through hierarchical rule-based splitting, where
features are evaluated at each node to make deterministic decisions. For example, a tree
model classifying medical conditions might first check symptoms such as fever and cough,
then further split based on test results to reach a diagnosis. This approach relies on
explicit, interpretable rules but struggles with capturing complex and high-dimensional
relationships among data. In contrast, deep learning models, reason over structured
knowledge by learning implicit correlations and modeling latent representations. These
models capture nuanced dependencies through latent representations, enabling richer
contextual understanding. Graph Neural Network (GNN) is a typical deep learning
model that is designed for modeling structures. For example, the interactions between
users and items can be built as connections between nodes in a graph and a GNN is
applied to infer the probability of users’ next item interaction from not only the node
features but also the topological connections. Although deep models excel at capturing
complex relationships, their reasoning processes are less transparent compared to those
of traditional machine learning approaches. This raises important questions about
whether structured knowledge embedded in organized data is being effectively leveraged,
and how reasoning is performed within these models.

This thesis investigates the use of structured knowledge in deep models, spanning
from the data level to the representation level. The following section in this chapter

elaborates on the motivations in detail and summarizes the main contributions.

1.2 Motivation

Structured knowledge is both ubiquitous and essential across a wide range of downstream
applications, providing rich, organized information that supports informed decision-
making. Deep models have demonstrated impressive effectiveness across various do-
mains, owing to their strong ability to capture nuanced correlations through latent
representations. However, the implicit learning of structured knowledge in deep models
raises concerns about whether such valuable information is being utilized effectively.
This observation motivates us to systematically evaluate and improve the reasoning
capabilities of deep models when applied to structured data.

Data are at the forefront of deep learning, driving the need for a sophisticated ex-

ploration of structured knowledge. Although deep models have achieved remarkable
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success in processing unstructured data (e.g., emails or customer reviews), they often face
limitations when it comes to effectively leveraging the structured, relational information
embedded in structured repositories—unless explicitly adapted through techniques like
feature engineering, graph modeling, or tabular learning. Even highly organized struc-
tured data must undergo feature engineering or augmentation before being fed into deep
models. This underscores the importance of carefully processing the unique characteris-
tics of structured knowledge, which promises to enhance data interpretation, improve

prediction accuracy, and drive more reliable decision-making in practical applications.

From the perspective of the model, learning effective latent representations is es-
sential for enabling deep models to reason over structured knowledge. Deep models
learn the parameters of hidden layers from extensive training data, capturing many
subtle correlations, some of which may even imperceptible to humans. In the inference
stage, the model relies on these latent representations to implicitly model structured
knowledge within the learned representation space. Unlike the modeling of unstructured
text, learning representations for structured knowledge requires more than capturing
local features or pairwise relationships between entities. It also demands understanding
and modeling complex, irregular, and even heterogeneous topological structures—such
as semantic dependencies across tree-like, graph-based, or multi-hop paths. For example,
in recommendation systems, where user-item interactions are not only multi-relational
(e.g., click, purchase, view) but also dynamic—evolving over time based on user pref-
erences and contextual factors. Effectively modeling such relation heterogeneity and
temporal dynamics requires that representations adapt to shifting interaction patterns

and capture the semantics of diverse relation types across time.

In summary, while deep models have demonstrated impressive performance, particu-
larly on unstructured data, there is still considerable room to improve their ability to
reason over structured knowledge. Since structured knowledge is prevalent across many
domains, addressing this gap is important for enhancing the effectiveness of a wide
range of downstream applications. This challenge exists at both the data level and the
representation level. At the data level, structured knowledge carries unique characteris-
tics, such as explicit relationships, hierarchical organization, and semantic consistency.
At the representation level, it is essential to develop approaches that help deep models
effectively encode and learn latent representations that reflect these structures. Progress
in both areas is crucial for enabling deep models to perform well in decision-making

tasks that rely on structured reasoning.
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1.3 Research Questions

To explore the reasoning capability of deep models over structured knowledge, we propose
the following research questions, spanning the data level (RQ1) and the representation
level (RQ2.1, RQ2.2 and RQ3).

1.3.1 Data-level

At the data level, we examine the reasoning capabilities of deep models from the per-
spective of the unique characteristics of structured knowledge.

RESEARCH QUESTION 1 (RQ1): How do the unique data characteristics of
structured knowledge challenge reasoning?

Unlike unstructured data, structured knowledge features unique characteristics such
as organized dependencies and hierarchies that need extra processing such as feature
engineering to handle effectively by neural networks. These characteristics require
models to understand and process not just correlations, but also the intricacies topology
embedded in the logical and semantic organization. For example, in a patient’s laboratory
sheets, the model must integrate and infer relationships between the results of different
tests and their corresponding reference ranges. This necessitates a precise understanding
of topological dependencies and the heterogeneity of different data types (e.g., numeric

and textual data).

1.3.2 Representation-level

At the representation level, we aim to enhance representation learning by addressing
key challenges in both static and dynamic scenarios, respectively: (1) heterogeneous
dependencies representations (RQ2.1, RQ2.2), and (2) dynamic adaptation to evolving
dependencies and entity representations (RQ3).
RESEARCH QUESTION 2.1 (RQ2.1): How can spurious correlations be debiased in
representations of heterogeneous dependencies?

Compared to homogeneous dependencies, though different types of relations in struc-
tured knowledge introduce additional information that can enhance representation
learning, these heterogeneous dependencies also bring a significant challenge: they tend
to introduce noise into the latent representations through the presence of more spurious
correlations. Such noise can obscure the true underlying patterns and relationships that

are critical for accurate predictions by deep models. This issue is common in a wide
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range of applications, such as the multi-behavior interactions between users and items in
recommender systems, where spurious correlations can lead to faulty recommendations

and diminished user satisfaction.

RESEARCH QUESTION 2.2 (RQ2.2): How can heterogeneous dependencies and

unstructured data be effectively integrated in representation?

Another problem concerning heterogeneous dependencies in static scenarios is the
difficulty of combining it with unstructured data. Given the vast amount of unstructured
data, deep models must be capable of seamlessly integrating structured knowledge with
unstructured data to enable wide-ranging applications. For example, Large Language
Models (LLMs) need to understand unstructured textual queries from users and recall

and reason over the structured data fed during pretraining to answer these queries.

RESEARCH QUESTION 3 (RQ3): How to adapt structured knowledge representa-

tion to temporal and contextual evolutions?

Beyond static scenarios, the dynamic evolutions of either temporal or contextual
information are expected to be encoded in representations. This dynamic question is
essential because the relevance and accuracy of structured knowledge can change over
time and in different contexts. For example, in news recommendations, the relevance
of a news item to a particular user might diminish in future recommendations as its
freshness decreases, but it could also potentially increase if another news item related to
the same context gains popularity. By enhancing the deep models to dynamically adapt
their knowledge representations, we can improve their applicability and accuracy in the

evolving real-world environments.

1.4 Research Innovations

This thesis aims to improve structured knowledge reasoning in deep models through two
main steps: (1) evaluating the reasoning capabilities of state-of-the-art deep models over
structured knowledge, and (2) enhancing representation learning from static to dynamic
scenarios. The main innovations of this study are summarized as follows:

Innovation 1. We introduce a unified benchmark designed to facilitate in-depth
analyses of structured knowledge through the lens of unique data-level characteristics,
providing comprehensive and meticulous annotations of five novel challenges on both
existing and newly collected structured knowledge sources, along with their correspond-

ing questions. Extensive experiments and analyses on ten models, varying in parameter
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sizes and training strategies, uncover several common limitations and provide valuable
insights for future improvements.

Innovation 2. We alleviate the bias introduced by spurious correlations among
heterogeneous dependencies by incorporating a constraint based on learnable counter-
factual examples during training. This approach can be better understood from a causal
perspective. Taking different types of user behaviors in recommendation systems as an
example of heterogeneous dependencies in structured interaction data, our method limits
the confounding effects arising from multiple interaction types. As a result, it improves
ranking performance and enables more accurate recommendations.

Innovation 3. To effectively integrate unstructured data with structured knowledge
in latent representations, we propose a novel hypergraph-based framework that accu-
rately encodes structured knowledge and seamlessly incorporates it with unstructured
queries expressed in natural language. This integration is primarily achieved through
a newly designed hypergraph neural network, capable of capturing and unifying the
semantics of both structured and unstructured information.

Innovation 4. To address the dynamic challenges posed by temporal evolution over
structured data and contextual evolution over unstructured textual information, we
propose a novel model that takes advantage of the complementary strengths of different
deep models to capture both time-variant and time-invariant representations. Our
proposed model enhances the expressiveness of latent representations in scenarios such
as news recommendation, where prediction accuracy is highly sensitive to evolutions in

both temporal patterns and contextual information.

1.5 Research Contributions

The key contributions of the research presented in this thesis are summarized as follows.

Contribution 1. Through explorations with our proposed benchmark StructFact,
we evaluate how the understanding and reasoning over structured knowledge performs
across task signified by different data characteristics. For example, in tasks that rely on
heterogeneous data, deep models represented by LLMs heavily depend on the order of
information for understanding. We aim for StructFact to serve as a compass in exploring
the boundaries of LLMs in knowledge-sensitive tasks involving structural facts, while
also advancing their practical applications in real-world scenarios.

Contribution 2. This study introduces several models aimed at enhancing repre-

sentations to address the various challenges outlined in the previously stated research
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questions.

1) An counterfactual debiased multi-behavior recommender system (C-MBR) is de-
veloped, leveraging the ordering inherent in observational data and counterfactual
examples to guide and constrain the reasoning process.

2) HyperG, a novel structured knowledge reasoning framework, is built upon a
novel hypergraph neural network to effectively combine structured and unstructured
knowledge at the representation level.

3) CAST-Rec, a model that utilizes a causally-enhanced Transformer architecture
with the capabilities of large language models (LLMs) to effectively capture the dynamic
evolution of temporal and contextual patterns in news recommendation tasks.

Contribution 3. This research systematically investigates and addresses the chal-
lenges of structured knowledge reasoning, spanning from data-level characteristics to
representation learning.

1) Data level: StructFact benchmark, which identifies six key data characteristics
and defines five corresponding tasks to enable comprehensive, data-driven analysis.

2) Heterogeneous dependencies representation: C-MBR and HyperG address the com-
plexities of heterogeneous dependencies within different types of structured knowledge.

3) Dynamic evolution representation: CAST-Rec captures both temporal and contex-

tual evolutions by integrating representations from diverse deep learning models.

1.6 Research Significance

The significance of this thesis lies in its practical relevance. Structured knowledge
reasoning plays a vital role in real-world domains where structured data is central to
decision-making and analysis. For example, patients’ laboratory results and medical
histories are commonly stored in electronic health records (EHRs) using organized data
formats, while financial statements and audit documents are often presented in tables.
These structured formats not only convey critical information efficiently but also form
the foundation for more advanced analytics and decision-making.

In the era of Al, increasing numbers of disciplines rely on deep learning models to
uncover latent patterns within structured datasets. This research contributes to that pro-
gression by developing more effective representation learning techniques for structured
knowledge reasoning. By overcoming the limitations of unstructured or heuristic-based
approaches, our models enable more robust and accurate predictions to support data-

driven decision-making. For example, the proposed hypergraph learning framework
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(Chapter 5), HyperG, enhances the reasoning capability of LLMs on structured knowl-
edge, thereby promoting broader applications of language models to structured EHRs for
more accurate disease diagnosis. Furthermore, integrating causal reasoning with deep
models enhances their capabilities that are especially important in high-stakes scenarios
like healthcare and finance. For example, with the newly proposed CAST-Rec model
(Chapter 6), the developers can analyze the rationale behind predictions and provide
users with more transparent recommendations.

We argue that structured knowledge reasoning is more than a technical challenge; it
is a transformative process that converts raw data into actionable insights. Its practical
impact lies in equipping Al systems with the ability to reason effectively with struc-
tured information, thereby amplifying their utility across a wide range of real-world

applications.

1.7 Thesis Structure

We depict the structure of this thesis in Figure 1.2, and organize the content of each
chapter as follows.

CHAPTER 1 provides an introduction to the research background, motivation,
research questions, contributions, and significance of this study.

CHAPTER 2 reviews related work on structured knowledge reasoning, with a
particular focus on user-item interaction modeling in recommender systems and tabular
data reasoning. It discusses existing deep learning models, applications, and limitations
in these domains.

CHAPTER 3 proposes benchmark StructFact, investigating RQ1 by extensive anno-
tations and in-depth analyses from the perspectives of five designed tasks based on the
unique charateristics of structured knowledge.

CHAPTER 4 proposes C-MBR, a counterfactual-enhanced multi-behavior recommen-
dation model. This chapter addresses RQZ2.1 by debiasing the noise in multi-behavior
modeling with stable counterfactual examples and reasoning.

CHAPTER 5 introduces HyperG: a hypergraph-based framework combining the
unstructured and structured knowledge via semantic-aware message passing and aggre-
gation in hypergraph neural networks, addressing RQ2.2.

CHAPTER 6 presents CAST-Rec, moving from the static scenario to dynamic adap-

tion, capturing evolutions of both time and contexts by integrating the representations of
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LLMs and transformer, yielding improved performance in news recommendations. This
work carefully addresses RQ3.
CHAPTER 7 summarizes the contributions of past research works, discusses the

corresponding implications and limitations, and proposes future directions.
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CHAPTER

LITERATURE REVIEW

Structured knowledge reasoning has obtained significant attention across several appli-
cation domains such as recommender systems, tabular understanding, and healthcare
analytics, etc. This section reviews existing approaches to structured knowledge reason-

ing, examined through the lenses of structured data and representation methodologies.

2.1 Structured Data

Structured data, often organized in formats such as tables, graphs, and lists, is dis-
tinguished from unstructured data like free-form text by its well-defined schema and
explicit internal relationships. Reasoning over such data requires models to consider not
only the content itself but also the underlying structure and relational dependencies.
From a data perspective, a wide range of benchmarks have been developed to extract
structured knowledge from real-world sources and evaluate the reasoning capabilities
of deep models. In this section, we review existing benchmarks and empirical studies
across different types of structured knowledge and summarize commonly used datasets

for various tasks in Table 2.1.

2.1.1 Tabular and Relational Data

Early work in structured reasoning centered on rule-based information systems and

symbolic logic applied to relational databases, enabling deeper analysis and inference.
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Table 2.1: A comprehensive comparison of various benchmarks with structured knowledge.

Dataset Task Source Evidence/Data Type Answer Type Domain
ToTTo [99] Generation Wikipedia Table General
TaKG [105] Generation Wikipedia Table, Graphs, Text General

WebNLG [36] Generation DBPedia Graphs General
DART [95] Generation Wikipedia Table, Graphs General
LOTNLG [182] Generation Wikipedia Table General
SQA [56] Question Answering Wikipedia Table Span General
NQ-tables [46] Question Answering Wikipedia Table Span General
HybridQA [23] Question Answering Wikipedia Table, Text Span General
WikiTableQuestion(WTQ) [100] Question Answering Wikipedia Table, Text Span General
FetaQA [94] Question Answering Wikipedia Table, Text Span General
TAT-QA [188] Question Answering Wikipedia Table, Text Span General
Open-WikiTable [66] Question Answering Wikipedia Table, Text, SQL Span General
WebSRC [24] Question Answering Web pages HTML Span/Boolean General
OTTQA [21] Question Answering Wikipedia Table, Text Multiple Choice General
TSQA [73] Question Answering Exam Table Multiple Choice Geography
ROBUT [183] Question Answering WTQ, WIKISQL-WEAK [186], and SQA Table Span General
SUC [120] Question Answering Wikipedia Table Span General
MiMoTable [78] Question Answering Baidu Wenku, Google Search Table Span General
TableBench [157] Question Answering Wikipedia Table Span General
DocTabQA [139] Question Answering Securities and Exchange Commission Table Span Finance
FREB-TQA [187] Question Answering WTQ,WikiSQL,SQA,TAT [188] Table Span General
SciTabQA [37] Question Answering SciGen [93] Table Span General
GraphWiz [18] Question Answering Self-developed Graph Span N/A
GLBench [77] Question Answering citation networks, web links, and social networks Graph Span General
FEVEROUS [3] Fact-checking Wikipedia Table, List, Text Fact/Non-Fact/NEI General
TabFact [22] Fact-checking Wikipedia Table Fact/Non-Fact General
Infotabs [40] Fact-checking Wikipedia Table Fact/Non-Fact/NEI ~ General
Fact-KG [61] Fact-checking WebNLG [36],DBPedia Graphs Fact/Non-Fact General
Semeval 2021 Task 9 [142] Fact-checking Scientific Articles Table, Text Fact/Non-Fact/NEI Science
PubHealthTab [2] Fact-checking PubHealth [64], Wikipedia HTML Fact/Non-Fact Healthcare
WikiSQL [? ] Text-to-SQL Wikipedia Table code General
Spider [174] Text-to-SQL College database, SQL tutorial websites, online csv files, DatabaseAnswers®, WikiSQL Table code General
BIRD [71] Text-to-SQL Kaggle, CTU Prague Relational Learning Repository Table code General
ARCADE [172] Text-to-SQL GitHub Table code General

%http:/www.databaseanswers.org/
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Among various structured formats, tabular data are the most prevalent and play a vital
role in high-stakes applications [13]. Several benchmarks have been developed to capture
structured knowledge from public sources and annotate them for different tasks. Table
Question Answering (TQA), Table-to-Text, Text-to-SQL, are three common tasks based
on the understanding and reasoning over tabular data. For example, WikiTableQues-
tion (WikiTQ) [100] and TabFact [22] extract tables from WiKipedia pages and wrote
questions targetting specific cells or protions of those tables, while ToTTo [99] focuses
on the understanding and generation ability of deep language models. We summarize
the benchmarks that contain tabular knowledge in Table 2.1, organized by different tar-
geted tasks. Later, some benchmarks are motivated by particular challenges in tabular
reasoning. For example, ARACADE [172] and BIRD [71] focus on the text-to-SQL task

over super long table.

Building on these benchmarks, pioneering researchers have conducted empirical
studies to evaluate the performance of deep models on tabular data. Early studies
compared deep learning models (e.g., neural networks) with traditional machine learning
approaches (e.g., gradient-boosted decision trees) and found the latter to outperform
deep models in many tabular scenarios [12, 116]. Subsequent work comparing various
neural architectures revealed that transformer-based models [136] often underperform
compared to more conventional sequential models such as RNNs when applied to tabular
data [176]. These findings raise questions about whether language models, which are
predominantly transformer-based, can effectively handle tabular tasks as successfully
as they do in unstructured domains like text style transformation. With the advert
of Large Language Models (LLMs), recent empirical studies on tabular data focus on
evaluating the related capability of LLM. Form the perspective of instruction-tuning,
researchers investigates different prompting strategies in understanding [39, 81, 123]
and question answering [9, 85, 105? ]. For example, [85] find that integrating textual and
symbolic reasoning in TQA can be enhanced by the self-consistency strategy. Moreover,
the performance of LLMs also varies across different formats of the structured data.
[117] transforms tables into eight formats, including but not limited to HTML, JSON,
and Markdown. From the perspective of data, researchers designs analysis on the basis
of self-supervised components in the structures [117, 120, 183]. For example, [183]
conduct component-level perturbation (e.g, column adding), [120] investigate via seven
structural understanding tasks (e.g., cell lookup and row retrieval) based on different
components. Additionally, LLM capability evaluations consider structured knowledge
from the scientific domains [37, 142] to the financial domain [48].
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2.1.2 Graphs and Knowledge Graphs

Graphs and knowledge graphs (KGs) are also common formats for containing structured
relationships among entities in diverse domains, ranging from recommender systems
and scientific discovery. In a graph, entities (e.g, users in recommender systems) are
modeled as nodes and their relationships (e.g., interactions with items) as edges, enabling
structured reasoning and relational inference. Knowledge graph, as a special types of
graphs, enriches graph structured with semantics information, each edge in knowledge
graph typically represented as triples (head entity, relation, tail entity).

To support the development and evaluation of deep learning models on graph-
structured data, a variety of benchmark datasets have been proposed, encompassing
different types and domains of graphs. General-purpose knowledge graphs such as
Freebase and DBpedia provide rich semantic structures over entities and relation-
ships, enabling reasoning in open-domain settings. For more specialized applications,
BioKG [180] offers a large-scale biomedical knowledge graph that integrates multiple
curated databases to support complex biological and medical reasoning. Similar to foun-
dational tasks like Tabular Question Answering (TQA) or Table-to-Text generation in
structured tabular data, benchmarks for graph-based learning are typically organized
around three primary tasks: node classification, link prediction, and graph classification.
For example, Cora [89], Pubmed [114], and ogbn-arxiv [51] are widely used for node
classification and link prediction, MUTAG [30], PROTEINS [11] are commonly used for
graph classification.

Although the capabilities of machine learning and deep learning models on structured
knowledge have been extensively evaluated through existing benchmarks and empirical
studies, there remains a need for a unified testbed to assess whether more advanced
models—such as large language models (LLMs)—can effectively memorize and reason
over structured knowledge, including both tables and graphs, and achieve performance

comparable to that on unstructured knowledge.

2.2 Representation Methods

To effectively reason over structured knowledge, it is crucial to represent the structured
knowledge in the latent space of deep models. The representation level serves as the
foundation for further reasoning in downstream applications, influencing the ability of a
model to capture semantic relationships, structural dependencies, and entity interactions.

In this section, we review the existing representation methodologies from challenges

14



2.2. REPRESENTATION METHODS
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Figure 2.1: Overview of categories of existing structured knowledge representation
methods.

in static scenarios (Section 2.2.1) to dynamic scenarios (Section 2.2.2) with examples of

specific tasks and applications.

2.2.1 Static Heterogenous Dependencies

In static structured data, heterogeneous dependencies are common. For example, tabular
data often contains hierarchical relationships, while interaction graphs include multiple
types of edges. These diverse dependencies provide useful contextual signals but can
also introduce noise, making representation and reasoning more challenging. In contrast

to homogeneous structures, where one type of dependency is dominant, such as the
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sequential relations between tokens in natural language, heterogeneous settings require
deep models to distinguish the semantics of different dependencies. We then examine
current methods for handling heterogeneous dependencies in both conventional neural

networks and LLMs, respectively.

2.2.1.1 Heterogenous Dependencies in Conventional Neural Networks

A key challenge in conventional neural networks (e.g., RNNs, Transformers, GNNs)
lies in accurately representing heterogeneous dependencies. As illustrated in Fig. 2.1,
methods for addressing heterogeneous dependencies can be broadly classified into three
categories: type-aware representations [86, 96, 124, 145], multi-view representations [59,
132, 135, 159, 160], and contrastive learning [10, 20, 118, 164]. This section elaborates
on these three categories of methods using detailed example models in recommendation
systems and tabular data, as interaction graphs and tables are two common types of
downstream tasks that involve structured knowledge.

Models that rely on Type-aware Representations use type encoding to enable dis-
tinction among different types of dependencies. Heterogeneous dependencies are often
defined as various types of meta-paths within structured data. A typical example is
the widely used Heterogeneous Interaction Networks (HIN). For instance, MCRec [96]
predefines schemas for meta-paths in heterogeneous information networks and learns
enhanced representations for users, items, and meta-paths, thereby improving recom-
mendation accuracy. MetaFill [86] further advances this by redefining the meta-path
identification problem to better exploit the semantics of HIN.

To handle data from different sources or relations, the second category of methods
decompose the heterogeneous data into multiple subviews, each representing a specific
type of dependency. These views are usually modeled separately and then fused for
integration. Compared to the meta-path in Type-aware representaions, this method is
able to explicitly represent the inter-dependencies relationships through calculating
cross-attention. This category of methods is also widely used in recommendations and
table-related reasoning. For example, MBGCN [59] uses separate Graph Convolutional
Networks (GCN) to model different types of user-item interactions in recommendations;
MATN [159] users a transformer-based encoder to capture cross-type behavior rela-
tions. In tabular tasks, SubTab [135] proposes a self-supervised framework to learn
representations from different subset of features in each columns or rows of tables.

Contrastive learning has also proven effective in modeling the heterogeneity of

structured data. Methods in this category construct contrasting representations to

16



2.2. REPRESENTATION METHODS

capture different types or strengths of dependencies, such as semantic versus structural
relationships, or varying contextual information. For example, HMGCR [164] employs a
contrastive learning objective to distinguish between different types of user behaviors in
recommendation systems, while SAINT [118] adopts a novel contrastive self-supervised
strategy to enhance its attention mechanism and better capture dependencies between

rows and columns.

2.2.1.2 Heterogenous Dependencies in Large Language Models

Beyond conventional neural networks, large language models (LLMs) have demonstrated
superior performance thanks to their massive parameter sizes and extensive pretrain-
ing on unstructured textual data. However, given that most of their training data is
unstructured in nature, it raises the question of whether LLMs can achieve comparable
performance on structured data such as tables and graphs. Representing heterogeneous
dependencies inherent in structured knowledge poses a fundamental challenge for LLMs,
as it contrasts with the sequential and often unstructured nature of user-inputted
queries.

Prior efforts to enhance LLMs’ capabilities in handling structured knowledge can be
broadly categorized into three main approaches: serialization-based methods [43, 57, 91],
operation-based methods [58, 68, 87, 148, 169], and graph-based methods [15, 19, 60].

Serialization-based methods convert structured data into a linear sequence of tokens,
similar to how unstructured textual data is formatted for input into LLMs. TableL-
lama [178], a pioneering approach to enhancing LLMs’ performance on tabular data, is
fine-tuned on the proposed TableInstruct dataset, which comprises serialized tables and
task-specific instructions for several representative tabular tasks. However, when deal-
ing with highly complex tables or graphs, inquiry-relevant knowledge may be overlooked
within the excessively long serialized token sequences [76, 181].

The second category of methods resort to one or a series of operations such as SQL
queries to help LLMs reason over structured data [58, 68, 87, 148, 169]. For example,
Chain-of-Table [148] iteratively samples operations to select specific portions of the table
that are tailored to the inquiry. Dater [169] transforms the sub-questions generated
by CodeX [17] into SQL queries, enabling step-by-step multi-hop reasoning. Although
these operation-based methods effectively locate the inquiry-relevant knowledge from
structured data, they struggle when the target cell or neighboring cells contain missing
or incomplete information.

As messages propagate through the structures in Graph Neural Networks (GNNs),
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efforts have been made to integrate GNNs with LLMs to address structured knowledge
more effectively [15, 53, 83, 110, 126]. For example, Chai et al. [15] uses a transformer
module to encode the structured knowledge in graphs as the prefix of inputs to the
LLMs. Additionally, graphs serve as powerful tools for representing tabular data [19, 60].
HGT [60] explicitly models tables as graphs by connecting various components within
the tables to enhance LLM capabilities. Furthermore, HYTREL [19] is particularly
relevant to our as it also empolys hypergraphs to represent tabular data, but it overlooks
incorporating the semantics of task within prompts during message propagation. Existing
works, while effective, primarily focus on utilizing LLMs rather than improving their
inherent capabilities with model-agnostic modules. To the best of our knowledge, we
are the first to leverage hypergraphs to enhance the capabilities of LLMs in handling

structured knowledge.

2.2.2 Dynamic Evolution Adaption

The representation learning of structured knowledge are mostly focused on encoding
entities and their relationships in static scenarios. However, in real-world applications,
structured knowledge is inherently dynamic - evolving over time and shaped by varying
contextual information such as user intent, location, and domain-specific semantics.
Adapting deep models to these evolutions necessitates that researchers effectively take
temporal and contextual dimensions into account in structured knowledge representa-

tions.

2.2.2.1 Structured Dynamics in Conventional Neural Networks

Conventional deep models based on RNN and transformer [136] often involves temporal
and contextual evolution with a architectural changes that encodes these dynamics
over time. As shown in Fig. 2.1, we categorize the conventional neural networks that
consider the temporal and/or contextual evolution into three classes: Time-Context
Fusion [5, 79, 106], Time-aware Sequential Attention [54, 72, 118], and Temporal Graph
Modeling [16, 65, 112].

The first category of methods intuitively encodes additional dynamic factors (such
as timestamps, locations) into the latent space as embeddings, which are then merged
with structured inputs. News recommendation is a typical scenario where both temporal
and new contextual shifts significantly influence the final predictions. For example,

PP-Rec [106] encodes time-related factors (i.e., item popularity and recency) into latent
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space and fuses them with the user representation learned from structured user-item
interaction data. In the case of tabular data, another common form of structured inputs,
TFT [79] serves as representative model that combines static features with time-varying
sales data, enabling interpretable modeling of dynamic feature modeling and achieving
strong performance in tabular time-series prediction.

Time-aware attention mechanisms play an important role in adapting to temporal
and contextual changes. Typically integrated into sequential models, these mechanisms
focus on temporal sequences of interactions or records, using time-position encodings
to enhance representation learning. TiSASRec [72] incorporates both time interval and
positional information into self-attention layers, allowing the recommender to differenti-
ate between short-term and long-term user preferences. In the context of time-indexed
tabular data, temporal information is often treated as additional input features, with
attention mechanisms computing dependencies between temporal dynamics and contex-
tual features to facilitate integration. Time-aware transformers like SAINT [118] and
TabTransformer [54] employ row-wise attention to capture dependencies along the time.

Given the strong performance of GNNs in modeling structural information, temporal
graphs have been proposed to capture the evolution of structured knowledge, where nodes
and edges can change over time. These methods typically decompose dynamic graphs
into a sequence of time-ordered subgraphs. In the recommendation domain, JODIE [65]
models the co-evolution of users and items by updating their representations through
recurrent networks triggered by user-item interactions. DySAT [112] further integrates
structural and temporal attention mechanisms to jointly capture both topological and
temporal patterns. TMER [16] leverages dynamic knowledge graphs with attention
mechanisms to sequentially model the evolving relationships between users and items,

while also enhancing explainability through temporal information.

2.2.2.2 Structured Dynamics in Large Language Models

To explore the limits of Large Language Models (LLMs) in handling structured knowl-
edge, it is also important to consider how well they perform in modeling structured
dynamics, which refers to the evolution of structured knowledge across time or context.
Research in this area is still at an early stage. One of the most direct approaches to
incorporating structured knowledge into LLMs is to inject structural representations
into prompts, which resembles instruction tuning. For example, CoLLM [179] capture col-
laborative signals in recommendations by first modeling the structured interaction data

with traditional collaborative-aware models such as Light GCN [42], and then integrate
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the resulting embeddings into the latent layers of LLMs through prompt-based inputs.
Another direction of research focuses on simulating dynamic structural evolution using
retriever augmented generation (RAG) methods. For example, GraphRetriever [92] elects
subgraphs from the full knowledge graph and constructs task-specific structured inputs
dynamically. This enables LLMs to better adapt to varying structural dependencies
across different reasoning tasks.
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STRUCTURED KNOWLEDGE BENCHMARK

At the data-level, structured knowledge pertain unique characteristics differentiates
from unstructured data such as texts which are usually used to training deep models, es-
pecially language models. The following sections describe how StructFact was developed
based on its unique characteristics, along with our in-depth analyses and experimental

insights, with a focus on factual knowledge in structured data.

3.1 Unique Charateristics of Structured Knowledge

Compared to unstructured data, certain unique characteristics of structured data affect
the ability of LLMs to understand and reason about factual knowledge [33]. These
characteristics include: (1) Heterogeneity. structured knowledge consists of diverse data
types (e.g., texts, numerics, dates). Misunderstandings or biases of any type can lead to
inaccuracies in the factual knowledge. (2) Topological Interdependencies. Most LLMs are
based on the Transformer architecture [136] and are trained with a next-word prediction
loss objective, primarily designed to process continuous text data. Extracting relevant
interdependencies from complex topological structures is a significant challenge for LLMs
in understanding and reasoning about facts. (3) Order Invariance. A key assumption in
pretraining is that the order of words significantly impacts their semantics [19]. However,
in structured data, the permutation of entities (e.g., rows or columns in a table) does not
alter the underlying factual knowledge. (4) Sparsity. To maintain the same performance

in sparse structured data (e.g., missing values or incomplete descriptions) as in data-
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rich scenarios, LLMs need to accurately utilize the general knowledge learned during
pretraining and avoid non-factual imputations. (5) Lack of Prior Knowledge. Structured
data holds domain-specific knowledge not exposed during pretraining, challenging the
accurate application of general reasoning to downstream tasks without distortion [27, 69,
182]. These characteristics of structured data impact the ability of LLMs to reason about
factual issues, limiting their real-world applications, especially in high-risk domains such
as healthcare and finance. To enable LLMs to effectively utilize knowledge embedded
in structured data and enhance reliable reasoning, it is essential to examine their

capabilities based on the specific characteristics of structured data.

In light of these characteristics, we specifically focus on the structural challenge
posed in previous works represented by the Pinocchio benchmark [52], and analyze the
reasoning capabilities of LLMs on structured data from the perspective of five factual
tasks: Arithmetic Calculation, Geography-Time Reasoning, Multi-hop Reasoning, Compo-
sition Understanding, Combining Structured and Unstructured. We develop StructFact,
a benchmark comprising 13,407 factual queries and corresponding evidence in various
structures (i.e., tables, lists, and graphs), covering diverse data types, knowledge do-
mains, timeliness, and regions. We categorized these questions into five factual tasks and
provided fine-grained difficulty annotations based on the specific focus of each task to
facilitate a multifaceted analysis. Additionally, to specifically test the capability of LLMs
to reason over fresh structured facts not encountered during pretraining in real-world

applications, we have developed StructFact-Unseen.

Through explorations with StructFact, we examine how 10 commonly used LLMs
understand and reason with factual knowledge stored in structured data. For instance,
in tasks that rely on heterogeneous data, LLMs heavily depend on the order of informa-
tion for understanding. We aim for StructFact to serve as a compass in exploring the
boundaries of LLMs in knowledge-sensitive tasks involving structural facts, while also

advancing their practical applications in real-world scenarios.

3.2 Dataset Construction

To assess LLMs’ reasoning abilities over structured facts, we define five tasks based on
characteristics of structured data and carefully curate factual questions supported by

diverse data types.
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Figure 3.1: Prompts used in different settings (main differences with zero-shot w/o CoT
are marked in orange).
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Figure 3.2: StructFact evaluates LLMs’ reasoning ability over structured factual knowl-
edge across five tasks.

3.2.1 Tasks

We design five tasks aimed at investigating different research questions to thoroughly
assess the ability of LLMs on structural data.

Arithmetic Calculation. Given the substantial amount of numerical facts stored in
structural data, such as the health report in Figure 3.2, LLMs are required to perform
arithmetic calculations over such heterogeneity (i.e., text and numeric) [4, 55]. Models
such as Graph Neural Networks (GNNs) seamlessly handle arithmetic calculations by
inferring arithmetic rules from numerical patterns through their structural architecture,
while LLMs are based on the transformer architecture which is designed for unstructured
data. Moreover, structured data containing numbers (e.g., clinical sheets) is usually
confidential and lacks prior inclusion in the LLMs’ knowledge base.To evaluate the
capability of handling the lack of piror knowledge and heterogenity, especially numerical

types, StructFact includes factual questions from simple numerical matching to difficult
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computational analysis.

Geography-Time Reasoning. Geographic and temporal information often appears
simultaneously in structured data and can be presented in various formats. Geographical
data encompass geographic coordinates (such as latitude and longitude), city names, and
country names, whereas temporal data include dates and time periods. This heterogeneity
challenges LLMs to precisely interpret and align these diverse formats. For example, to
determine whether Washington D.C. or New York was closer to the U.S. capital in 1792,
as shown in Figure 3.2, LLMs must combine the year information of the U.S. capital
with the geographic coordinates of these cities. To evaluate the proficiency of LLMs in
geography-time reasoning, we integrate factual knowledge pertaining to geographical,
temporal, and geography-time entities.

Multi-hop Reasoning. Factual knowledge in structural data involves entities dis-
persed across multiple sources [75]. In Figure 3.2, the query from the tourist llama
involves structured knowledge about the Olympics and travel guides. However, language
models typically generate answers by gathering factual knowledge separately, thereby
overlooking the topological interdependencies [166]. When gathering data from multiple
sources, models should recognize the order invariance of structural data. Unlike textual
data, which is order-dependent, the order of entities within a similar topological structure
should not affect the inherent factual knowledge. In StructFact, we include questions

where knowledge is spread across multiple discontinuous structured sources.

Composition Understanding. Reasoning about factual knowledge in structural
data suffers from the sparsity issue due to missing values or incomplete descriptions.
Beyond that, LLMs are expected to accurately reason through these sparse information
while without misinterpreting topological interdependencies. As Figure 3.2 displays,
to answer the question “Is Joe Biden’s running mate in 2024 Kamala Harris?”, LLMs
have to comprehend the header “2024 U.S. Election”, which spans multiple columns
with a missing value denoted by “N/A”. To assess whether LLMs comprehend structural
compositions, StructFact includes factual questions about components with missing data,

complex structures, and incomplete descriptions.

Combining Structured and Unstructured. Given the sparsity and lack of prior
knowledge of the domain-specific information in structured data, LLMs needs to fully
leverage the factual knowledge learned from textual contexts. The knowledge presented
in unstructured data (e.g., table captions) often provides an important context for un-
derstanding the knowledge in structured data. Moreover, the general knowledge base of

LLMs aids in reasoning domain-specific knowledge within structured data. As exempli-
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fied in Figure 3.2, general knowledge of nut proteins helps infer the cause of the allergy
from the shopping receipt. To assess how structured data combined with their unstruc-
tured contexts in LLMs, StructFact includes factual questions that require factuality

verification spanning both structured and unstructured evidences.

Zero-shot w/o CoT Zero-shot w/ CoT Few-shot w/o CoT Few-shot w/ CoT Overall

Models

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
Qwen2-7B 29.94 37.73 46.77 50.61 44.69 49.51 52.74 56.63 43.53 48.62
LLaMA-3-8B 28.39 33.32 26.66 35.03 26.43 33.22 49.02 50.29 32.63 37.97
Gemma-2-9B 22.83 26.36 43.72 49.58 34.89 40.19 55.97 56.19 39.35 43.08

Qwen2-7B Instruct 46.67 52.40 43.22 51.47 44.18 50.24 43.40 51.95 44.37 51.52
LLaMA-3-8B Instruct 60.62 58.23 43.37 50.19 61.07 59.15 49.54 57.80 53.65 56.34

Gemma-2-9B It 42.66 49.64 47.63 56.97 45.92 53.50 49.78 58.87 46.50 54.75
GLM-4-9B Chat 56.23 59.04 48.44 57.36 5491 58.15 52.37 60.11 52.99 58.67
Mistral-7B Instruct 47.63 50.45 40.52 49.75 55.78 57.41 46.96 55.49 4772 53.28
GPT-3.5-turbo 59.84 60.76 59.90 63.94 52.30 56.84 63.91 66.52 59.00 62.02
GPT-40-mini 65.12 67.08 62.96 68.11 61.44 65.03 64.96 69.58 63.62 67.45

Table 3.1: Performance of 10 LLMs on the benchmark using various prompts.

Distribution
Tasks
Fact. Non-Fact. NEI Overall

Arithmetic Calc. 1,438 1,235 69 2,742
Geography-Time Reas. 1,602 1,717 112 3,431
Multi-hop Reas. 1,694 1,621 79 3,394
Composition Und. 683 925 24 1,632
Struct. and Unstruct. 1,226 913 69 2,208
Total 6,643 5,411 353 13,407

Table 3.2: The statistics of our benchmark.

3.3 Main Results

To examine the factual reasoning capabilities of LLMs on structured data, we conduct
experiments with StructFact across 10 LLMs trained through pretraining, instruction
tuning, and reinforcement learning with human feedback (RLHF). Given the bias of
LLMs towards “Yes” answer [104, 184, 185], we replaced the Fact./Non-Fact./NEI options
with A/B/C, respectively! and report each model’s average performance with respect to

weighted accuracy and F1 score over three runs with varied option orders.

1For pretrained LLMs, due to their weak instruction-following capabilities, outputs beyond ‘A/B/C’ are
considered misclassifications, such as a response of ‘None’, and categorized as False Negatives.
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Arithmetic Cale. Geography-Time Reas. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Models
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Qwen2-7B 27.12 34.60 28.22 34.77 29.31 38.66 31.68 39.51 35.78 43.17
LLaMA-3-8B 27.77 32.25 28.12 31.99 28.07 33.98 28.51 33.91 30.00 34.95
Gemma-2-9B 17.01 23.47 21.30 24.00 25.92 27.56 26.39 27.83 25.10 28.82
Qwen2-7B Instruct 52.41 54.01 41.41 47.41 41.96 49.87 50.67 56.25 52.02 57.76
LLaMA-3-8B Instruct 53.63 46.20 54.66 50.51 68.00 68.89 65.70 66.12 63.46 58.73
Gemma-2-9B It 49.37 51.40 34.89 40.88 37.69 47.74 49.28 56.04 49.16 57.38
GLM-4-9B Chat 54.59 52.69 47.74 51.63 60.37 64.53 65.05 65.74 58.56 61.99
Mistral-7B Instruct 52.64 51.87 43.77 46.30 43.36 47.45 46.94 49.79 54.48 57.81
GPT-3.5-turbo 57.70 57.90 57.42 58.82 62.82 63.26 63.79 64.09 58.79 60.28
GPT-40-mini 63.93 64.15 59.92 62.96 67.56 69.66 71.88 72.44 65.94 68.50
Overall 45.62 46.85 41.75 44.93 46.51 51.16 50.00 53.17 49.33 52.94

Table 3.3: Performance of 10 LLMs on the across five tasks under the zero-shot setting
without CoT.

3.3.1 Different Prompts

In Table 6.2, our prompts adhere to the input formats used in previous studies [117,
120, 147], where factual questions from StructFact are combined with corresponding
structured data and fed into these LLMs, prompting the models to answer the questions.

From the results reported in Table 6.2, we conclude the following findings.

* From an overall standpoint, the ability to comprehend instructions, facili-
tated by either a larger parameter size or instruction tuning, contributes
more significantly to a model’s reasoning over structured data than pre-
training knowledge alone. GPT-3.5-turbo, despite its outdated knowledge cutoff
in 2021, achieves competitive performance thanks to its large parameter size. Also,
models with instruction tuning exhibit superior results compared to the pretrained
models. The results obtained by LLaMA-3-8B Instruct, Gemma-2-9B, and Qwen2-
7B Instruct outperform their corresponding pretrained models, with an average
accuracy improvement of 22.93%. Those pretrained LLMs perform even below the
level of random guessing (33.33%) in the zero-shot setting without CoT, as they

struggle to follow instructions.

* For pre-trained models, both the Chain of Thought (CoT; [150]) and few-
shot strategies helps in utilizing their factual knowledge. In a zero-shot
setting without CoT, the performance of pre-trained models falls below random
guessing (with a probability of 33%); incorporating few-shot learning and CoT
results in an average F1 score improvement of 5.53%. The CoT strategy has
even negative impact on some instruction-tuned models (e.g., LLaMA-3-8SB
Instruct), and few-shot examples yield limited improvements. More complex

prompting strategies also result in modest gains in instruction-tuned models.
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Figure 3.3: The distribution of three types of responses across five tasks, averaged across
10 LLMs.

3.3.2 Different Tasks

We further analyze the reasoning performance of the selected 10 LLMs on structured
data from the standpoint of the five tasks. From the results in Table 3.3, we have the

following observations.

¢ LLMs perform inferior on the tasks of geography-time reasoning and arithmetic
calculation, with average weighted F1 scores of 44.93% and 46.85%, respectively.
This underperformance can be attributed to the limitations of LLMs
in processing heterogeneous evidence, i.e., reasoning collectively over dates,

numbers, and/or texts within structured data sources.

* Among the five factual tasks, LLMs perform relatively well on the tasks of Compo-
sition Understanding and Combining Structured and Unstructured data. After a
detailed examination of the cases, we conclude that this benefit stems from LLMs
utilizing their in-context learning and extensive commonsense knowledge
to overcome the sparsity issue in the structured evidence for these two
tasks.

* We further analyze the distribution of three labels in Figure 3.3 and observed
that the proportions of predicted NEI labels are generally higher than those of
the gold labels across the five tasks, the proportions of factual and non-factual
responses vary between different tasks. This indicates that, akin to human
behaviors [134], LLMs demonstrate caution when accepting or rejecting

factual queries, when comparing to the ambiguous answer.
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Figure 3.4: Performance of GPT-40-mini under different settings of structured evidence.

3.4 Analysis

Building on the main results, we perform in-depth analyses from various perspectives to
assess the LLMs’ abilities in completing the five tasks, with GPT-40-mini (which achieves
best in experiments) as the representative model. Analyses of other LLMs are included
in Appendix A.11.

3.4.1 Resilience to Evidence

We first investigate whether the ability of LLMs to answer factual questions is influenced
by the presence of structured evidence. To this end, we categorize the resilience of
LLMs to evidence into three levels, ranging from stringent to adaptable: (i) efficiently
understanding and reasoning with the provided structured data as evidence, (ii) adapting
to irrelevant interventions in the structure of the evidence data, and (iii) accurately
recalling prior general knowledge without the support of structured data. We expect
LLMs to maintain strong performance across all three levels, indicating remarkable
resilience.

To this end, we assess the performance of GPT-40-mini under three distinct conditions:
(i) with structured data provided as corresponding evidence for the factual questions
(denoted as “w/ data” in Figure 3.4), (ii) with the structured data shuffled (denoted as “w/

shuffled data” in Figure 3.4), and (iii) without any structured data as evidence (denoted

28



3.4. ANALYSIS

w/ data w/o data
S5 30854 1904 785 Sl 3310 1529 1804
[N w
s B g
~ ®© ©
o & 1261 4706 444 o 1563 2805 2043
O 5 5
2 =2
o 126 156 71 o 117 79 157
Fact. Non-Fact. NEI Fact. Non-Fact. NEI
Predicted Predicted

Figure 3.5: Confusion matrices of performance under the settings w/ and w/o structured
data as evidence.

as “w/o data” in Figure 3.4). The first condition aligns with the zero-shot without the
CoT setting in the main results (Table 6.2). In the second condition, we exploit the order
invariance property of structured data to introduce semantically irrelevant interventions
by shuffling the rows and columns in tables and the elements in lists in our StructFact
benchmark. For the third condition, since all factual questions in our framework are
supported by structured data from Wikipedia, we anticipate that the LLM will rely on
its pretraining knowledge to effectively handle scenarios where evidence is absent. We
assess the resilience to evidence of the LLM across the five tasks under these three

conditions, and depict in Figure 3.4 and Table A.18.

Transitioning from the original structured data (w/ data) to shuffled structured data
(w/ shuffled data) results in only a marginal performance decrease, with the largest
decline of 3.2% in precision in the Multi-hop Reasoning task, where order invariance mat-
ters. This demonstrates the strong adaptability of LLMs to the order invariance

characteristic of structured data, and also validates our task categorization.

Transitioning from evidence-rich scenarios (w/ data) to the evidence-absence sce-
nario (w/o data), the LLM’s performance drops significantly, especially in the tasks of
Arithmetic Calculation and Combining Structured and Unstructured, which underscores
the lack of prior knowledge characteristic. We further analyze this performance drop
with the confusion matrices in Figure 3.5 and attribute it to the uncertainty and a
higher tendency for the model to classify facts or non-facts as NEI. This shows that
LLMs do not possess adequate prior knowledge of facts contained in real-world

structured data.
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3.4.2 Fine-grained Studies of Different Tasks

In this section, we fine-grainedly assess GPT-40-mini’s reasoning on structures across

five tasks. See Appendix A.7 for the fine-grained categorization defined for each task.

3.4.2.1 Arithmetic Calculation

To assess whether large language models (LLMs) are capable of capturing and memo-
rizing arithmetic rules, we categorize the questions in the arithmetic calculation task
into three levels of mathematical problems depending on varying degrees of arithmetic
difficulty: numerical matching, numerical comparison, and computational analysis. For
instance, the factual question “Are the White Blood Cell (WBC) counts within the normal
range?” as illustrated in Figure 3.2, falls under the numerical comparison category.
Figure 3.6(a) presents the performance of GPT-40-mini across these three categories of
mathematical problems. This suggests that LLMs manage basic numerical tasks like
matching and comparison effectively, but struggle with complex computational

analyses, such as statistics analysis.

3.4.2.2 Geography-Time Reasoning

As shown in Table 3.3, LLMs exhibit inadqequate performance in the Geography-Time
Reasoning task. We conducted a detailed analysis of GPT-40-mini’s performance across
different named entity categories. In Figure 3.6(e), we classified the Geography-Time
Reasoning questions in StructFact into three categories: (i) temporal, which includes
questions about dates (DATE), and times (TIME); (ii) geographical, encompassing ques-
tions related to political regions such as countries and cities (GPE), as well as locations
such as mountains and rivers (LOC), and artificial landmarks (FAC); and (iii) geography-
time, which involves questions containing both geographical and temporal entities
(DATE+GPE, DATE+LOC, DATE+FAC). Overall, the LLM performs consistently at
understanding and reasoning with geography-time knowledge than with data
that only involves temporal or geographical entities. The varying performance
across different entity types suggests that the LLM is more effective with entities that

offer detailed granularity in geographical dimensions.

3.4.2.3 Multi-hop Reasoning

To investigate the capability of LLMs in recognizing and combining knowledge from

various discontinuous sources of structured data, we categorized factual questions in
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Figure 3.6: Fine-grained analysis of performance over the five tasks under zero-shot w/o
CoT setting.

the Multi-hop Reasoning task at a more fine-grained level based on the number of hops
required to arrive at an answer. A “hop” refers to the step in which the LLM needs to infer
knowledge by combining knowledge from two data sources. In particular, in our analysis,
each source is defined as a Wikipedia element (e.g., cells, headers, captions in tables, or
items in lists) that serves as evidence supporting the gold answer. Figure 3.6(b) reveals a

clear trend: as reasoning tasks become more complex, requiring an increasing
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number of hops, the LLMs’ effectiveness in reasoning over factual knowledge
from structured data diminishes. Notably, there is a significant performance decline
after 5-hop questions, with a 13.65% decrease in F1 score observed in questions with

more than 5 hops.

3.4.24 Composition Understanding

To answer whether LLMs can accurately reason factual knowledge from challenging
compositions in structured data, we categorize these compositions into three types of
irregularities: (i) complex structure, where compositions involve intricate dependencies
such as a single table cell spanning multiple columns; (ii) missing values, where cells
contain unknown values; and (iii) incomplete descriptions, where cells have ambiguous or
insufficient descriptions. Figure 3.6(c) illustrates illustrates that the primary bottleneck
in enhancing LLMs’ performance in understanding special composition within structures
lies in addressing the challenges of missing values and incomplete descriptions. This chal-
lenge is associated with the characteristics of lack of prior, indicating that accurately
aligning general knowledge in LLMs with the domain-specific knowledge in

structured data remains a significant obstacle for LLMs.

3.4.2.5 Combine Structured and Unstructured

A prominent strength of LLMs in factual reasoning is their ability to comprehend knowl-
edge in textual data. When extending this capability to tasks that involve structured
data, it becomes imperative to assess whether LLMs can effectively combine factual
knowledge extracted from unstructured contexts with reasoning applied to structured
data. Therefore, beyond the original unstructured context provided as evidence in the
Combining Structured and Unstructured task, we assess the capability of LLMs in sce-
narios with enhanced unstructured context, as well as in situations where unstructured
context is absent. The results shown in Figure 3.6(d) illustrate that the performance
of LLMs can be slightly improved by the availability of enhanced contexts when han-
dling factual reasoning over structured data. It is noteworthy that in non-factual tasks,
LLMs performed slightly better when provided with the enhanced unstructured context,
compared to the original ones. The substantial decrease in performance when unstruc-
tured context is absent suggests that LLMs are particularly dependent on this

unstructured context for this task, especially in non-factual circumstances.

32



3.4. ANALYSIS
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Figure 3.7: Performance of GPT-40-mini with structured data seen and unseen during
pretraining.

3.4.3 StructFact-Unseen

To assess the performance of large language models (LLMs) on data not encountered
during their pretraining, we constructed StructFact-Unseen to periodically crawl the
most recent structured data from new Wikipedia pages. The current StructFact-Unseen
dataset, used in this submission, covers the period from December 15, 2024, to January
14, 2025. Please see Table A.3 for the pretraining knowledge cutoff dates of each selected
LLM.

From Figure 3.7, it is clear that the language model (LLM) demonstrates a modest
reduction in performance when processing structured data not previously encountered
during its pretraining phase, compared to data it has been exposed to before. The LLM
particularly maintains generalizable performance in tasks challenged by heterogeneous
data, such as arithmetic calculation and geography-time reasoning. This generalization
ability may be attributed to the domain-specific factual knowledge required for these
tasks, which cannot be readily deduced using the general knowledge acquired from
previously encountered data. Notably, there is a significant decline in performance on the
StructFact-Unseen dataset for multi-hop reasoning. This suggests that LLMs may rely
more on their intrinsic knowledge base, rather than the structured evidence

provided, to excel in multi-hop reasoning.
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Table 3.4: Performance of GPT-40-mini using different prompting strategies across five
factual tasks, with performance differences relative to Zero-shot w/o CoT.

Methods Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct. Overall

Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
Zero-shot w/o CoT 62.52 10.0 63.2310.0 60.1310.0 63.3310.0 58.0410.0 63.7210.0 67.4210.0 67.9610.0 62.1010.0 66.8810.0 60.8010.0 63.67 10.0
Self-Refine. 58.03 |45 60.73 |2.5 54.44 |57 60.08 |32 51.61|64 588149 669105 68.1710.2 565156 63.37|35 55.36|54 60.383.3
Self-Consis. 62.80 10.3 63.4910.3 59.84 |0.3 63.02]0.3 5830103 6392102 66.91]05 67.35/0.6 62.3010.2 67.0610.2 60.8310.0 63.6910.0

Format Instruct.  62.8210.3 63.4410.2 5853 |16 61.95|1.3 57.52 /0.5 63.10/0.6 66.67 0.7 67.16 |0.8 61.37 /0.7 66.38 |0.5 60.03]0.8 63.03 0.7

3.4.4 Analysis towards Other Prompting Strategies

Given the successes of other CoT strategies and input data format instructions [? ], we
are interested in exploring their impact on reasoning about factual knowledge within
structured data. We include three prompting strategies: (i) self-refinement [88], which
guides the LLM to iteratively evaluate and refine its previous responses to reach the
correct answer, (ii) self-consistency [146], which mitigates hallucination through majority
voting on multiple responses from the LLM, and (iii) format instructions, which prompts
with descriptions of the format of the inputted structured data. There are the following
notable observations from the results in Table 3.4. 1) Self-consistency marginally im-
proves performance across five tasks, with an overall enhancement of 0.23%, compared to
the zero-shot results without CoT. ii) Format descriptions help the LLM better interpret
numerical compositions, leading to a 1.02% improvement in accuracy on Arithmetic

Calculation tasks.

3.5 Limitations

In this work, we present StructFact, a benchmark specifically developed to assess the
factual reasoning abilities of LLMs over structured data. StructFact comprises 13,407
questions spanning five factual tasks built upon the characteristics of structured data.
We tested 10 LLMs with StructFact and observed that they struggle with reasoning over
heterogeneous structured data, especially in complex arithmetic operations.

While this study offers a valuable benchmark for evaluating LLMs’ reasoning ca-
pabilities with structured data, it presents this data in a uniform format—markdown
for tables and triplets for graphs. The omission of other structured formats such as
JSON and XML could limit the generalization and applicability of . Second, the uneven
distribution of fine-grained labels in each task could affect the analysis. These limitations
potentially prevent this work from broad applications and should be further improved to

allow real-world deployment scenarios.
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CHAPTER

DEBIASING HETEROGENEOUS DEPENDENCIES

Knowledge in structured data is organized through various relationships. These de-
pendencies offer valuable context for representation learning in deep models. However,
despite being carefully curated by experts, spurious dependencies may still be present,
potentially leading to biased representations. This chapter introduces a causal-enhanced
model to debias the confounding effects result from the spurious dependencies in users’

multi-typed behaviors.

4.1 Challenge in Multi-behavior Dependencies

Recommendation systems have become a core in a wide range of online platforms
by aiding users’ decision-making in overwhelming resources provided. Multi-behavior
recommendations (MBRs) go beyond singular-typed interactions, as they aim to enhance
recommendation performance by capturing the intricate semantics from multi-typed
interactions [59, 160]. From a causal perspective, the predictions of MBR can be viewed
as the outcomes, given varied users’ behavioral data serving as the treatment.

MBR systems improve user modeling but are more vulnerable to including spurious
correlations caused by unobserved confounding factors. As demonstrated in Figure 6.1
(a), user moods that impact both user behaviors (treatment) and model predictions
(outcome) are in fact confounders in MBR. Particularly, when users are stressed, they
are more likely to make impulse purchases, leading to fewer favorite or add to cart

behaviors (treatment) and increase the probability of buying (outcome). The presence of
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{ US&:J E User Activity Degree User Behavior Prediction
1 Moo
R ! ° # Page View items: 987 P(Buy|Page View) = 0.03
User Activit [ ] # Add to Cart items: 65 P (Buy|Cart) = 0.43
Active User # Buy items: 28 P(Buy|Cart) > P(Buy|Page View)
Degree
O # Page View items: 3 P(Buy|Page View) = 0.67
User Prediction M # Add to Cartitems: 3 P(Buy|Cart) = 0.67
Behavior Inactive User  # Buy items: 2 P(Buy|Cart) = P(Buy|Page View)
(a) (b)

Figure 4.1: (a) Causal model of user mood (unobserved confounder), user behavior
(treatment), prediction (outcome), and user activity degree learned from interactions.
(b) A toy example of stratifying users by their activity degrees MBR: the left column
refers to stratification of users by their activity degrees, the middle column displays
the number of items being interacted with, while the right column is the probability of
buying conditioned on page view and add to cart.

unobserved confounders can introduce spurious correlations, negatively impacting the
performance of MBR models. For instance, a skewed model might incorrectly assume that
minority behaviors like “favorite” and “add to cart” don’t genuinely represent a user’s
intent to purchase, which goes against our understanding. In practice, these unobserved
confounders are unmeasurable due to challenges of technical complexities and privacy
considerations [177, 190].

Causal reasoning sheds light on this challenge, where the frontdoor adjustment
[161, 190] and proxy variables [177] emerge as two dominant approaches to mitigate
the negative impacts of unobserved confounders. Nevertheless, these two methods pose
practical challenges in real-world recommendation systems due to their stringent as-
sumptions and restricted data. On one hand, the validity of the front-door adjustment
relies on strong assumptions regarding an intermediate mediator between the treatment
and recommendation outcomes. Identifying a mediator that satisfies such requisite as-
sumptions presents a formidable challenge in MBR scenarios. On another hand, deriving
proxy variables from additional information, such as user features, is not always avail-
able due to privacy considerations. In short, both the frontdoor adjustment and proxy
variables relying on additional context information are less practical to be employed in
real-world MBRs.

To mitigate these challenges, we proposed a Counterfactual-enhanced Multi-Behavior
Recommender (C-MBR), which recommends items via stable counterfactual reasoning
on multi-behavior interactions. Firstly, we explore the multi-behavior interaction data
to define an observable proxy variable, which is correlated with unobserved confounder.

Rather than depending on extra context information, a stable counterfactual reasoning
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method is designed to debias an unobserved confounders via the stratification of the
proxy variable [138]. In particular, we take Figure 6.1 as an example, in which users’
activity degree is captured as a proxy variable for the unmeasurable users’ mood (i.e.,
unobserved confounder). This proxying is mainly because users may be more likely to
actively engage in different interactions when they are in a cheerful mood. By proxying
users’ mood with activity degree, we are able to further analyze the confounding effects
by dividing users into active and inactive stratum. As highlighted in blue in Figure 6.1
(b), active users tend to exhibit a higher probability to buy under the click behavior
compared to that under the add to cart behavior, whereas that under these two behaviors
is relatively even among inactive users.

We model the trend highlighted in blue in Figure 6.1 (b) with an ordering. In the
scenarios of MBR, this ordering also indicates the buying inclinations of different user
behaviors. Specifically, to improve user modeling, we utilize complex dependencies at both
intra- and inter-behavior levels, and further enhance it through stable counterfactual
reasoning while adhering to the ordering constraints.

The main contributions are summarized as follows:

* C-MBR is designed to debias the unobserved confounding effect on MBRs through

stable counterfactual reasoning by stratifying a proxy variable.

* C-MBR explores the complex relationships among multiple behaviors from a
'what-if” perspective by conducting stable interventions based on intra- and inter-

learning.

* We conduct extensive experiments on two real-world datasets and prove the effec-

tiveness of stable counterfactual reasoning in debiasing unobserved confounders.

4.2 Problem Formulation

In this section, we first propose a stable counterfactual ordering for debiasing the
negative effects of unobserved confounders. Then, we formulate the problem of conducting

counterfactual reasoning for MBRs.

4.2.1 Stable Counterfactual Ordering

In MBR, the system makes predictions (Y) based on users’ multi-behavior interactions

(B), which are driven by user preferences (U). This process can be represented by
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U —B —Y

\ / U : User preference.
7 B : User behavior (treatment).
Y : Model prediction (outcome).
l Z : Unobserved confounder.
P : Proxy variable.
P

Figure 4.2: Causal model of multi-behavior recommendation. Solid circles and dashed
circles represent observed and unobserved variables, respectively.

the causal path U — B — Y shown in Figure 6.2. We define the behavior set as 98 =
{b1,...,b)2} to include all the candidate values for B in the factual space, and {1,0} for
Y, where 1 represents the item v is included in the top-K recommendation list for user
u, denoted by v € R, , 0 otherwise. For each behavior b € 2, its counterfactual b* is
constructed by changing b at a minimal extent (e.g., fewer interactions under b), helping
to answer the “what-if” question that what happens to the recommender prediction Y if

the behavior b changes to its counterfactual b*.

The unobserved confounder Z simultaneously influence the treatment (B) and the
outcome (Y). A direct approach to debaise the unobserved confounder Z is stratifying
users based on values of Z. However, since Z is unobserved due to technical complexity
and privacy concerns, we stratify a proxy variable P learned from historical multi-
behavior interactions without any additional context information (e.g. user profile). For
instance, users can be divided into two stratums: active and inactive, based on their
activity levels P. The proxy variable P can be any factor that the trend of the treatment
effect of B on the outcome Y is altered across the stratum of P, while is stable within
each stratum of P. We mitigate the unobserved confounding effects by approximating
the stable causal effects on the outcome Y with an ordering on the treatments and
corresponding counterfactuals. Formally, with y® representing the probability of outcome

Y =1 given treatment B = b, we define the stable counterfactual ordering as below.

myDefStable Counterfactual Ordering] Given the structural causal model in Fig-
ure 6.2, suppose within a stratification of the unobserved confounder Z, for behaviors b;,
b; of variable B, if there is a stable ordering ybi < ybi, we have y% < yb and ybf*' > ybi
for their corresponding counterfactuals b, b;f. The counterfactuals b, b;‘f are derived
from applying interventions on the factual behaviors b;, b;, denoted by b7 = b; + A,

b;=bj+Aj, where A denotes a trivial intervention vector.
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4.2.2 Counterfactual Reasoning for MBR

In MBR, user u € % interacts with items v € 7" under multiple types of behaviors b € %
(e.g. click, favourite, add-to-cart and buy). Here, %, V', and 98 denote the training set
of users, items, and behaviors, respectively. Each behavior b can be either categorized
into the target behavior set 98;4; or the auxiliary behavior set %y, i.e. 8 = Bt U Baux-
In this paper, buy is the only target behavior. In addition, the multi-behavior user-item
interactions can be represented by a matrix X € RI%*V1xI%| Specifically, xz,v =1 if user
u interact item v under the behavior type b and xz,v =0 otherwise.

Inspired by the advancements through the utilization of counterfactual negative
samples [149, 165], we conduct counterfactual reasoning from the perspective of users’
different behaviors to debias unobserved confounders. The idea of counterfactual reason-
ing is seeking to explore a different outcome that would have occurred if certain features
had been intervened to a minimal extent. We formulate the counterfactual reasoning
problem for MBR as below.

myProbCounterfactual Reasoning for MBR] Given the input of a multi-behavior

interaction matrix X € RI%!xI71xI2I

, user u, and item v, the recommender f outputs the
index of position for item v in user u’s top-K recommendation list R, i, the items among
which is ranked by the probability that user u will interact with the item v under the
target behavior “buy”. For each pair of user behavior b and its counterfactual 5* which
conforms to the stable counterfactual ordering in definition , we aim to have the factual

and counterfactual results formulated as follows:

f(u,v,b,X|Z, ®) <K
fu,v,6*,X|Z, ©) >K

(4.1)

where Z is the unobserved confounder in Figure 6.2, O is the model parameters, K is a
hyperparameter corresponding to the top-K recommendation list. A larger K implies a
stricter requirement for the reversed result given the counterfactual example b*, leading

to stronger counterfactual strength.

4.3 Methodology

As demonstrated by bold and bold italics respectively in the top bar in Figure 6.3, C-MBR
consists of two concurrent processes: i) User Multi-behavior Learning: this module models
user preference at the intra-behavior and inter-behavior level in sequence to capture

hierarchical information from multi-behavior interactions. ii) Stable Counterfactual
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Figure 4.3: The framework of proposed C-MBR.

Reasoning: C-MBR enhances multi-behavior learning by reasoning with counterfactual

examples constrained by stable counterfactual ordering in the Definition .

4.3.1 User Multi-behavior Learning

In this study, we integrate the behavior representation at the level of both intra- and inter-
behavior learning. Given the multi-behavior interaction matrix X defined in Problem ,
we build behavior-specific interaction graphs %, = (A, &) for | 28| types of user behaviors,
where the node set A" =% U7 . Each edge ell’t’v € &) exists if user u interacts item v under

the behavior type b, i.e. xg’v =1linX, ez,v does not exist if xf’t’v =0.

4.3.1.1 Multi-behavior Intra Learning.

To understand users’ preferences from interactions under different behaviors, we adopt
the behavior modeling in [158] to model the intra-behavior relationships from each
behavior-specific interaction graph %,. We use / multi-dimensional GNN layers to pass
the messages from neighbours 4.2 (or .#,%) to the user u (or item v) and transform the
neighbouring messages into r latent dimension spaces, under the consideration of vary
behavior frequency. For example, the message passing to user node u at /-th layer can be

represented as

-1
r

JVb
(4.2) Ve

apr=Relu( Y. WoHID +by)

veNﬁ
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where HY) € R is the hidden embeddings for behavior b of user . N2 denotes the set
of neighbouring items for user u,;. Wy, € RY*? ig a transformation matrix in the r-th
dimension. Wy € R"*? ig a balancing matrix and by € R"! is a bias. The message passing
to item v is generated in the same way as for user u. We take the output of the /-th layer
as the factual behavior-specific embeddings for user u and item v, denoted as HZ = Hz(l)
and H, =H2?.

The item embedding H, € R? is simply aggregated by the behavior-specific item
embedding H € R? with the mean function H, = Z'bgill HS

4.3.1.2 Multi-behavior Inter Learning.

After obtaining item embeddings H, and behavior embeddings HZ, C-MBR further
learns the inter-relationship among different user behaviors by modeling the sequen-
tial information in interactions. For each user u, we chronologically concatenated the
embeddings of interacted items into M subsequences (indexed by m), denoted by ., .
Similarly, the embeddings of corresponding behaviors are also concatenated, contributing
to subsequences denoted by .7, ,.

Sym=HO HY HD

Fpm =HLO HEO HED
where represents vectorwise concatenation, ¢t denotes the ¢-th position in the interaction

(4.3)

subsequence. Hf,t ), Hg(t) are the embeddings of corresponding item and behavior in the
t-th interaction. T is a hyperparameter for the maximum length of each subsequence
m. The embedding of m-th subsequence of user u is encoded by BERT [121]. Formally,
H, , =BERT(%, m ® %,m), Where we concatenate the item sequence .%, ,, € RT*d and
behavior sequence % ,, € RT*4 into Fom ® Fbom € RT*24 a5 the input. The elements in
sequences .%, ,, and %}, p, encode the intra-behavior relationships. H, ,, € RT*2d g the
representation of m-th sequence of user u, incorporating the inter-behavior relationships.
In this way, the user subsequence embedding H, ,, includes both intra- and inter-behavior

relationships, and sequential information of interacted items.

Then, we perform a user-aware self-attention mechanism on the embedding of each

subsequence H,, ,, and aggregate these M subsequences by the mean function, formally,

M
4.4) H, = Z BmHy ), where By, = softmax(WsH,, ,, +bg)
m=0
where H, € R? is the embedding for user u. Bm € RT is a self-attentive weight for each

Rded

subsequence embedding H,, ,,. W3 € is a transformation matrix. by € R? is a bias.
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4.3.1.3 Recommendation

We calculate the probability of recommending item v to user u by the inner product of
H, and H,, denoted by recommendation score y, ,. The Bayesian Pairwise Loss [111] is
used to optimize the recommendation as below:

(4.5) Lopr== 3, InoWup~Yu,)

(w,v;,0,)€X

where y, , = HEHU, X ={(u,v;,v)l(u,v;) € X", (u,vj) € L} is the training data, X" =

xzug = 1} is the positive buying interactions, while &~ = xZ”,,y = 0} is the sampled
negative buying interaction set, o(x) = 1+—}3_x is the sigmoid funciton.

4.3.2 Counterfactual Reasoning

We employ stable counterfactual reasoning on MBR to enhance recommendation perfor-
mance with traditional counterfactual reasoning and debias unobserved confounders

with stable counterfactual examples.

4.3.2.1 Traditional Counterfactual Reasoning.

To enhance recommendation, we build counterfactual behavior through intervening
on behavior-specific embedding HZ then reasoning. we define A, ; as the personalized
intervention vector applied on the behavior b of user u, representing the minimal change
applied to HZ regarding the recommendation of item v. The intervention process can
be expressed as HZ* = HZ + Ay p, where the intervention vector A, ; is initialized by
uniformly sampling from a continuous range [-§, 0], where (6 > 0). The initialization
of A, , with negative values is based on the intuition that removing the target item
from the recommendation list may result in fewer interactions with the item, thereby
contributing to a decrease in user preference. Here, we set 6 = 1.

Given the counterfactual embedding HZ* , the counterfactual recommendation score
yfj’*v can be obtained through executing multi-behavior inter learning with HZ* , mathe-
matically,

M
(4.6) y5, =Y BwBERTIS, (. H, ¥ )I"H,

m=0

where HZ*(” is the counterfactual embeddings of the corresponding behavior in the ¢-th
interaction. For each behavior b, we concatenate the counterfactual embedding Hg* with

embeddings of other behaviors b in & except b.
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The optimization goal of counterfactual reasoning can be formulated as: suppose
item v is recommended for user u in the factual top-K recommendation list (v € Z, k),
we aim to find an opposite outcome excluding the recommended item v from the top-K
recommendation list (v ¢ ,%Z %) via minimally intervening on each user behavior 4. To be

concise, the intervention is expected to be minimal and effective, mathematically,

4.7) ”rilin”Rank(vlyu,v) <K, Rank(ly, ,)>K
u,b

where ||A, 3 | measure the changes caused by an intervention, Rank(-) function outputs
the position index of item v in the ranked recommendation list given the recommendation
score y, ,. Rank(v|y, ) < K indicates that the item v is in the top K positions in the
ranked recommendation list for user u, i.e. v € %, k.

To solve the above optimization problem in (4.7), we model the expection of minimal
intervention with the the L2-normalization of A, j, and measure the intervention effec-
tiveness by moving ybb:,} away from y, ,. If the second term (y, , — yffv) has a big value,
there’s a strong chance that v is in %, g but not in %ZK In general, we define the

following counterfactual loss Z.r.

(4.8) L= Y, Y IAupl-logloGyuy —y5,)]
(u,V)EX T beB

where (u,v) € " represents the observed user-item interaction (u,v) under the target

behavior buy, | - II§ denotes the L2-normalization.

4.3.2.2 Stable Counterfactual Reasoning.

For the reasons of proposing stable counterfactual reasoning, we consider two omissions
in existing MBR models: 1) Unobserved confounding factors and 2) Buying inclination
conflicts. These two omissions are described in detail in the following.

Unobserved confounding factors. MBRs are more vulnerable to unobserved con-
founders due to the complexity of the interactions between user behaviors and items.
Existing works heavily rely on strong assumptions or additional information such as
user features. We attempt to mitigate the unobserved confounding effects by lever-
aging information from a proxy variable, which can be modeled from multi-behavior
interactions.

Buying inclination conflicts. In real-world MBR systems, interactions under dif-
ferent types of user behaviors mirror ascensive buying inclinations (e.g. carting usually

shows stronger buying inclination compared to viewing). Table 4.1 presents the buying in-
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Table 4.1: The conditional probability of buying under different interaction behaviors.

Auxiliary Behaviors

Datasets Buying Inclination Order

page view cart favourite

IJCAI 0.33 0.37 0.15
Taobao 0.12 0.15 0.11

favourite<page view<cart<buy

clination under different auxiliary behaviors in two real-world recommendation datasets.
Formally, the probability y?«= of interacted under the target behavior bigt € Bigs (ie.
buy) conditioned on an auxiliary behavior b, € B, (i.e. page view, cart, favourite) is

calculated by

b
(4.9) yhawr = N P(a = 1aber = 1),
u€e vev
However, during the optimization of A, ; defined in Equation (4.7), the intervention

process HZ* = HZ + Ay, p» might break the ordering of buying inclinations behind different
behaviors, resulting in unstable behavior counterfactual examples. In addition, pairwise
attention is commonly employed in MBRs to capture various behavior contributions but
neglects to buy inclinations and lacks transparency toward human comprehension.

Stable ordering loss. In this paper, we assume the presence of a proxy variable Z
related to the unobserved confounding factors, within the strata of which the ordering
of buying inclination is retained. To address the two problems above, we constrain the
causal effect of counterfactual HZ* on the model prediction outcome Y within the stable
strata of this proxy variable Z with a stable ordering loss. Specifically, we first sort
different types of user behavior b € 2 according to the conditional probability y®«=, from
least likely to most likely. For the two datasets in Table 4.1, the sorted behavior set
9B, = {favourite, page view, cart, buy}.

In case of additional influence stems from Multi-behavior Inter Learning, we fuse the
behavior embeddings Hz of each user with a linear mapping function. For the factual
space and the counterfactual intervention on behavior b, the recommendation scores ¥,
and yffv can be formulated as follows.

Jup = (W4H}, +b3)" H,
50, = [W,(HS HE) + bs]"H,
where W, € R is a transformation matrix. bs € R/ is a bias.

(4.10)

Given the sorted behavior set %8;, for any pair of behaviors (b;,b;) from this set, if b;
precedes b, then yP < y%i. According to the stable counterfactual ordering formulated
in Definition , we have yb; > yb; . Since j?fj,*v denotes the counterfactual recommendation

score after a negative intervention on behavior *, we mitigate the unobserved confound-
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ing effects via modeling the inequation with yZlv - yfj{,, . Therefore, we define the stability

loss Zs:p as follows.

b* b*
(4.11) gstb = Z Z —log[a(j?ufv - yu{v)]
(w,v)eX* (b;,bj)eBs, i<j

where yzfv — ¥u)» shows the difference between the counterfactual scores when interven-

ing on behavior b; and b;.

Moreover, by maximizing ( nyu — yu{v), we include the information of buying inclina-
tions and constrain the counterfactual behavior embeddings. The buying inclination is
explicitly modeled by (¥, — y,l;’: )= Gy — yzl;) for any pairwise behaviors (b;, b;) with
indexes i < j in %;. This follows the intuition that a more important behavior b; (ranked
latter represents higher buying inclination) should drop the score y, , more significantly
after applying the same negative intervention vector A, , compared to a less important
behavior b;. We apply this stable ordering loss on a stratum of the users portioned by a

stratification hyperparameter €.

Finally, the objective function of C-MBR can be formulated as the sum of %, Z./,
and Z»p.
(4.12) L =MLopr+A2Ler + A3 Lt
where A1, A9, and A3 are three hyper-parameters controlling the trade-off between the

loss functions.

4.4 Experiments

In this paper, we conduct extensive experiments to answer the following three research

questions:

* RQ1: How does C-MBR perform compared to the state-of-the-art (SOTA) recom-

mendation models?

* RQ2: Whether the proposed stable counterfactual ordering mitigate the negative

impact of unobserved confounders on recommendation performance?

* RQ3: How do the different loss functions in C-MBR impact the outcomes of recom-

mendations?

45



CHAPTER 4. DEBIASING HETEROGENEOUS DEPENDENCIES

4.4.1 Experimental Setups
4.4.1.1 Datasets

We evaluate C-MBR on the two public datasets IJCAI' and Taobao?. The statistics of

experimented datasets are summarized in Table 4.2.

Table 4.2: Statistical information of datasets.

Datasets ‘ #users #items #total interactions ‘ #Buy(pct.) #Page View(pct.) #Cart(pct.) # Favourite(pct.)

IJCAI 1637 191176 1049514 97647 (9.30%) 906394 (86.37%) 199 (0.02%) 45274 (4.31%)
Taobao 3208 180291 470139 43997 (9.36%) 383434 (81.56%) 31364 (6.67%) 11344 (2.41%)

4.4.1.2 Baseline Models.

To thoroughly demonstrate the recommendation effectiveness, we compare C-MBR with
four categories of baselines: (1) Single-behavior. NGCF [144]. (2) Multi-behavior
intra-learning. RGCN [113]. Since RGCN is designed for link prediction, we replace
the optimization loss with the BPR loss [111]. (3) The combination of multi-behavior
intra-learning and non-sequential inter-learning. GNMR [158] and MBGMN [160].
Besides intra-learning from behavior-specific interactions, these two models learn inter-
behavior correlations implicitly with the attention mechanism and a meta prediction
network, respectively. (4) The combination of multi-behavior intra-learning and
sequential inter-learning. MBSTR [175]. Beyond the inter-correlations of different
behaviors, this model includes sequential information from heterogeneous item-level

interaction sequences via the transformer [136].

4.4.1.3 Evaluation Metrics and Implementation Details

We employ two common evaluation metrics: Hit Ratio (HR@K) and Normalized Dis-
counted Cumulative Gain (NDCG@K). C-MBR is implemented in PyTorch and optimized
using the Adam optimizer, while baseline models retain their original optimizers. For
IJCAI and Taobao, embedding dimensions are set as 16 and 32, respectively, with a batch
size of 64. In the training, validation, and test sets, we sample 1, 99 and 99 negative
items for each positive item, respectively. The learning rate is searched in [1le 2, 5¢ 73,
3e73 1e73 Be 4, 3e74].

https:/tianchi.aliyun.com/dataset/42
2https://tianchi.aliyun.com/dataset/649
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Table 4.3: Recommendation performance comparison of C-MBR and selected baseline
models on two real-world datasets.

IJCAI Taobao
HR@3 HR@5 HR@20 NDCG@3 NDCG@5 NDCG@20 | HR@3 HR@5 HR@20 NDCG@3 NDCG@5 NDCG@20

NGCF | 0.3625 0.4643 0.7014 0.2887 0.3309 0.4086 0.4432 0.5162 0.6661 0.3647 0.4148 0.4591
RGCN | 0.3702 0.4404 0.6768 0.2889 0.3302 0.3986 0.4574 0.5218 0.6973 0.3652 0.4122 0.4590
GNMR | 0.3781 0.4527 0.7080 0.3111 0.3490 0.4184 0.4286 0.5097 0.6608 0.3697 0.3930 0.4374
MBGMN | 0.3885 0.4639 0.7159 0.3214 0.3585 0.4152 0.4243 0.5084 0.7082 0.3547 0.3894 0.4481
MBSTR | 0.3745 0.4681 0.7106 0.3266 0.3595 0.4230 0.4940 0.5613 0.7150 0.4261 0.4529 0.4991
C-MBR | 0.4098 0.4765 0.7440 0.3706 0.3977 0.4683 0.5056 0.5944 0.7387  0.4456 0.4709 0.5156
Improv. | 5.48% 1.79% 3.93% 13.47% 10.63% 10.71% 2.35% 5.90% 3.31% 4.58% 3.97% 3.31%

4.4.2 Recommendation Performance (RQ1)

The recommendation performance comparison of C-MBR and baseline models on two
datasets is reported in Table 4.3. Based on these results, we have the following observa-

tions.

C-MBR outperforms all baseline recommenders on the two real-world multi-
behavior datasets. From Table 4.3, the average improvement of C-MBR to the best
baseline model is 3.73% and 11.60% for HR and NDCG on the IJCAI dataset, 3.85% and
4.04% on the Taobao dataset. The improvement in terms of NDCG surpasses that of HR
on both datasets. A possible reason is the %4 learns user preferences in a more detailed
manner, leading to improved ranking of candidate items. This distinction is more obvious
in the IJCAI dataset than in the Taobao dataset since the order of purchase propensity

across different auxiliary behaviors is more apparent in IJCAI (as shown in Table 4.1).

Both intra-learning and inter-learning across multiple behaviors are im-
portant. Compared to models that separately learn each behavior (i.e. NGCF, RGCN),
models that learn both the intra- and inter-relationships of different behaviors (i.e.
GNMR, MBGMN, MBSTR, C-MBR) generally perform better. Furthermore, MBSTR and
C-MBR outperform the other baselines for they include sequential information to model
the inter-relationships between users’ multi-behaviors. This advantage is not evident in
the Taobao dataset, probably because the interactions under each auxiliary behavior are

relatively dense compared to those in the IJCAI dataset.

Counterfactual reasoning benefits the recommendation performance. En-
hanced by counterfactual examples, C-MBR outperforms the best performance among
other baseline (MBSTR) from 1.79% to 5.90% regarding HR, and from 3.31% to 13.47%
regarding NDCG on both datasets.
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4.4.3 Stratification Analysis (RQ2)

This experiment aims at justifying the motivation of stable ordering reasoning to reduce
the negative impact of unobserved confounders on recommendation performance Z in

terms of inferring the causal relationship B — Y in Figure 6.2.

To simplify the problem, we treat user activity as an example confounder and strati-
fied users into active and inactive groups according to their degree of activity. Based on
the stratification, we assume that the behaviors of active users who have more interac-
tions should comply with this global ordering while forcing the interaction data that is
relatively evenly distributed across behaviors of inactive users with this ordering will
harm the performance. Therefore, we stratify all the users by the degree of their activity,
which is estimated by the proportion of their brought items among the interacted items

under all behaviors. € is the stratification threshold for dividing active and inactive users.

0.65

0.60 /\“‘\\\m
0.55 0.60

0.50 —=— HR@3 —=— HR@3

NDCG@3 0.55 NDCG@3
0.45 e @

—=— HR@10 —s— HR@10
0.40 ESSINRECAT) 0.50 —— NDCG@10
035
0.45
0.30

0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.45
Stratifications Threshold & Stratifications Threshold &

(a) IJCAI (b) Taobao

Figure 4.4: The performance under different values of the stratisfication threhold e.

As illustrated in Figure 4.4, the recommendation performance for HR@3, NDCG@3,
HR@10, and NDCG@10 changes based on different ¢ threshold values. For the IJCAI
dataset, the peak performance is at € = 0.25, while for the Taobao dataset, it’s at ¢ = 0.1.
The distinction between various € values in the Taobao dataset are relatively subtle,
potentially because the buying inclinations associated with different user behaviors
within this dataset aren’t distinctly noticeable. This performance variation indicates
that the behavior ordering is maintained when properly stratifying the confounding
factor, which is the degree of user activity, and this stratification enhances the overall

performance.
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4.4.4 Ablation Study (RQ3)

We carried out ablation experiments to evaluate how different loss functions impact the
recommendation performance of C-MBR.

In Table 4.4, we evaluate the performance of three C-MBR variants with regard
to HR@1(NDCG®@1). The first one is C-MBR—L;;, which is a variant of C-MBR by
removing the stability loss from the joint optimization objective. The observed difference
in performance between C-MBR and C-MBR-L;;, on the two datasets (7.07% and
6.09%) demonstrates the effectiveness of explicitly enforcing the buying inclination
of different behaviors with our proposed stable ordering. For the second variant C-
MBR-L_y, training is conducted without utilizing the counterfactual loss. As shown
in Table 4.4, the omission of L.r results in a reduction of 15.93% and 11.30% on the
IJCAI and Taobao datasets, respectively. This shows that the performance is enhanced
by capturing distinctions between factual and counterfactual user embeddings. Lastly,
C-MBR-Lg,L.r excludes both L s and L, and relies solely on training with the BPR
loss [111], resulting in a performance drop of 37.81% and 25.14% for the IJCAI and
Taobao datasets, respectively. This illustrates that combining counterfactual reasoning

with stable ordering constraints has a beneficial synergistic impact.

Table 4.4: Ablation study w.r.t. HR@1(INDCG@1) on IJCAI and Taobao Datasets.

Variants IJCAI Taobao
C-MBR 0.3182 0.3647
C-MBR-L g, (Decrease) 0.2957 (7.07%) 0.3425 (6.09%)
C-MBR-L, (Decrease) 0.2675 (15.93%)  0.3235 (11.30%)

C-MBR-L,L.s (Decrease)  0.1979 (37.81%)  0.2730 (25.14%)

4.5 Limitations

While the proposed C-MBR method has demonstrated its effectiveness on two widely
used recommendation datasets, its underlying causal assumption poses challenges for
deployment in real-world recommendation systems. Specifically, establishing a stable
ordering requires developers to examine the buying inclination order (as illustrated
in Table 4.1) based on historical interaction statistics. This additional step introduces
manual effort and may reduce scalability, particularly when dealing with large-scale or

dynamically evolving platforms.
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CHAPTER

STRUCTURED HETEROGENEITY
AND UNSTRUCTURED DATA

Given the vast amount of unstructured data, models must effectively integrate both
structured and unstructured information into their representations. In this chapter,
we propose a novel framework that combines structured knowledge in tables with

unstructured textual queries using large language models (LLMs).

5.1 Challenges in Reasoning over Structured

Knowledge

With the advancement of digitalization across various industries, substantial amounts
of structured knowledge are stored in tabular formats. This structured knowledge,
often containing domain-specific information closely tied to different downstream tasks,
complements the general knowledge acquired by Large Language Models (LLMs) during
pre-training, thereby enhancing their capability to support downstream queries and
reasoning [28, 122].

LLMs, leveraging their sophisticated linguistic capabilities and extensive knowledge
base, have been widely utilized as one-/few-shot learners in various structured tasks
[41, 43, 63, 189]. Currently, the approaches for applying LLMs on structured knowledge,
including tables, fall into two primary categories: serialization-based [43, 57, 91] and

operation-based methods [58, 87, 148, 169]. Serialization-based methods convert struc-
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[Caption] United States House of Representatives Elections, 1972

Incumbent Candidates
John Moss Moss (d) 69.9% Mcfall (r) 30.1%
George Miller Pete (d) 52.9% Lew (r) 47.1%
John Mcfall Mcfall (d) unopposed
i) Semantic Consistency ii) Hierarchical Dependencies
Incumbent 4
[Caption]

John Moss  John Mcfall Incumbent I Candidates
George Miller

iii) Order Invariance iv) Data Sparsity

J. Moss Moss (d) 69.9%... SQL SELECT :Parties: FROM ...

( G. Miller | Pete (d)52.9%... In this table, (d) denotes
LLM the Democratic Party, and
J. Mcfall Mcfall (d) unop... (r) the Republican Party...

Figure 5.1: An example illustrates the three aspects of the structural relationships in
tables: i) Semantic Consistency, ii) Hierarchical Dependencies, and iii) Order Invariance.
Additionally, it highlights the data sparsity issue iv), where incomplete data affects SQL
queries over the table .

tured knowledge into sequences of tokens, enabling the model to process the structured
data in conjunction with task descriptions [91, 115]. For example, Hegselmann et al. [43]
utilize a Table-to-Text model or a LLM as the serializer to convert tables into natural
language strings, which are then fed into the LLM along with task descriptions. However,
serializing structured data can undermine the inherent structural relationships, espe-
cially in larger tables, potentially leading to serve knowledge forgetting and diminished
logical coherence during reasoning [76, 181]. Additionally, the serialized formats criti-
cally influenced the performance of LLMs [117]. The operation-based methods extract
relevant information from structured data using SQL-like operations based on task
requirements, and then incorporate this knowledge into LLMs to generate responses.
While the SQL-like operations account for structural relationships, these methods fail
to fully harness the extensive knowledge base of LLMs for effective reasoning [189]. As
shown in Figure 6.1 d), the “(d)” and “(r)” represent the Democratic and Republican
parties, respectively. Since the parties are not explicitly listed in a separate column,
retrieving information about the political affiliations of incumbents via SQL queries is
challenging. However, LLMs can easily interpret this information due to their advanced
in-context learning abilities and knowledge base. Therefore, structural relationships
and data sparsity are two critical challenges that current methods do not fully account

for when reasoning over structured knowledge, which differs fundamentally from the
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unstructured text inputs that LLMs typically handle [33].

Graphs are structure-aware, making them a natural choice for modeling structural
relationships. However, traditional graphs remain insufficient in effectively capturing
the group relationships between rows and columns. Unlike traditional graphs, where an
edge connects only two nodes, a hyperedge in a hypergraph can connect multiple cells
nodes in an unordered manner. Hypergraphs consider the structural relationships
within tabular data from three aspects: i) Semantic Consistency. Data in the cells of the
same row or column in a table generally correspond to a consistent semantic category,
allowing LLMs to identify and infer implicit semantic relationships. As illustrated in
Figure 6.1 i), the cells in the “Incumbent” column are all personal names. ii) Hierarchical
Dependencies. Hyperedges are capable of capturing intricate, higher-order dependencies
within structured knowledge, such as the dependencies of the captions, headers, and
cells. iii) Order Invariance. Changing word order in natural language can alter meaning,
but rearranging rows or columns in a table, swapping the Moss and McFall rows in
Figure 6.1 iii), does not affect the overall semantics. To address the sparsity issue such
as the incomplete parties in Figure 6.1 iv), hypergraphs facilitate high-order information
propagation between nodes and hyperedges, thereby supplementing the representations
of incomplete cells with information from their neighbors. In addition, the extensive
general knowledge embedded in LLMs can be leveraged to address sparse data issues.

To enhance LLMs’ capabilities on structured knowledge, we propose a novel Hy-
pergraph-based Generation framework, namely , to facilitate seamless integration of
knowledge from structure learning with hypergraph neural networks into LLMs, without
losing focus on task-specific requirements. Specifically, explicitly guide the LLMs to
augment sparse table cells with contextual information. We then construct semantics
hypergraphs with the augmented table and introduce a novel Prompt-Attentive Hyper-
graph Learning (PHL) module that propagates task-specific inquiries in prompts along
with embedded semantic knowledge across structures, and train this module jointly with

the LLM. Our contributions are concluded as follows:

* Towards structural relationship. We propose , which uses hypergraphs to cap-
ture the semantic consistency, order invariance, and hierarchical dependencies
within structured knowledge, thereby enhancing the LLM’s capability to under-

stand and reason over structured knowledge.

* Towards data sparsity. We design a novel hypergraph neural network to tackle

the sparsity issue in tabular knowledge by utilizing the generative abilities of

53



CHAPTER 5. STRUCTURED HETEROGENEITY
AND UNSTRUCTURED DATA

LLMs and then facilitates information propagation through hyperedges.

¢ Experiments. We conduct extensive experiments on various downstream tasks

involving structured data to validate the effectiveness of our proposed framework.

5.2 Problem Definition

Aiming to enhance the capability of LLMs in handling knowledge stored in structured
data with hypergraphs, in this paper, we consider tables as the structured data sources to
illustrate our framework. We construct a hypergraph with the structured knowledge in
table 9. Each table is formally represented as 5 ={0,h;, v, n|0<i<N,0=m=<=M,0<
n = N}, where o is the table caption, /; represents the header for the i*” column, Um.n
represents the cell at the m?” row (denoted as r,, € %), and the n** column (denoted as
cn € 6). As depicted in the upper left of Figure 6.3, the very upper-left cell is denoted as
vo,0- The task description prompt x, provided in natural language to the LLMs, includes
a textual representation of the table 9 (in markdown format) and the essential inquiry
w regarding this table, following a specific template, w < x. Specifically, the essential
inquiry w can be claims in fact verification or questions in question answering. For tasks
requiring the knowledge stored in 9, we aim to help pretrained LLMs (denoted as
LLM(-)) to understand and extract the structured knowledge relevant to the inquiry w

stored in 9, thereby improving the effectiveness of LLM’s final generations.

5.3 Methodology

Figure 6.3 provides an overview of our proposed framework, which is designed to enhance
the ability of LLMs to handle tasks that require knowledge embedded in structured
data. This section details the workflow of , first augmenting the structured data with
contextual information, followed by learning and integrating task-relevant structured

knowledge into the LLMs to generate answers.

5.3.1 Contextual Augmentation

To address the data sparsity issue caused by missing or incomplete information in cells,
N/A, none, or incompleted descriptions such as the example in Figure 6.1. For each table

9, we augment its caption o, columns c € ¢, and rows r € Z with contextual information,
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Task Description Prompt { Essential Inquiry | .
A table is provided below. The key information extracted from the d oded in the feature Structured KnOWIedge Learnlng
{Table Hyperedge}, which relates to this claim: John Moss is unopposed during the election. Using Semantics Hypergraph Construction (SHC)
all available information, predict whether this claim is correct. Answer only with 'Yes' or 'No'. ™\ .| . ccecessssseesssean, Hyperedge Emb.  Node Emb.

Tokenize "
Structured Knowledge - cm 2z ¥ & | | [ [ ] |
United States H R = ﬁ Results of the 1972 United States House 1 §_ .- l )
et ez[ otgse olgsgresen Jryes of Representatives Elections in Select il Bl E H Inquiry Emb.
ections, craves eSS M ] (11 ]

Column Hyperedges ~ Table Hyperedge

=

District Ir b Candid In the California 8th
district election, the
incumbent is George

Miller, and the
candidates are Pete
CA 15 John Mcfall John (d) unopposed (Democrat) with 52.9% |  epmsmiiniiiiiiiiiiiiiiinnni M
of the votes and...

CA3 John Moss John (d) 69.9% John (r) 30.1%

CA8 George Miller Pete (d) 52.9% Lew (r) 47.1%

Prompt-attentive Hypergraph Learning

(PHL) h

f s O Vi
Structured B A £ i
K led. L°RAh % Large Language Model NEEE © (EEN <—-§—‘ - €j [“i,i
LOYYIECEE i : Prompt Table & i
In]ectlon t . * ....................... " Tokens Hyperedge h
Emb. Emb.
“No”

Figure 5.2: An overview of our proprosed framework.

leveraging the semantics understanding and generative ability of the large language
model LLM(-).

Specifically, as shown in Figure 6.3, the caption o “United States House of Representa-
tives Elections, 1972” is vague, as it does not specify where the elections occurred. After
being supplemented with the contextual information from the table, the augmented
caption, “Results of the 1972 United States House of Representatives Elections in Select
California Districts”, denoted as 0, more clearly illustrates the table’s content. As for the
sparse cells which contain missing or incomplete data, we utilize the LLM to generate

descriptions for each row and column. Formally, for the m*" row,

(5.1) 'm :LLM(P()(O,h;,Um,;)

where 7, represents the augmented description for the m*” row containing cells Um,. =
Wm,1,-sUm,N), h. = (h1,...,hy) denotes the N headers of table 9, and Py(-) refers to
the template used to prompt the LLM in generating the corresponding augmented
summary. Specifically, in this paper, we define the augmentation prompt P as: “You
will be given with the table caption and headers. Please enhance the caption [describe the
given row /column corresponding to the table content.” The descriptions for the columns

cn in table 9 are generated in a similar manner, yeilding ¢,.
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5.3.2 Structured Knowledge Learning

After augmenting the sparse data with contextual information, learns structural re-
lationships over knowledge that is structurally stored through two steps: first, by
constructing hypergraphs that aligns with the semantics (SHC), and second, by utilizing
a novel prompt-attentive neural network for hypergraph learning (PHL). This section

will elaborate on how our proposed conducts these two steps in detail.

5.3.2.1 Semantics Hypergraph Construction (SHC)

This step embeds the semantics of table 9 into a hypergraph ¢ = {7',§}, where 7 =
{..,v;,...} represents the set of node(vertex), and & = {...,e},...} represents the set of
hyperedges. Each hyperedge connects multiple nodes, v; € A ; denotes that the node
v; is included in the set of nodes connected by hyperedge e, while e; € A4, represents
the hyperedge e; is included in the set of hyperedges which connects node v;. Each cell
Um,n in the table I is treated as a node, v; € 7, || =M x N. The rows r,, € %, columns
¢, € €, and the entire table 9 act as hyperedges, leading to three types: row hyperedges
ez =1{..,er, ,..} ©&, column hyperedges ex ={...,e.,,...} &, and table hyperedge e € &,
|&] = M +N +1. The connections between the nodes v € 7 and hyperedges e € & within the
hypergraph ¢ are represented by an incidence matrix H € R”*1¢1 where each element
h; ;=1if node v; is connected by hyperedge e, and A; ; = 0 otherwise.

Specifically, we first tokenize the textual contents of cells, rows, columns, and captions
using the BERT [31] tokenizer. For example, the augmented table caption is transformed
into O number of tokens represented by (t;1,t52,...,t50) = Tokprr7(0). The tokens are
subsequently passed to an embedding layer, represented as Emb(-), which has an output
hidden dimension of d for semantics learning. Layer normalization and dropout layers

are implemented in the embedding process to ensure robust generalization capabilities.
(5.2) h,s =Dropout(LN(Emb(t;1,t52,...,£50)))

where h s € R? is the hidden embedding of table hyperedge, LN(-) represents the layer
normalization, and Dropout(-) refers to a dropout layer with a dropout rate 0.1. By
representing the semantics of each cell content v € 7 as node embedding h, with Equation
(5.2), representing the row and column descriptions 7,, and ¢, as row/column hyperedges
h, % and h, %, and the table hyperedge h,s, we construct the semantic hypergraph %.
Additionally, we also calculate the semantic embedding for the essential inquiry (as
highlighted in teal-blue in the task description prompt in Figure 6.3), denoted as h,, for

further learning.
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Figure 5.3: The detailed architecture of PHL.

5.3.2.2 Prompt-attentive Hypergraph Learning (PHL)

Provided with the hypergraph ¢, we design a prompt-attentive hypergraph neural
network to further learn structured knowledge from 4. In traditional hypergraph learn-
ing [7, 32, 34, 162], hyperedge embeddings typically do not directly participate in the
propagation process; instead, hyperedges primarily serve to connect related nodes, with
the focus on node embeddings. In , we aim to integrate the semantic embeddings of both
nodes and hyperedges during propagation. Since the table cells contain diverse content,
while the augmented hyperedge descriptions (0, 7, and ¢) are generated by the same
LLM and maintain a consistent linguistic style, we apply node-to-edge and edge-to-node
propagation using attention scores denoted by a and  with distinct designs. Specifically,
inspired by [26], each PHL layer comprises two-step graph attention: first conducts
semantic-aware propagation from nodes to their connected hyperedges, then attentively
integrate the embedding of the inquiry in the prompt and propagates from edges to nodes.

Semantic-aware propagating. Nodes are embedded from the original table cells
content with Equation (5.2), denoted as h,. We first propagate the original semantics
embedded in h, to each connected hyperedge e with the K-head hypergraph attention
mechanism. The attention score af,k )in node-to-edge propagation for node v at the k%"

head is calculated as follows.
(5.3) a® = L-ReLU(Y_ Q¥ - KP)

where L-ReLU(-) denotes the LeakyReLU activation function, the query representation
Q¥ = W,.€ R is the k" vector of a learnable weight W € RK*¢_ We use another multi-
layer perceptron to learn the key representation of the target node v, Kf,k '=M LP%”)(hf}) €
R4,

Next, the information is propagated from the nodes to their connected hyperedges,

formally represented as below.
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(5.4) he® = T o)V

veEN,
where Vf,k) =M LPge )(hf)) € R4 denotes a multilayer perceptron used to transform the
node embedding hf) to its value representation, h(l2 and hf) represents the hyperedge e and
its connected node v, respectively, as input to the /** layer. The hf, is initialized by the
(k)
v )

. . . (ay,
semantics embedding of v, hg =h, € R, The softmax function a(af)]j)) _ P,

®

computes the normalized attention score for each node v; € A,.The aggregg’uceiegilegl(,‘:;é

for the embedding of each node hf, can be performed using any aggregation function,
such as summation.

As shown in Figure 5.3, to increase the representation and generation capability

to be compatible with the LLM, the aggregated embedding of hyperedges h, are pro-

cessed using residual connections, normalization, and feed forward layers, following the

architecture of transformer [136].
(5:5) h{ = LN(FF(LNGh™ + W) +3h™)

where khé’(k) € RE*4 yrepresents the concatenation of the outputs of K heads of the multi-
head attention mechanism described in Equation (5.3)(6.9). The ﬁé’(k) € R*? denotes
the hyperedge embedding incorporating information propagated from nodes, and is
then concatenated to the original semantics embedding of hyperedge e, hffl = ﬁé +h,,
hle +1 ¢ IRIXQd.

Prompt-attentive integrating. The original semantics embedding of hyperedge h, are
embedded from the LLM-augmented descriptions obtained with Equations (5.1)(5.2).
To integrate the task requirements described in prompts into hypergraph learning, we
adopt the embedding of the essential inquiry h,, in the prompt to calculate the attention
score ,Bfek) for edge-to-node propagation, similar to the process in Equation (5.3) (5.2).
The essential inquiry can be replaced by any textual information that is of particular

relevance or concern to downstream tasks in the prompts.

(5.6) BP = L-ReLUY MLPg)(hw -MLP®(nl1y)
67 WA= ¥ o MLPPHY)
eeN,

where e € 4, denotes that the set of all the hyperedge e which connects the target node
v, M LPg*”)(hw) € R represents the £** vector of the query representation M LPg(h,)€
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RE*4 computed by a multilayer perceptron based on h,. This operation utilizes task

requirements to attentively propagate information from hyperedges to nodes. This
operation intuitively aligns with the human reasoning process, where relevant rows or
columns are identified first, followed by a detailed examination of individual cells when
handling tasks that require structured knowledge.

Similarly, the node embedding hf} learned from multi-head attentions are further
processed with the residual connections, normalization, and feed-forward layers, formally

as below.

(5.8) hi*! = LN(FF(LNGhy® + MLP (h,)) +3 by ™)

where khfj(k) denotes the concatenation of the outputs of K-head attention mechanism
described in Equation (5.6)(5.7).

Through the adoptions of semantic-aware propagation and inquiry-attentive inte-
gration in each PHL layer, the hypergraph neural network attains a comprehensive
understanding of the hierarchical semantics embedded within structured data. This
approach ensures semantic consistency, comprehensively captures hierarchical depen-
dencies, and preserves the order invariance property of structural relationships within

the knowledge structure.

5.3.3 Structured Knowledge Integration

After completing the hypergraph learning process, the knowledge linked to each cell,
along with the columns, rows, and caption, is embedded in the representations of the

nodes and hyperedges, which are further integrated into the generation process of LLMs.

5.3.3.1 Encoding Structured Knowledge

By connecting each cell node to the table hyperedge formed from the caption, as detailed
in Section 5.3.2.1, the hidden embedding h,, effectively captures the task-relevant
structured knowledge of the entire table 9 . Therefore, h]g - 1s mapped to the token space

of LLM using a projector 7.
(5.9) es =m(hl )

Here, the projected table embedding is denoted as es € Rd', where d’' denotes the

dimension of the input tokens for the LLM. In , the projector 7 is implemented using two
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linear layers, with a ReLU activation function in between. The table embedding e is
then integrated into the token embeddings e, . = T'okr .y (P2(x)) of the task description
prompt x at the designated placeholder position labeled “Table Hyperedge” in natural
language, as highlighted by the bold text in the upper left corner of Figure 6.3.

(5.10) e, = (ex,:ph—start)(ef/_)(ex,ph—end:)

where e, ., _s:ars denotes all the prompt tokens preceding the placeholder, e, ,;—cng:
denotes all the prompt tokens following the placeholder. Additionally, €, represents the

tokens that integrate structured knowledge for further inference in the LLMs.

5.3.3.2 Training

Given the task description, markdown table, and the inquiry w in prompt x, structured
table 9, our jointly train the prompt-attentive hypergraph learning network with the
LoRA [49]. The supervised fine-tuning process can be expressed in terms of the log
likelihood loss. Given the input task description prompt x and target output y from the

training set 9, there is,

T
(5.11) Eey, e | O logpo(yelyi:e-1,%,T)
t=1

Here, the conditional probability distribution of the target generation output sentence
y given prompt x is represented as pg(y|x) = Hthlxg(ytlyq,x,Ff), where 6 denotes the

model parameters and T is the length of the generated sequence.

5.4 Experiments

To validate the effectiveness of , we have conduct extensive experiments to answer the

following research questions.

* RQ1: How does the proposed perform compared to state-of-the-art (SoTA) methods

when using various LLMs as backbones across different downstream tasks?
¢ RQ2: Is scalable to tables of different sizes?

* RQ3: How does the proposed retain the Order Invariance of structural relation-

ships?
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* RQ4: How does retain the Semantic Consistency and Hierarchical Dependencies of

structural relationships?

* RQ5: How do the different components of contribute to to improving the perfor-

mance of LLMs in learning from structured knowledge?

5.4.1 Experimental Setups
5.4.1.1 Tasks

We validate our proposed on two levels of downstream tasks that require fact-checking,

and reasoning based on structured knowledge stored in tables.

¢ Table Fact Verification (TFV). This task aims at assessing the effectiveness of
in fact-checking over structured knowledge. Specifically, we conduct experiments
on the TabFact [151] benchmark, which contains 16k Wikipedia tables used as
evidence for 118k human-annotated claims to explore fact verification with semi-
structured knowledge. The ground truth answer for TFV tasks is either “yes”
or “no”, signifying whether the given claim is supported or contradicted by the

structured knowledge stored in the corresponding table, respectively.

¢ Table Question Answering (TQA). To validate is able to facilitate LLMs to rea-
son over structured knowledge and provide better answers to user input questions,
we test on the WiKiTableQuestions [101] dataset, which includes 14,152 examples
of open question-answer pairs for training and 4,344 examples for testing. The
expected responses for TQA tasks are open-ended answers, which can be in the

form of sentences or phrases.

Table 5.1: The statistics of training data.

Tasks Answer Type | #Graphs Avg. #Nodes Avg. #Edges Inquiry Avg. len

TFV yes/no 1849 78.65 20.39 67.37
TQA open answer 10141 125.11 28.94 65.05

In particular, we follow the preprocessing steps in [173] to prepare the training
data, and the statistics for our final training data are listed in the table 5.1. For testing,
we retain the original test sets of the two datasets, TabFact [151] and WikiTableQues-

tions [101], to ensure fair comparison with the selected baselines.
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5.4.1.2 Baselines

We compare our proposed against 12 baseline methods, categorized by their different
ways of handling tables: operation-based methods [108, 148, 170] that use external
operations like SQL queries and serialization-based methods [1, 127, 178] that trans-
form information in structures into sequences then prompt into the LLMs. In terms
parameter sizes, our comparison covers a range of model sizes range from 2 billion to
70 billion parameters. For a fair comparison, we evaluate the operation-based base-
line methods [108, 148, 170] using the same backbone LLMs (LLaMA3-8B-Instruct,
LLaMA3.2-3B-Instruct, Gemma-2-9B-It, and Gemma-2-2B-It) as those used for
our . To reduce the impact of varying instruction-following abilities among different
LLMs, we adopt the instruction-tuned verions of all the selected backbone LLMs in our

experiments.

Table 5.2: Comparison of the performance of our and 13 baseline methods based on
varying parameter sizes, where the TFV and TQA tasks are evaluated with respect to Acc.
and Denot. Acc., respectively. The first group of methods prompts LLMs with serialized
tables, while the methods in each of the last four groups use the same backbone LLMs.
The best and second-best results are marked with bold and underline, respectively.

TFV TQA
Methods Backbones
Acc. Prec. F1 Denot. Ace. ROUGE-1 ROUGE-2 ROUGE-L

Gemma-2-2B-It [1] - 59.80 60.55 58.54 31.88 39.68 17.81 39.60
LLaMAS3.2-3B-Instruct [127] - 54.90 56.66 54.89 24.77 35.11 16.62 35.07
TableLlama [178] LLaMA2-7B 70.04 71.27 69.39 24.63 28.07 13.95 27.98
LLaMA3-8B-Instruct [127] - 66.29 66.29 66.28 37.85 47.58 21.42 47.49
Gemma-2-9B-It [1] - 75.00 75.20 74.99 46.85 55.73 24.99 55.73
Gemma-2-27B-It [1] - 76.50 76.29 75.94 53.96 61.39 27.88 61.31
LLaMA-3.1-70B-Instruct [127] - 79.16 79.67 79.12 55.71 64.71 29.14 64.70
GPT-40-mini [98] - 71.09 75.58 170.05 21.22 36.42 19.73 36.43
GPT-3.5-Turbo [97] - 62.03 70.86 58.27 19.96 33.69 18.67 33.63
Text-to-SQL [108] LLaMA3.2-3B-Instruct 57.80 58.33 56.33 28.84 35.22 12.89 34.79
Dater [170] LLaMAS3.2-3B-Instruct  60.03 58.39 59.10 33.93 39.18 13.58 39.05
CHAIN-OF-TABLE [148] LLaMA3.2-3B-Instruct 61.09 60.49 60.49 17.14 26.81 12.97 26.67
LoRA [49] LLaMA3.2-3B-Instruct  55.21 57.84 57.34 36.33 42.51 19.71 42,51
(Ours) LLaMA3.2-3B-Instruct 61.95 61.95 61.93 48.50 54.50 25.80 54.47
Text-to-SQL [108] LLaMA3-8B-Instruct 69.72 67.20 69.63 39.24 48.28 20.07 47.79
Dater [170] LLaMAS3-8B-Instruct 73.37 7242 73.59 48.30 51.74 18.37 51.54
CHAIN-OF-TABLE [148] LLaMAS3-8B-Instruct 78.06 78.08 78.06 36.97 46.09 19.39 46.1
LoRA [49] LLaMA3-8B-Instruct 66.32 67.16 63.48 49.65 56.78 25.76 56.76
(Ours) LLaMA3-8B-Instruct 79.14 80.59 78.95 55.39 61.45 27.61 61.37
Text-to-SQL [108] Gemma-2-2B-It 51.28 51.15 52.81 34.62 45.89 18.39 44.71
Dater [170] Gemma-2-2B-It 55.68 54.82 57.55 40.95 55.30 19.13 55.11
CHAIN-OF-TABLE [148] Gemma-2-2B-It 57.66 61.49 57.56 38.23 45.94 18.52 45.81
LoRA [49] Gemma-2-2B-It 59.24 59.81 58.02 25.15 33.04 15.59 32.97
(Ours) Gemma-2-2B-It 60.64 61.78 60.64 41.80 47.70 22.01 47.70
Text-to-SQL [108] Gemma-2-9B-It 70.18 71.21 72.03 50.88 54.46 19.71 51.53
Dater [170] Gemma-2-9B-It 72.88 71.60 73.31 57.94 61.95 22.91 61.64
CHAIN-OF-TABLE [148] Gemma-2-9B-It 61.55 179.59 71.77 50.83 61.92 28.16 61.74
LoRA [49] Gemma-2-9B-It 75.56 75.69 75.56 31.72 53.42 24.30 53.39
(Ours) Gemma-2-9B-It 79.14 79.20 79.13 58.54 62.60 28.07 62.56

¢ GPT-3.5-Turbo [97] is an advanced language model from the GPT-3 family by
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OpenAl, distinguished by its exceptional balance between cost-efficiency and per-

formance, offering faster inference and lower deployment costs.

GPT-40-mini [98] is a lightweight variant of GPT-4 by OpenAl, offering strong
performance with lower computational demands, ideal for resource-constrained

applications.

LLaMAS3.1-70B-Instruct [127] is a super large model with 70 billion parameters,

offering improved performance on more complicated and long-context reasoning.

LLaMAS3-8B-Instruct [127] is an instruction-tuned model of the LLaMAS3 series
with 8 billion parameters, optimized for better instruction understanding and

generation.

LLaMAS3.2-3B-Instruct [127] is a relatively small model in the LLaMA3.2 series,
fine-tuned with 3 billion parameters, and specifically designed for those tasks

requiring rapid responses under limited computational resources.

Gemma-2-It [1]is fine-tuned on Gemma-2 with user interactions, focusing on task-
specific adaptability while ensuring efficiency through knowledge distillation from

the very large model. In this paper, we use the 2B, 9B, 27B variants of Gemma-2-It.

TableLlama [178] adopts LongLoRA to finetune on a dataset that includes a
diverse range of serialized tables and the corresponding natural language task

instructions.

Text-to-SQL [108] designs in-context samples to instruct LLMs in generating SQL

queries for answering questions.

Dater [170] leverages LLMs to decompose the task into multiple sub-tasks, utiliz-
ing SQL queries to address each sub-task.

CHAIN-OF-TABLE [148] prompts LLMs through in-context learning to itera-
tively produce operations and update the table, thereby constructing a reasoning

chain in a structured format.

LoRA [49] is a widely used technique for efficiently fine-tuning LLMs by updating

a small number of low-rank weights.
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5.4.1.3 Evaluation Protocol

We evaluate the generation of LLMs enhanced by our proposed framework with respect
to the different tasks. For the TFV task, where the answers are either “yes” or “no”,
we employ accuracy, precision, recall, and F1 score as the evaluation metrics. To
mitigate the impact of option bias [104, 184] in LLMs, we use a weighted version of all
these metrics. For the TQA task, where responses may take the form of sentences or

phrases, we adopt the following natural language evaluating metrics.

* Denotation Accuracy (Denot. Acc.) [102], following [58, 148], measures how
closely a response matches the ground truth answer, regardless of the order of

phrases in the answers.

* ROUGE-N measures the similarity between the LLM-generated responses and
the ground truth answers by comparing overlapping n-grams, used to evaluate text
summaries or translations by quantifying shared word sequences. In this paper,
we report both ROUGE-1 and ROUGE-2 scores.

* ROUGE-L evaluates the similarity between the LLM-generated responses and
the ground truth answers by identifying the longest common subsequence (LCS)

and is used to assess the fluency and coherence of the generated text.

54.14 Implementations Details

For , we explore the learning rates for the LoRA module within the range of {5e-5, le-
5, 5e-6}, while applying scaling factors for the learning rate in the PHL module (the
novel hypergraph neural networks) and the projector from {1, 10, 20}. We search batch
sizes from {8, 16, 32}, and conduct experiments over 1 to 4 epochs, utilizing an early
stopping strategy. Specifically, for the LoRA module, we fine-tune the Query, Key, and
Value projectors with a rank of 8, a LoRA alpha of 32, and a dropout rate of 0.1. For the
selected baseline models, we adopt the optimal configurations from the HuggingFace!
and accelerate inference with vllm 0.5.42. All experiments in this paper are conducted
on two NVIDIA A800-SXM4-80GB GPUs. For further details, please refer to our publicly

released code linked in the Abstract Section.

https://huggingface.co/models
2https:/github.com/vllm-project/vllm
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5.4.2 Task Performance (RQ1)

Table 5.2 presents a comparison of the performance of our with 13 baseline methods,
encompassing both serialization-based methods [1, 49, 97, 98, 127, 178] and operation-
based methods [108, 148, 170]. We evaluate their capabilities in structured knowledge
using the TFV task on the TabFact dataset [151] and the TQA task on the WiKiTable-
Question dataset [101]. In Table 5.2, the first group consists of serialized-based methods
utilizing various LLMs, while the last four groups compare the performance of our with
both state-of-the-art operation-based and serialized-based methods across four backbone
LLMs. The following observations can be drawn from the performance results in Table
5.2.

¢ Our outperforms both the operation-based and serialization-based meth-
ods based on LLMs. It can be found in Table 5.2 that our consistently achieve com-
peting performances across both the TFV and TQA tasks. In general, operations-
based methods [108, 148, 170] achieves better outperform the methods [1, 49, 97,
98, 127, 178] of merely prompting LLMs with serialized information, even when
the models have been fine-tuned on structural data [178]. This highlights the
importance of maintaining structures when reasoning about questions related
to structured data. Our proposed utilizes hypergraphs to encode structural in-
formation, complementing the powerful natural language capabilities of LLMs.
It demonstrates an average improvements of 1.73% and 2.43% in accuracy on
TFV and TQA, respectively, when compared to the second-best performances in
each group. Upon reviewing the response examples, we found that CHAIN-OF-
TABLE [148] encounters difficulties in TQA due to the loss of the question while

reasoning over extended chains.

* Our narrows the performance gap between large and small LLMs, re-
quiring only a modest number of additional parameters. Table 5.2 shows
that instruction-tuned LLMs [1, 127, 178] with larger parameter sizes achieve
better performance with serialization compared to their smaller counterparts.
For instance, LLaMA-3.1-70B-Instruct achieves an accuracy of 79.16%, whereas
LLaMA-3-8B-Instruct attains only 66.29%. Nevertheless, our intergrated with
LLaMA-3-8B-Instruct, which adds approximately 189M parameters (roughly one-
tenth of the parameter difference between LLaMA-3-8B-Instruct and LLaMA-
3.1-70B-Instruct), achieves performance comparable to the larger model across

both tasks. provides average improved accuracy of 6.22% and 15.72% on the four
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backbone models regarding the two tasks, respectively. Similarly, based on the
Gemma-2-9B-It surpasses its 27B variant by 2.64% and 2.58% in the TFV and
TQA tasks with respect to accuracy, respectively. This superiority is generalizable
from the TQA task to the TFV task, and is attributed to ’s ability in encoding
enriched structured knowledge, enabling LLMs to produce more accurate answers.
Additionally, the results in Table 5.2 further demonstrate that our enhances LLMs

across parameters sizes ranging from 2B to 9B.

¢ QOur delivers improvements in performance and training efficiency com-
pared to other SFT methods. As Supervised Fine-Tuning (SFT) is required in
our , we compare it to the other two SFT baseline methods: LoRA [49] and TableL-
lama [178]. First, demonstrates significant improvements, achieving an average
enhancement of 6.13% in accuracy and 15.22% in denotation accuracy [102] over
LoRA for the TFV and TQA tasks, respectively. While LoRA is widely recognized
as an efficient tool for instruction tuning, it proves less effective when applied
to smaller-scale LLMs, such as Gemma-2-2B-It, particularly for reasoning over
serialized structured data. This limitation highlights the challenges of adapting
LoRA to tasks requiring nuanced structural understanding. Furthermore, when
compared to TableLlama [178], which is fine-tuned on a benchmark involving
serialized structured knowledge, provides a more efficient solution by fine-tuning
on 189M additional parameters with very limited training data (see Table 5.1).
These observations reinforce our earlier assertion that serialization-based methods
can undermine the preservation of structures, further highlighting the necessity of

in enhancing LLMs to fully utilize such knowledge for improved reasoning.

5.4.3 Order Invariance (RQ2)

In contrast to natural language, where changes in word order can modify the meaning
of a sentence, rearranging rows or columns in a table does not affect its meaning. In
, this invariance is handled with hyperedges, which represent rows and columns, are
inherently unordered within the structure of hypergraphs. To assess how our proposed
framework helps the LLM maintain the Order Invariance of structural relationships, we
shuffle the rows in the test data to evaluate ’s robustness to order variations.
Specifically, we randomly sampled a subset of tables from the TFV testing set and
performed shuffling of the rows and columns respectively within each sampled table to

introduce variability and evaluate the performance of our proposed . Figure 5.4 displays
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Figure 5.4: Performances of under different variances of order simulated by shuffling.

the performances of which uses LLaMA3-8B-Instruct as the backbone model, across
different shuffle ratios. The x-axis represents the sampling ratio, while the y-axis indi-
cates performance scores with respect to accuracy, precision, and F1 score. As decipted
in Figure 5.4, framework demonstrates stable performance despite variations in row
and column order. The accuracy variance of 0.0109 for row shuffling and 0.00043 for
columns shuffling, respectively. This stability underscores the robustness of in maintain-
ing structural representation integrity from the perspective of order invariance, thereby

validating our previously stated rationale for employing hypergraphs.

5.4.4 Semantic Consistency and Hierarchical Dependencies

(RQ3)

Beyond quantitative metrics, we also conduct qualitative evaluations to investigate
whether retains semantic consistency and hierarchical dependencies of structural rela-
tionships during reasoning. In Figure 6.6, we randomly selected two cases and visualized
the attention weights between each cell node and the hyperedges associated with the
claim’s content. This visualization provides insights into how prioritizes and propagates
information between table elements and their relevance to the given queries/claims,
specifically demonstrating its ability to maintain semantic consistency and hierarchical
dependencies.

The semantic consistency in structural realtionships suggests that cells in the same
column are similar in semantics. In Case 1, the claim pretains to the class of a team

named “evansville triplets”. first augmented each row with easy-to-understand natural
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Table 5.3: The ablation study results of using LLaMAS3-8B-Instruct as the base model on
the TFV task. Red signifies degradation in percentage.

TFV
Methods
%Acc. %F1 %Prec. %Recall
(Ours) 77.20 0.00 77.46 0.00 79.98 0.00 77.20 0.00
w/o PHL 7096 |6.24 170.86 |6.60 7135 |8.63 17096 |6.24

w/o PHL, w/ HGNN  72.70 |4.50 72.54 |4.92 73.03 |6.95 72.70 |4.50
w/o Inquiry Emb. 72.63 |4.57 7339 |4.07 17422 |5.76 7422 |2.98

language descriptions based on the row context, as shown in the bottom right of Figure
6.6. This augmentation enables to better interpret cells with specific missing values
(“none” in the “Class” columns), leading to similar weights for these cells and their
counterparts within the same column. In Case 2, the claim queries about the highest
crowd participation, which requires examining the “Crowd” column to identify the largest
number. Though the crowd numbers for these teams vary, the weights assigned to the
column hyperedges are similar thanks to the augmented column descriptions (omitted
here) and the Semantics Hypergraph Construction (SHC) in . This is more evident in the
weight matrix associated with the table hyperedge shown in the right bottom of 6.6 (b).
Even though the venue names are quite different, the cells in the "Venue" column share
similar weights.

The Hierarchical Dependencies refers to the hierarchy across cells, columns, rows,
and the whole table. As depicted in Figure 6.6, the attention of is primarily focused on
the cells and the rows/columns related to the claim. This focus extends from cell nodes to
row/colum hyperedges, and then the table hyperedges, gradually diminishing in intensity.
For example, in Figure 6.6 (b), the weights assigned to the queried cell “Junction oval”,
the evidence cell “33100”, and the relevant column “Crowd” exceed the average weights
of 0.27 and 0.16 in the weight matrices corresponding to the column hyperedges and the
table hyperedge, respectively. This demonstrates how the attention mechanism spans

the hierarchical structure, emphasizing specific elements within the table.

5.4.5 Ablation Study (RQ4)

We are also curious about the contribution of each component in contributes to the
enhancements of . As shown in Table 5.3, we successively removed the proposed prompt-
attentive hypergraph learning (PHL) module, substituted the PHL module with HGNN [34],
and removed the LLM-based argumentation. Note that this ablation study is conducted
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under hyperparameters setting different from those used for the results in Table 5.2.

It can be observed from the experimental results in Table 5.3 that the original
framework of our proposed delivers the best performance on verifying the factual knowl-
edge stored in structured data. Firstly, removing the PHL module and directing the
semantic embeddings directly to the projector results in a 6.24% reduction in accuracy.
Furthermore, to examine the role of hypergraph neural networks in enhancing LLMs’
comprehension of structured knowledge, we replace our proposed PHL module with the
classical HGNN [34], leading to a 4.50% decrease in performance compared to , as shown
in the third row of Table 5.3. This performance degradation highlights the effectiveness of
hypergraphs in representing structured knowledge. Specifically, We attribute this decline
to the inability of HGNN to adequately leverage the information encoded in hyperedges
for node updates during propagation. Additionally, we explore the impact of incorporating
the inquiry embedding in the PHL module. As demonstrated in the last row of Table 5.3,
removing the inquiry embedding causes a substantial 5.76% drop in precision and a more
moderate 2.98% decline in recall. This suggests that incorporating inquiry embeddings
helps LLMs mitigate the bias toward over-generating positive responses, fostering more
cautious reasoning by integrating the essential inquiry within prompts when processing

structured data.

5.4.6 Scalability (RQ5)

Scalability is a critical concern, as large tables pose significant challenges for LLMs,
which often struggle to interpret and integrate context from lengthy prompts [82, 171].
To evaluate the performances of on tables of varying sizes, we divided the testing tables
in [151] into three classes: small (#rows < 5 and #columns=< 5), medium (6<#rows=<10
and 6<#columns< 10), and large (#rows= 10 and #columns> 10). We compare the
performance of LLaMA3-8B-Instruct [127], Dater [170], and , with LLaMAS3-8B-Instruct
serving as the backbone model for all.

As illustrated in Figure 5.6, with the table sizes increases there are generally declines
in all of the models. demonstrates relatively stable performance in precision with a vari-
ance of 8.84, surpasses LLaMA3-8B-Instruct of 10.87. For small tables, surpasses Dater
in precision and recall by 6.39% and 7.42%, respectively. However, Dater demonstrates
superior recall performance compared to for medium and large tables. Upon careful
examination and analysis of the true positive cases, we found that this is primarily due
to the LLMs in Dater being inclined to generate positive answers. This is also benefits

from its effective approach of decomposing queries and tables into sub- questions and
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sub-tables. The declines of in larger tables are primarily observed in recall. We attribute
this to the limited number of hypergraph learning layers and aim to address this issue

in the future through more sophisticated graph techniques.

5.5 Limitations

The primary limitation of the proposed HyperG framework lies in its scalability. To
further investigate this aspect, we conduct experiments on HyperG using tables of
varying lengths in Sec. 5.4.6. The results show that, compared with Dater, a more
flexible framework designed to enhance the reasoning ability of LLMs on tabular data,
HyperG demonstrates slightly lower scalability despite achieving consistently superior
performance in accuracy and reasoning quality. This limitation, however, is not unique
to our approach but rather a common challenge among graph neural network—based
methods due to their inherent computational and memory complexity. Future work could
explore more efficient graph construction strategies, parameter-sharing mechanisms, or
hybrid architectures to improve scalability while preserving HyperG’s strong reasoning

capability.
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Overview of Evansville baseball teams at Bosse Field

Team Sport League
evansville braves baseball three-I league
evansville white sox baseball southern league
evansville triplets baseball american association
evansville otters baseball frontier league

Played Class Championships
1946-1957 b three - i league title 1946, 1948 , 1956 , 1957
1966-1968 none none
1970-1984 aaa american association title 1972, 1975, 1979
1995-present indp frontier league title 2006

[Claim] The evansville triplet baseball team be in the aaa class.

Championships

The row corresponds to the
Evansville White Sox, a baseball team that played
in the Southern League from 1966 to 1968 and had
a missing class, with no championships won.

0.21

0.23 The row corresponds to the

036 Evansville Triplets, a baseball team that played in
the American Association from 1970 to 1984 and

0.26 won three championships in 1972, 1975, and 1979.

(a) Case 1. Information about the baseball teams at Bosse Field.

1961 VFL season

Team Sport League Played Class
0.21 0.20 0.21 0.20 0.20
0.24 0.19 0.20 0.20 0.29
0.36 0.32 0.34 0.31 0.35
0.26 0.22 0.25 0.24 0.29

cell nodes — row hyperedges
Home Team Away Team
Hawthorn North Melbourne
Essendon Geelong
Collingwood Footscary
Carlton South Melbourne
Sk kilda Melbourne
Richmond Fitzroy

Venue Crowd Date
Glenferrie oval 14000 5 August 1961
Windy hill 27500 5 August 1961
Victoria part 16889 5 August 1961
Prince park 16889 5 August 1961
Junction oval 33100 5 August 1961
Punt road oval 15547 5 August 1961

[Claim] during the 1961 VFL season , junction oval venue record the highest crowd participation

Home Away Venue Crowd
0.12 0.13 0.14 0.33
0.14 0.16 0.16 0.50
0.14 0.17 0.26 0.51
0.14 0.16 0.25 0.50
0.19 0.29 0.33 0.55
0.13 0.15 0.20 0.24

Date
0.30
0.41
0.49
0.45
0.49

0.24

cell nodes — column hyperedges

Home Away Venue Crowd Date
0.14 0.14 0.13 0.15 0.15
0.16 0.15 0.15 0.19 0.16
0.16 0.16 0.15 0.16 0.16
0.16 0.17 0.19 0.18 0.24
0.22 0.20 0.22 0.24 0.25
0.15 0.15 0.15 0.16 0.17

cell nodes — the table hyperedge

(b) Case 2. The results of the 1961 Victorian Football League (VFL).

Figure 5.5: Visualization of the weights between cell nodes and different hyperedges in

two random cases.
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Figure 5.6: Performances of on tables of different sizes, w.r.t. precision (left) and recall
(right)
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CHAPTER

DYNAMIC EVOLUTION ADAPTION

Beyond the challenge of heterogeneous dependencies in static scenarios, representations
in deep models should also be capable of capturing dynamic evolutions over time and
context. A typical scenario sensitive to such temporal and contextual changes is news
recommendation. The following sections elaborate on our solution, which leverages

representations from various deep models.

6.1 Challenges in News Recommendations

In an era of information overload, news recommender systems (NRSs) play a vital
role in delivering personalized content, enabling users to discover timely and relevant
news amid the overwhelming volume of information. To deliver timely and personalized
recommendations, NRSs are required to accurately model time-variant factors that
capture evolving trends and user interests, while also accounting for time-invariant
factors, such as the semantics of exposed news. This dual focus ensures that users receive
updates on trending topics that align with their preferences, thereby enhancing the
effectiveness of recommendations.

Time is indispensable in news recommendation, as it is crucial for ensuring that
users receive the most current and relevant information. Multiple temporal factors,
whether observed or not, can influence users’ satisfaction with recommended items [109].
Attempting to account for all of these factors is impractical and would add considerable

complexity [70]. Given the constraints on data availability, such as the lack of contextual
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user information due to privacy concerns, the recency and popularity of news items are
widely used as two key time-variant factors in recommendations [106, 141]. As illustrated
in 6.1 (a), news users are influenced by the recency and/or popularity of news items. The
bold black arrow on the far left of the timeline indicates the release time of news items
A and B. As time progresses from left to right, the recency of news A and B diminishes.
The popularity of items diminishes as the color transitions from darker to lighter shades.
In the example shown in Figure 6.1, the first user prefers fresh news, while the other
prioritizes the popularity of news. Existing NRSs can be categorized by the time-variant
factors they consider: recency [29, 119], popularity [6, 106], and both [35, 50, 131]. The
first category of models addresses time-decaying correlations between exposed news and
their recency from the user’s perspective by distinguishing between short-term and long-
term user preferences, leveraging fixed or adaptive time windows to prioritize recently
interacted news while down-weighting outdated content [119]. Popularity-based models
identify correlations between global popularity and exposed news by analyzing topic
prevalence and prioritizing news within trending topics [6]. Methods that account for
both recency and popularity consider the correlations of exposed news by incorporating
these two factors [50, 167]. For example, in the user-item interaction graph in [50],
recency of an item node can be encoded by node features, while the degree of the item

node shows its popularity.

While these methods effectively approach time, they primarily rely on correlations
and are, therefore, skewed by redundant associations. A more recent study [25] examines
the causal impact of time on exposed news but simplifies time by treating it as a static
variable. This approach does not capture the complex dependencies between multiple
time-variant factors and overlooks how their causal influences on the user satisfactions
evolve over time. The causal influences of time-variant factors on user satisfactions
are time-variant. As shown in Figure 6.1 (b), we consider the example of a user driven
by popularity. If there is no recommendation at time ¢, the user would prefer news A
(denoted by blue strip in Figure 6.1) about NVIDIA stocks at time ¢9, possibly because
he is a stakeholder of NVIDIA. However, if news B (denoted by orange strip) about the
United States chip export controls is presented to the user at time ¢1, he might sell his
NVIDIA stock by time 9 and thus lose interest in news A (denoted by blue strip), even if it
is popular then. Conversely, if news C (denoted by green strip) about United States policy
is shown to and clicked by the user earlier, sparking their interest in policy, they would
prefer news B (denoted by orange strip) about chip export controls at time t2 despite

its lack of popularity. A similar situation holds for recency-driven users. Therefore, the
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Release A,B , ,
Timeline y 2 f2 > Timeline L 2 >
& 8 @ 2 . v1=None, v,=A
Recency & @ . v1=B, v,=A
& @ - A Popularity © @ v1=C, v,=B
Popularity @ @ 5
(a) (b)

Figure 6.1: Toy examples of (a) recency- and popularity-driven users, where positions
further to the left indicate higher recency, and darker positions indicate higher popularity;
(b) how the causal influence of exposed items affect future user satisfactions, where v1,
v represents news items exposed at time #1 and ¢, respectively.

causal impact of time-variant factors on user satisfaction evolves over time, necessitating

the modeling of causal relationships in an evolving manner.

Effectively modeling the evolving causal effects of past exposures on future user
satisfaction requires separately capturing time-variant and time-invariant covariates, as
these two types of covariates provide different types of user preference signals while also
introducing potential confounding effects. In this paper, we contend that these two types
of covariates should be modeled independently. Time-variant covariates, consisting of var-
ious time-variant factors, risk overemphasizing recent trends or highly popular content
if integrated into user modeling based on correlations. Separately modeling time-variant
covariates allows for more precise modeling of the causal relationships among these
time-variant factors and their confounding effects on the treated news and outcoming
user satisfactions. Similarly, by isolating time-invariant covariates, recommenders can
more accurately represent inherent user preferences independent of time, mitigating the
impact of fluctuating noise and confounding effects arising from redundant associations.
Therefore, separately modeling covariates in news recommendations from time-variant
and time-invariant perspectives enables a more nuanced handling of confounding effects.

In this work, we approach the news recommendation task from a causal perspective,
carefully addressing both time-variant and time-invariant covariates to accurately model
the evolving causal influences of exposed news items on users’ satisfaction. Previous
sequential recommenders effectively captured information from sequences of histori-
cally interacted items. However, these models primarily rely on correlations between
time-variant factors and interacted items, rather than explicitly learning the causal
relationships between them over time, separate from time-invariant factors. To explic-

itly model the evolving causal relationships of time-variant covariates, we utilize a
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transformer-based causal block to incorporate news popularity and recency. Simultane-
ously, we extract users’ inherent preferences from extensive textual information using
Large Language Models (LLMs), treating these preferences as the positive component of
time-invariant covariates. In general, we design a CAuSal Time-aware Recommender,
named CAST-Rec, aiming to make recommendations based on the estimation of user
satisfaction by modeling the evolving causal influences of news exposures. Although
our primary focus is on news popularity and recency, CAST-Rec is adaptable and can
seamlessly incorporate other time-variant factors that may be more prominent in specific
scenarios.

We conclude our contributions as follows.

¢ To understand the causal influence of recommendations on user satisfaction over

time, we are the first to consider the evolving causal influence of news exposures.

¢ To effectively model complex dependencies among time-variant factors, we design

a transformer-based causal block to address the time-variant covariates.

¢ To carefully capture time-invariant covariates, we utilize the semantic understand-

ing, generalization, and generation capabilities of Large Language Models.

* To validate the effectiveness of our proposed CAST-Rec, we conduct extensive

experiments on two real-world news recommendation datasets.

6.2 Task Formulation

We denote a user u € % and a news item v € ¥, where % and 7 are the set of users and
items, respectively. In this paper, we re-scrutinize the task of news recommendations
from a causal view. For each user u, the exposed item and the corresponding user
satisfaction are treated as treatment and outcomes and denoted as variable V and
variable S, respectively. To represent the evolution of time, we define a set of timeslices
I ={T; € R}, the past time period is denoted as T;.; = {T1,...,T;}, and the prediction time
is denoted as T; 1. In this paper, we use subscripts to denote time. For example, the news
item exposed at time T; is represented as v;, the sequence of news item exposed in the
past is denoted as V1.;. To model the evolving causal influence of V on S, we consider both
time-variant covariates C and time-invariant covariates C. For time-variant covariates
C, c; generally refers to the value of any time-variant covariate at time T;. In this paper,

we incorporate two time-variant factors as time-variant covariates: news popularity P
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and recency R. Popularity and recency during the past time period T;.; are indicated
as Py = {pJlveViy,1<i<t¢ and Ry ={rilv € V14,1 =i < ¢}, where p? denotes the
popularity of the exposed news item v at time T;, r} denotes the corresponding recency.
For time-invariant covariates C, we learn ¢ for the user u from long-term browsing

history and/or demographic information.

6.2.1 News Recommendation from a Causal View.

News recommendation methods predict users’ preferences on candidate news items by
analyzing their browsing history, where time is crucial. To capture the evolving causal
relationship between exposed news items and user satisfaction while accounting for time,
we consider both the causal influences of time-variant covariates and time-invariant

covariates.

6.2.1.1 Covariates and Confounders.

To clearly articulate our causal model, we firstly introduce covariates and confounders,
with a particular focus on their relationships and distinctions.

A covariate is an endogenous variable that is observed in the scope of causal study
and correlated with both the treatment variable and/or the outcome variable. In a causal
study, covariates can serve as confounders, predictors, mediators, or nuisance variables,
but only confounders directly affect the validity of causal inference. Covariates do not
always introduce bias but provide additional information, and can therefore be included
in predictions.

A confounder is a specific type of covariate that simultaneously influences both the
treatment and the outcome variables while not affecting the causal pathway between
them as mediator. In causal inference, a confounder introduces bias into the estimation
of causal effects because it builds spurious associations between the treatment and
outcome variables. Therefore, additional techniques, such as backdoor adjustment or
stratification, are required to carefully address confounders and ensure accurate causal
estimation.

Previous studies have either solely addressed confounding effects [14, 25] or treated
temporal factors as additional information [35, 50, 106, 131]. In this paper, we consider
both the additional information and the confounding effects introduced by time-variant
covariates C and time-invariant covariates C. Taking the recency of browsed news R as

an example time-variant covariate, it can improve the system’s accuracy by capturing nu-
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anced user preferences related to the additional temporal information. However, recency
R also introduce confounding effects by simultaneously influencing item exposures V and
users’ satisfaction S, as users may remain continuously focused on recently occurring
news events.

C : V:exposed news v,

/ \A\ S: user satisfaction s;4¢

S : C: time-variant covariates C, e.g.

: popularity Py, , recency Ry.; .
Treatment\ = /Outcome : C: time-invariant covariates C, e.g.
C : user inherent preference.

Figure 6.2: A structural causal model illustrating the confounding effects of covariates in
news recommendations. Exposed news item v;, 1 at prediction time T}, is treated as the
treatment and user’s satisfaction s;,.1 on the item is treated as the outcome. This causal
model considers both the confounding effects sourced from the time-variant covariates
C for the past time period Ti.;, and the confounding effects sourced from the time-
invariant covariates C. As indicated by the crosses, we address the confounding effects
from the time-variant covariate C and the time-invariant covariate C via mitigating the
information flow of paths C — S and C — V, respectively.

6.2.1.2 Structural Causal Model

To address the confounding effects from both time-variant and time-invariant covariates,
we depict the causal relationships in the scenario of news recommendations with a
structural causal model. In the structural causal model depicted in Figure 6.2, the
exposed news vy, 1 at time T;,1 is considered as the treatment variable, while the
corresponding user satisfaction S as the outcome representing how much the user likes
the exposed news. Figure 6.2 also represents the two types of confounding effects sourced
from time-variant covariates C and time-invariant covariates C, respectively. Directed
arrows in Figure 6.2 depict the information flow from the cause factor to the effect factor,
indicating that the child node is influenced by the ancestor node. Each edge is depicted

as follows.

* V — S shows user satisfaction with the news item recommended by the system.

¢ C — V shows how time-variant covariates, such as the popularity and recency of

correlated news items, influence the next news exposed to the user.
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* C — S indicates the evolving nature of user preferences, showing how time-variant

covariates influence user satisfaction with exposed items.

* C — V indicates user’s time-invariant preferences which can be learned from
the user’s browsing history and/or demographic profile, will implicitly influence

whether the news item will be exposed to the user by the system.

* C — S shows that the user’s time-invariant preferences which can be learned from
browsing history and/or demographic profile affects their satisfaction towards the

exposed news.

From a causal view, we aim at calculating the next recommended news item by predicting
user satisfaction via estimating the causal influence of path V — 8. To this end, we have
to carefully address the two types of confounding effects introduced by time-variant and
time-invariant confounders to effectively leverage the benefits of these covariates while

mitigating the drawbacks.

6.2.2 Confounding Effects on Recommendation

In Figure 6.2, we categorize the confounding effects of these three variables into two
types: time-variant and time-invariant. This section will elaborate on how we account for

and address these two types of confounder and their adverse effects on recommendations.

6.2.2.1 Time-variant confounding effect

In this paper, we consider two time-variant covariates: news popularity P and recency
R. The popularity and recency change over time and can be derived from covariates in
past user interactions. For example, the recency of a news v browsed at time T; can
be calculated as T; —T,, where T, denotes the release time of the news article v or
the first time the news v appears in the system, T, <'T;. The time-variant covariates
C = {P,R} concurrently influence both the exposed news treatment V and the outcome
user satisfaction S. Specifically, at time T; € T1.;, substituting C by P, the path C —V in
Figure 6.2 indicates that when the system selects exposed news v, it considers the news
popularity p? at time T;; the path C — S shows that users’ satisfaction for this news v
can be influenced by its current popularity p?, where generally popular news is more
likely to gain favor. A similar situation holds for the recency variable R.

The confounding effects of time-variant covariates C negatively influence the esti-

mation of the causal relationship between V and S because it provides a backdoor path
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V — C — 8. Treating item popularity P as a time-variant covariates, this confounding
effect is also known as popularity bias in recommender systems. For example, political
news is rarely viewed by the youth, who are more active on the news platform compared
to the middle-aged demographic. However, the middle-aged, who have an interest in
political news, may not be exposed to these news items if the system is largely influenced
by popularity. In this paper, we initially apply time-aware stratification to separate
these time-variant covariates, i.e., news popularity P and recency P, from the interacted
news items, then address the confounding by blocking the backdoor path C — S using
the CAST-Rec framework. The rationale of time-aware stratification will be detailed in
Section 6.3.1, and our proposed CAST-Rec will be introduced in Section 6.3.3.

6.2.2.2 Time-invariant confounding effect.

As for the time-invariant covariate C, we account for the news content extracted from
browsing history or user demographic profiles. Though these time-invariant features
bring benefits to the prediction, they also bring confounding effects by concurrently
influencing both the exposed news treatment V and the outcome user satisfaction S as
shown in Figure 6.2. Specifically, the path C — V illustrates that the system’s exposures
implicitly mirrors time-invariant user inherent preferences; concurrently, these time-
invariant preferences C also explicitly reflected in the satisfactions S, represented by
path F — S.

Similarly, these time-invariant features from either browsing history or demographic
profile C introduce confounding effects through a backdoor path V— C — S. To carefully
leverage the time-invariant covariate, we extract and incorporate the textual information
from extensive browsing sequences into our predictions, while blocking the implicit
influences of the path C — V to circumvent the confounding. In this paper, the proposed
CAST-Rec extracts and models the information flow through the path C — V with LLMs,

as elaborated in Section 6.3.3.

6.2.3 Problem Formulation

Based on the structural causal model depicted in Figure 6.2, we formulate the problem
we focus in our proposed CAST-Rec for news recommendations as below. [News Recom-
mendations] For each user u, we aim to learn a news recommendation model g that is

capable of predicting user satisfaction score s;;,1 based on estimating the causal effects
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of exposed news items v, at prediction time Ty, 1.
(6.1) st+1=8We+11C, Vi, Pry, Riy)
where V1.; includes the historical browsed news items, P;.; represents the corresponding

popularity, R;.; involves the recencies during the past time period T;.;. The extracted

preferences of user u acting as time-invariant covariate are represented as C.

[ ] Given the shuffled sequence
ah [ ...,N023,N179,N165, ... ] of news titles as below, you —
- » ; . w |[—»
User need to summarize this user’s
History Time-invariant preference in ONE sentence. S & &V
Confounder
»  Masked Causal Transformer Block kY
Tr.e = {T1, T2, T3, ..., T¢} 4 Cross-Att. —
Masked T
I N123,N987,N198,...,N204—» _ ¥ | Self-Att. Feed-
N forward
ews
Treatment Masked Masked
P Cross-Att. / Cross-Att.
Tie ={Ty, Ty, ..., e}
Masked ~ Feed- ®
| 5 ) f
R ' [p0N123'p11\I987’p12\1198‘ " pItvzolt]—b - AN Self-Att. ) orward
Popularity Masked Masked -
> Cross-Att.
»  Cross-Att.
Masked // Feed-
N123 ..N987 ..N198 B
@ [r L RRAY i R Y204 ]—> Self-Att. forward
Recency Masked
. Cross-Att.
Time-variant Confounder >
Prediction Time Teyq

p— _ Inner Product Masked
== Self-Att.
News Popularlty Recency

L

Figure 6.3: Overview of our proposed CAST-Rec framework.

6.3 Methodology

We propose CAST-Rec to predict user’s satisfactions on exposed news by estimating the
evolving causal relationship between them, taking into account both time-variant and
time-invariant covariates. Before learning the evolving influences, we first prove the
rationality of independently modeling the exposed news and the time-variant covariates
(news popularity and recency) in Section 6.3.1. Then, as shown in Figure 6.3, CAST-Rec
carefully leverage the information sourced from time-invariant covariates with LLMs
(Section 6.3.2) and time-variant covariates with a series of transformer-based causal

blocks (Section 6.3.3), respectively.
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6.3.1 Causality Preparation: Time-aware Stratification

Before learning, we carefully investigate the rationality of independently modeling the
treatments variable (exposed news) and the time-variant covariates (time-variant factors
such as recency and popularity). Inspired by previous works on causality [8, 103], we
employ a commonly-used stratification method to retrieve the independence between the
treatment news V and time-variant covariates C in Figure 6.2, allowing for separate
modeling of the covariates and the treatment. This section firstly introduces the rationale
of stratification method in causality, then theoretically prove the independence of CV

based on the structural causal model in Figure 6.2.

6.3.1.1 Stratification in Causality.

The idea of stratification is to divide the data into two or more distinct strata (subgroups)
such that the confounder C and V are independent of each other in each subgroup. A
key challenge of applying stratification is how to divide users to ensure that within
each subgroup, the independence CV always exists. To resolve this, we divide subgroups
by numerous time slices, the time intervals of which tend to be infinitesimal. Within
each subgroup with time slices T;, the time-variant covariates can be regarded as static.
Specifically, based on the casual model shown in Figure 6.2, the probability of the
exposure of news item at time T; can be presented as P(V = 1|C = ¢;,C). At time T;,
the user either be exposed with news item or not; only the satisfaction S of the users
who are exposed to the news is taken into account. However, for the recommendations
in a past time slices T; € T1., the partition of users who are exposed with the news
item is determined, yielding the independence of CV. The following subsections proves
the effectiveness of this time-aware stratification. For simplicity, we omit v and the

time-invariant variable C for the probability P(V = 1|c;,C).

6.3.1.2 Proof of independence

We aim to prove the independence within each subgroup that T; € T;.; in order to
separately model the time-variant covariate variables (i.e., popularity and recency of
items). With any subgroup T; and the corresponding time-variant covariate C = ¢;, each
user u has either been exposed to the news v (divided into partition u € %) or not being
exposed to the news v (divided into partition u € %3). For simplicity, we omitted the

notation v of news. Formally, the two partitions of users can be presented as,
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WU1={ueU|P(V=1lc;, u)=1=P(V=1|u)} and
(6.2) s ={u €U P(V=0|c;, uy=1=P(V=1|u)},
%1U02/2=02/.

where P(V = 1|c;,u) represents the probability of news item V has been exposed to user
u given the time-variant covariate C = c;. Intuitively, the user variable U is independent
of all the variables in Figure 6.2. Given the causal graph in Figure 6.2, within the
subgroup of T;, the probability of V=1 can be represented as below.

P(V=1|C=c¢;)
(a) Z PV=1C=¢;,U=u)P(U=u|C=c;)
uewuU
(b) Z PV=1U=uw)PU=u|C=c¢;)
uea
+ Z PV=1U=u)PU=ulC=c¢c;)
uEJle
(¢) Z PV=1U=uw)P(U=ul|C=c¢;)
ueiU
(d) Z PV=1U=u)PU=u)=P(V=1)
ued

where Equation (a) uses the law of total probability by conditioning on all possible users
U, Equation (b) and Equation (c) are based on Eq.(6.2), Equation (d) is based on the
independence UC. Therefore, the time-variant covariate C is independent from the news
exposure V. Given CV | U, we are able to separately model the covariate C and exposed
items V. In this paper, we account for both item popularity and recency for time-variant
covariates, C = {P,R}. A detailed illustration of how we leverage these time-variant

covariates will be given in Section 6.3.3.

6.3.2 LLM for Time-invariant Covariates

Considering the confounding effects of backdoor path V — C — S, CAST-Rec utilizes
LLMs to extract the essential information flow of C — S from historical browsing se-
quences, while mitigating the path C — V. This is motivated by the following three key
capabilities of LLMs: 1) The powerful semantics understanding capability of LLMs
empowers them to uncover nuanced user interests by interpreting deeper meanings em-

bedded within content. For instance, when analyzing news articles, LLMs can go beyond
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understanding the explicit semantic meaning to capturing subtle, implicit emotions, such
as the humor or hilarity associated with mentioning a specific comedian’s name. This
ability to detect both surface-level information and hidden emotional cues enables LLMs
to deliver more personalized and contextually aware recommendations. Traditional meth-
ods, such as using language models like BERT, may overlook these nuances and fail to
capture inherent user preferences effectively during user modeling. 2) The generaliza-
tion capability of LLMs is harnessed to abstract away minor variations, generating a
meaningful time-invariant representation based on users’ historical interactions. For
example, while the content of a news article remains static, underlying elements like
writing style may subtly evolve over time. These changes, though time-varying, are too
subtle to justify modeling explicitly as time-variant variables. In contrast, traditional
approaches like content-aware attention may inadvertently incorporate these subtle
time-varying features, leading to potential noise and reduced clarity in the resulting
representations. 3) The generative capability of LLMs enhances transparency by
producing human-readable summaries of previously browsed news. By distilling complex
data or lengthy content into concise summaries, LLMs provide users with a clearer
understanding of the underlying information, making it more accessible and actionable.
Specifically, these summaries allow users to directly observe how the system models
their inherent interests in news articles, independent of temporal factors such as writing
style or popularity. In contrast, traditional methods including attention mechanisms
often lack the ability to explicitly express how user interests are represented, making

their decision-making process less interpretable and transparent.

The employment of LLMs here contributes in a two-fold manner: 1) mitigating the
path C — V: The time-varying nature of the historical browsing sequence V7i.; arises
from its ordering based on interaction time. Therefore, directly encoding this sequence
as a time-invariant covariate C using language models is inaccurate. However, when
browsing news items are shuffled, the advanced generative capabilities of LLMs allow
them to identify and isolate inherent preferences that remain consistent over time. 2)
enhancing the path C — S: The purpose of encoding historical browsing contents in
news recommendations is to capture inherent user preference from the textual data
[106]. LLMs are capable of understanding complex language patterns and semantics
from vast amounts of textual information, allowing them to provide highly contextualized
and concise summaries. These diverse yet concise summaries generated by the LLMs

helps capture the nuances of user preferences, thereby enhancing the modeling of C — S.

Specifically, to capture user time-invariant inherent preferences from the browsing
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history, there are intuitively two approaches: 1) encoding the news content with language
models first and then concatenating it as a sequence, or 2) concatenating first and
then encoding. This approach aims to incorporate the user’s interactions with various
news items over time, providing a comprehensive view of their interests. The modeling
of sequential information in the first method heavily depends on the performance of
language models and can harm the semantic coherence between two consecutively
browsed news items. Therefore, we adopt the second approach, first concatenating
the textual feature f (e.g., title, abstract, category of news), of each news item v in
chronological order. In CAST-Rec, we adopt the title for its balance between being
informative and concise. The textual information of news features browsed over past
time period Ti.; can be represented as fU1f"2...f!, where v; represents the news item

interacted with at time ¢. Furthermore, given that an extensive browsing history for

Given the shuffled sequence of news titles as below,

you need to summarize this user‘s preference in ONE

. sentence. <Multiple Houses on Fire After Plane Crashes

- in NJ, Trump shooting: The plan and the botched
Engineer | security , A speaking invitation to Donald Trump ... >

Based on the sequence of news titles provided, the user m
appears to have a strong interest in crime and politics, | © © 070
as well as unusual or extreme events. LLM

Figure 6.4: An example prompt in a chat with LLMs.

active users introduces redundant relationships, we aim for user interests to be concise
and consistent over time. The concatenation fU1f2...f' of news contents is formatted
with a prompting template Template(-) as shown in Figure 6.4, which instructs the
LLM to summarize the essence of user interests with one sentence. This process yields a
formatted personalized history Prompt = Template(f'1f 2...f't). By providing a clear
and structured prompt, the LLM can effectively generate concise and relevant summaries
that capture the essential aspects of the user’s interests. The box in the upper left corner
of Figure 6.3 shows an example of a prompt. Then, this personalized history Prompts is
tokenized into the input sequence of tokens X = (x1,x9,%3,...,X,), Wwhere m is the length
of input sequence. The LLM generates an output sequence, we take the last hidden
states of this generation as the representation of time-invariant user interest ¢. For a
model with / number of layer L(-), we can have the time-invariant user representation

as follows.
(6.3) eC=H) =LOGR Y RV, peD), HY =R RD, .. ,hD)
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where Hj 13 represents the hidden states of the LLM, h(il) € I]%dT1 is the embedding of i-th
token at the I-th layer, and ¢ € R%! is the representation of user interest at the last layer,
d1 is the dimensionality of the output from the LLM model.

This time-invariant user interest ¢ can be decoded into an explicit one-sentence
user interest summarized from the browsing history. Since only news titles are used
along with the prompt instructions, and without inputting any temporal information,
the output ¢ is expected to capture the essential user interests, which are consistent over

time.

6.3.3 Time-aware Modeling for Time-variant Covariates

Based on the time stratification preparation in Section 6.3.1, we are capable of separately
modeling the treated exposed news and potential time-variant covariates. This section
consider two time-variant covariates, news popularity p € P and recency r € R, and

conduct time-aware modeling to carefully leverage these two time-variant covariates.

6.3.3.1 Popularity

The CTR of a news item can be calculated at four different granularities: news category,
news subcategory, the news item itself, and words in the news title. For example, the
CTR based on news category represents the probability of a click occurring on news
items within the same category as the exposed item v, given that news items in the same

category are exposed.

1

6.4) vo -
P et

Z Z P(S:1|u9vI9Ti)

uE%f, v/(_:]/catv

where u € %f, < 91 represents the set of users exposed to news item v/, v’ € ¥ “#v repre-
sents the set of news items in the same category of the exposed item v, the conditional
probability P(S = 1|u,v’,T;) represents the probability of user u clicks given the exposure

of item v’ at time T;.

6.3.3.2 Recency

The recency of news is calculated by the reciprocal of the difference between current
time ¢ and the time that it was first exposed in the system. Similar to the popularity, the

recency also experimented with the four different granularities. Formally, the category-
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level recency of news item v at time T; can be represented as follows, denoted by r € R.
(6.5) ri =min(0, mincyca, (T; —=Ty))

where T, denotes the first time that news v’ € 7% is exposed to any user u € % in the

system.

6.3.3.3 Multi-input Causal Block

As time-variant covariates, the news popularity and recency provide invaluable infor-
mation for making predictions. To this end, we employ a transformer-based multi-input
causal block to model the evolving causal influence between these covariates and exposed
news items, aiming to improve the prediction of user satisfaction.

Inputs. For each past time slice T; € T;.;, three time-variant variables are treated as
the inputs: (i) treatment variable exposed news v;, corresponding (ii) covariate variable
news popularity p;, and (iii) covariate variable news recency r;. For simplicity, we omit
the notation of v for the popularity and recency here. Given the differing dimensions
of these three time-variant variables, each input is projected through its respective
multi-perception layer before being processed by the causal block layers. Note that the
embeddings for exposed news are initialized using Xavier uniform initialization. For
instance, exposed news items arranged in chronological sequence Vi.¢t = {v1,v9,...,us} are

formally projected as the following formulation shown.
(6.6) HY = MLP'(v103... v;)

where Hg € R%2*t i the hidden representation of the series of treatments at time T1.;, do
is the dimensionality of hidden representation in CAST-Rec. The projection network is a
multi-layer perceptron MLPV consisting of two linear layers with the Tanh activation
function in between. Similarly, the news popularity Pi.; € R’ and the news recency
R € R! are projected using MLPY and MLPR, respectively, yielding Hg and Hg. Both
MLPY and MLP¥ consist of two linear layers with an ELU activation function in
between. This difference arises because the ELU activation function is particularly
effective for positive inputs. This is the case for popularity and recency as formulated
in Equations (6.5)(6.4). In contrast, the Tanh activation function helps to normalize the
embedding of exposed news.

Self-/Cross-Attention. The initially hidden representations HY, Hg, Hg{ for exposed
news, popularity, and recency are then inputted into the transformer-based causal block.

Specifically, they are first fed into multiple attention heads, each requiring a set of query,
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key, and value vectors, denoted as QW K™ v ¢ [R{TXdWQ, respectively. The attention
heads are indexed by n, and there are N such heads in total. For any initial hidden
representation Hy € {HV,Hg,Hg} ,

Q" = HOW((?n) +1 bgm
(6.7) K™ =H,W +16%7

v = HoW‘(,”) +1 b(‘;l)"l'

d
where Wézn), WI({” ), W‘(,n) e RI2<F represents weights for the i-th self-attention head, b(g),

d d
b(I’{l), b(‘f) €RY are the biases for query, key, values, respectively, 1 € R¥ is the vector of

ones. The attention values in the i-th head are formally computed as follows.

() gmT
(6.8) Attn™@Q™W, K™ VW) = sof tmax(=———)V®
/d
N
The outputs of these N attention heads are then concatenated.
(6.9) MHA@Q,K,V)=(Attn?,...,Attn™, ..., Attn™)

We first compute the self-attention representation H. By substituting the hidden rep-
resentation Hy in Equation (6.7) with HY, we can calculate the respective query, key,
and values @V, KV, VV. For simplicity, we omitted the index i for multiple heads. Conse-

quently, the self-attention representation HV®) at the I-th causal block is computed as

follows.
(6.10) HYY = SelfAttHY)
(6.11) SelfAttHY)=LNFFMHAP@QV,KV,vV)+HVUD)

Here, MHA® represents the multi-head attention in Equation (6.9) in the I-th blocks,
the feed forward network is denotes as FF(-) = Linear(ReLU(Linear(-))), and LN(-)
stands for linear normalization. To avoid over-fitting, the final linear projection layer
present in the original transformer decoder [136] is omitted. Similarly, the variables
P and R of news popularity and recency are also self-attentively embedded into H")
and H?®, respectively. Calculating self-attention allows the model to better understand
intra-variable evolving dependencies.

Next, we compute the pairwise cross-attentions H to capture inter-variable evolving

dependencies. Given self-attention outputs H from Equation (6.11), the cross-attention
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can be calculated from both directions: taking the cross-attention between V and P
as an example, using HV as the query and HY as the key and values, and vice versa.
Calculating cross-attention in both directions allows the models to fully capture the

evolving dependencies over time. Specifically, beyond the causal influence represented by
v

V; — P; at time T, the exposure v; will also influences the news popularity at time p . ,,

denoted by V; — P;.1.

VPO - CrossAtt(HV,HP),

(6.12) - D
HYVD = CrossA tt(HP, HY)

(6.13) CrossAttHY,HY) = LNFFIMHAP@QV,K*, vF)+H")))

where CrossAtt(HF HV) is calculated in the similar way as CrossA¢t(HY,HF). This
process helps the model understand how the covariates influence the exposure of news
items over time. By learning these dependencies, the model can make more accurate
predictions based on the combined effects of news exposures V, popularity P, and recency
R.

After computing the cross-attention, a feed-forward layer is adopted to combine all

the relative information of a variable, for example,
(6.14) HY = FFHYF HY)

Finally, after L multi-input causal blocks, the final output will be self-attentive

aggregated into a time-variant user representation.
(6.15) e’ = SelfAtt(H'H HR)

Position Encoding. In the original transformer model [136], positional encoding
is used to preserve the order of hidden states within a sequence, as the attention
mechanism tends to overlook order information. This position encoding is crucial in news
recommendations to ensure that the temporal sequence of news exposures is accurately
captured.

In our multi-input causal block, we employ relative positional encoding. This choice
is made because absolute time information is already captured in the representations
of news popularity and recency, which are calculated based on timestamps. Relative
positional encoding allows us to focus on the relative time distances between news items,

which is essential for modeling the evolving influence of earlier news exposures on later
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interactions. Considering the news items at position T; and T; for any T; <T;, we have

the following modifications to the key and value in the attention calculation.

K K
a-. =WH.
(6.16) oo
;i = Wi,

where WjK_ ;» and WJ.V_L. € RN are two relative positional encoding matrices applied to the

keys and values in the attention mechanism, respectively. Then, the scores 055{

- and a}’i
are used to adjust the attention score Attn(Q,K,V); from Equation (6.8).

Attn(Q,K,V); = Z softmaxi(Qj i)Vf,

(6.17) i<j Vg

! 14 ! 14

where softmax; calculates relative to position T;. Note that the latter position T only

participates in the attention calculation for past positions T; or itself.

6.3.4 Recommendation

Lastly, CAST-Rec makes predictions by integrating the causal influences from the exposed
items and the two covariates, via three information flows C - S, V— S, and C — S,
respectively.

Objective. At prediction time Ty, 1, we calculate the representation of any candidate

0

. . . . 0
news item 0 for exposure based on its popularity p;, ,, recency r}_ ;.

(6.18) e’ = MLP(MLPY(®)MLPY(p?, )MLPR(, )

where we use a MLP(-) that includes two linear layers with ELU activation function to
project the candidate news item into the matching space. Then, we estimate the user

satisfaction s;;1,
(6.19) Sip1 = (eCeC)T e’

We trained our CAST-Rec model using the Bayesian Personalized Ranking (BPR)
loss [111], which aims to maximize the difference in the user satisfaction scores between

positive and negative candidate items. Formally,

1

(6.20) LBPR = — Z In o(s’ —SU’)

0] (v,v")eo
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where s” and s’ are the predicted user satisfaction scores for news items v and v/,
respectively. © = {(v,v")lv € 6*,v' € 0~} is the training data, @" involves the positive
interacted news items, while 0~ is the sampled negative interacted news items, o(x) =

ﬁ is the sigmoid function.

Interpretability. Regarding the interpretability of the recommendation process,
CAST-Rec introduces the following advancements: First, it applies causal inference to un-
cover more interpretable variable relationships compared to correlation-based methods.
Second, it accounts for confounding effects from both time-variant and time-invariant
covariates, reducing spurious correlations that introduce bias and improving model trans-
parency. Third, CAST-Rec leverages LLMs to generate content that explicitly reflects
users’ time-invariant interests, providing a clear view of their inherent preferences and

enhancing user trust in the system.

6.4 Experiments

To validate the effectiveness of our proposed CAST-Rec, we have conducted extensive
experiments on two real-world news recommendation datasets to answer the following

research questions.

RQ1: How does our proposed CAST-Rec perform in the news recommendation task

compared to state-of-the-art (SOTA) news recommenders?

RQ2: How do different large language models (LLMs) impact the performance of
CAST-Rec?

RQ3: How do different hyperparameters in CAST-Rec affect its performance?

RQ4: How efficient is CAST-Rec?

6.4.1 Experimental Setups

This section presents the datasets, baselines, evaluation protocol, and implementation
details used in our experiments and comparisons to validate the effectiveness of CAST-
Rec.
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6.4.1.1 Datasets

We evaluate the effectiveness of our proposed CAST-Rec on the two public news recom-
mendation datasets: MIND-small and MIND-large [156]. MIND dataset is collected from
user behavior logs on the Microsoft News platform. The author randomly sampled 1 mil-
lion active users with more than five news clicks on the platform during the period from
October 12 to November 22, 2019. Similarly, the MIND-small version randomly samples
50,000 active users and their behavior logs. For each user, click behaviors before this time
period are regarded as history, while exposed news and user interactions in this period
are formatted into impressions. Different from the original MIND dataset, we organize
the impressions into a series of accumulated sequences arranged chronologically by the
timestamp of each impression. To exclude very short impression sequences [5, 109], we
filtered out those with fewer than 10 behavior logs. Following common practices in the
sequential recommendation, we compile the most recently clicked news for each user

into the test set and the second most recently clicked news into the validation set.

Furthermore, MIND contains over 160,000 English news articles, each featuring rich
textual content, including the title, abstract, and category. The popularity of each news
article is calculated based on its click-through rate within a recent time window [25, 106].
The recency of each news article is represented by the time elapsed since its initial
exposure in the system, regardless of whether it was clicked [84, 106]. Details of MIND-
small and MIND-large datasets used in our experiments are formatted in Table 6.1.
The interaction distributions of news in these two datasets are visualized in Figure
6.5. It can be observed that there is a complex correlation between the publish time of
news items and the corresponding interactions, indicating that relying solely on recency
as the time-variant covariate is insufficient for modeling time-aware causal influences.
Additionally, compared to MIND-small, users’ interactions in the MIND-large dataset

have higher variance.

Table 6.1: Statistical information of datasets.

Datasets #Users #Items #Interactions  Density
MIND-small | 1809 12668 37801 1.80x107%
MIND-large | 110780 26313 1305190 0.69 x 1074
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Figure 6.5: Interaction distributions with respect to news items in the two datasets.

6.4.1.2 Baselines

In our experiments, we have compared our proposed CAST-Rec with three categories of

News Recommendation Systems (NRSs) as follows.

Traditional News Recommendation Systems represent user preferences based on

news textual information while ignoring the evolving time. We selected four common

news recommenders:

DKN [140] utilizes a knowledge-aware convolutional neural network that inte-
grates semantics and knowledge-level representations of news and an attention

module to dynamically aggregate use history with current candidate news.

NPA [154] integrates a CNN-based news representation model and a user repre-
sentation model with word- and news-level attention mechanisms, enhanced by a
personalized attention network using user ID embeddings to tailor the representa-

tion of news and users.

NRMS [155] leverages multi-head self-attention in encoding the news titles and
user browsing history, supplemented by additive attention to highlight important

words in news content for more informative representations.

NAML [153] unifies the representations of news titles, bodies, and categories from

user browsing history with attention at both word- and user-interest levels.

Sequential News Recommendation Systems incorporate sequential information

from user browsing history in addition to news content. We include three models in this

category:
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e LSTUR [5] learns long-term user representations from user ID embeddings and

encodes short-term user representations from history-browsed news contents.

e CAUM [107] incorporates a candidate-aware CNN network for modeling short-term
user interests and a candidate-aware attention network for aggregating previously

clicked news to build a comprehensive candidate-aware user representation.

e MINS [143] designs a GRU-based interest network to extract potential multiple

interests of users from their historical browsed sequences.

Temporal News Recommendation Systems consider temporal data into predictions,

represented by the following two methods:

¢ PP-Rec [106] combines a personalized matching score based on user browsing
history with a news popularity score that encodes click-through rates, recency, and

news content.

e TCCM [25] analyzes the causal effects of time, news popularity, and the align-
ment score between news content and user interest in user behaviors, and it also

estimates news popularity by learning from the granularity of entities and words.

6.4.1.3 Evaluation Protocol

The recommendation performance of our CAST-Rec is evaluated using the following

metrics, all of which are commonly employed in similar tasks in [25, 74, 106, 154].

* Mean Reciprocal Rank (MRR) considers the rank position of the first target item in
the ranked list. A higher MRR score indicates better performance.

¢ Area Under the Curve (AUC) takes both the true positive rate and false positive
rate into account. A model with a higher AUC is better at distinguishing between

positively interacted items and negative items.

¢ Normalized Discounted Cumulative Gain (NDCG)@K accounts for the position
of target items in the top-K ranked recommendation list and assigns higher im-
portance to items in the front positions. Following previous works, we consider
both NDCG@5 and NDCG@10, where a higher score represents better ranking

performance.
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6.4.1.4 Implementation Details

Our proposed CAST-Rec model is implemented using PyTorch and is trained on a single
NVIDIA GeForce RTX 3090 GPU. The learning rate for CAST-Rec is selected from the
values [5e-3, 3e-3, 1le-3, 5e-4, 3e-4, 1le-4], while the batch size is chosen from [64, 128,
256], and the dimensionality is selected from [8, 16, 32]. The model employs a dropout
rate of 0.1, with a maximum sequence length of 5. We utilize 2 heads for the multi-head
attention layers in CAST-Rec. For a fair comparison, all other baseline models are also
trained on a single NVIDIA GeForce RTX 3090 GPU. Additionally, we adopts LLaMA-2-
7B, LLaMA-2-13B, Vicuna-13B models from Hugging Face for encoding time-invariant
information. Specifically, the result as detailed in Table 6.2 is based on the inference on
Vicuna-13B. The large language model inference is conducted using one NVIDIA A800
GPU. This setup ensures that the performance of CAST-Rec and the baseline models is
evaluated under comparable hardware conditions, allowing for a rigorous assessment of

the proposed model’s capabilities.

6.4.2 Recommendation Performance (RQ1)

Table 6.2: Recommendation Performance Comparison of CAST-Rec with 9 baseline
models on MIND-small and MIND-large datasets. Bold font is used to denote the best
performance, while underlined font represents the second-best performance.

MIND-small MIND-large
MRR AUC NDCG@5 NDCG@10 MRR AUC NDCG@5 NDCG@10

DKN 0.3092 0.6011  0.3312 0.3936 0.3217 0.6196  0.3479 0.4055

Traditional NPA 0.3163 0.6329  0.3522 0.4001 0.3309 0.6542  0.3671 0.4197
NRS NRMS  0.3122 0.6407  0.3457 0.4066 0.3310 0.6602  0.3599 0.4201
NAML  0.3451 0.6631  0.3699 0.4309 0.3620 0.6834  0.3823 0.4652

Sequential LSTUR 0.3466 0.6810  0.3812 0.4428 0.3612 0.6982  0.3901 0.4519
NRS CAUM 0.3513 0.6819  0.3892 0.4557 0.3723 0.7059  0.4099 0.4698
MINS 0.3562 0.6863  0.3907 0.4598 0.3707 0.7068  0.4102 0.4744

Temporal PP-Rec  0.3909 0.7112  0.4298 0.4966 0.4179 0.7302  0.4470 0.5098

Model

NRS TCCM 0.4198 0.7235  0.4651 0.5291 0.4402 0.7499  0.4896 0.5467
Ours CAST-Rec 0.4513 0.7303  0.4992 0.5419 0.4697 0.7521 0.5186 0.5609
" Improv. 7.50% 0.94% 7.33% 2.42% 6.70% 0.29% 5.92% 2.60%

In this section, we evaluate the recommendation performance of CAST-Rec by compar-
ing it with nine state-of-the-art (SOTA) news recommendation systems. These baseline
models include a range of approaches, from traditional news content-matching models
to sequential and temporal news recommendation models. We conducted experiments

using widely recognized real-world news recommendation datasets, MIND-small and
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MIND-large, to ensure a robust evaluation. We compare the models based on three
key metrics: Mean Reciprocal Rank (MRR), Area Under the Curve (AUC), and Top-K
Normalized Discounted Cumulative Gain (NDCG@K). Consistent with previous stud-
ies [25, 106, 154], we set K=[5, 10] for our evaluations. The comprehensive comparison
aims to highlight how CAST-Rec performs relative to existing models in capturing user
preferences and delivering relevant news recommendations. Through experiments on
MIND-small and MIND-large datasets, we provide insights into the effectiveness of our
model across different dataset sizes.

We present the experimental results in Table 6.2. When compared to the best per-
formance of previous models, specifically TCCM [25], our proposed CAST-Rec achieves
notable improvements. Specifically, CAST-Rec outperforms TCCM by 7.50% and 6.70% in
MRR and by 7.33% and 5.92% in NDCG@5 on the MIND-small and MIND-large datasets,

respectively. These advancements can be attributed to two primary factors:

* Modeling Evolving Causal Dependencies: CAST-Rec effectively captures the
evolving causal relationships between exposed news content and two time-variant
covariates, thereby enhancing the modeling of user preferences over time. We
achieve this by modeling both intra- and inter-dependencies among exposed news,
news popularity, and news recency using masked self-attention and cross-attention

layers within multi-input causal blocks.

* Leveraging Large Language Models: We utilize the semantic understanding
capabilities of LLMs to generate concise summaries that encapsulate users’ essen-
tial interests, which are then continuously refined over time. By predicting these
distilled interests, the system is more likely to select the top-K news items that
satisfy user preferences. The contribution and detailed analysis of using LLMs are

discussed in Section 6.4.3.

Despite the significant improvements in MRR and NDCG@5, the enhancements in AUC
and NDCG@10 are relatively modest, limited to 0.94% and 0.29% in AUC, 2.42% and
2.60% in NDCG@10 on the two datasets, respectively. This indicates a reduced improve-
ment in the overall ranking of all candidate news items compared to the enhancement
seen for the news items ranked at the top. We attribute this to the following two factors:
Firstly, CAST-Rec emphasizes items in the front positions due to a relatively small se-
quence length (5 in experiments). Secondly, the baselines already demonstrate excellent
overall ranking performance, making further improvements challenging. In addition,

compared to MIND-small, the improvements on MIND-large are not as significant. A
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possible reason for this diminished improvement is that the MIND-large dataset contains
more inactive users, resulting in a more long-tailed distribution, as evidenced in Table
6.1 and Figure 6.5.

Table 6.2 also provides insights into the impact of incorporating temporal informa-
tion in news recommendations. Traditional NRSs (DKN [140], NPA [154], NRMS [155],
NAML [153]) rely on personalized attention mechanisms to predict user preferences.
However, they face performance bottlenecks. As the best model in the first category,
NAML [153] achieves around 0.37 in the MIND-small dataset and 0.38 in the MIND-large
dataset, with regard to NDCG@5. The second category of NRSs, including LSTUR [5],
CAUM [107], and MINS [143], introduces sequential patterns in user interactions. These
models capture the order of user actions but do not fully account for the time-variant
factors related to the news items. For example, MINS [143] enhances recommendation
performance by 5.62% in MIND-small and 7.30% in MIND-large datasets with regard to
NDCG®@5 by extracting multiple user interests using several GRUs from their browsing
history. Temporal NRSs, such as PP-Rec [106] and TCCM [25], achieve the highest
performance by modeling both the sequential and temporal aspects of evolving user
preferences. These models consider not only the order of interactions but also the chang-
ing nature of user interests and news popularity over time. Specifically, PP-Rec [106]
makes predictions by combining popularity scores with personalized matching scores,
while TCCM [25] further advances this approach with causal interventions, leading to
significant performance improvements. TCCM [25] achieves the best performance among
baselines with an NDCG®@5 score of 0.4651 in the MIND-small dataset, respectively.
These insights underscore the importance of integrating temporal information into news
recommendation systems to better capture the evolving nature of user interest and news

content.

6.4.3 Different Large Language Models (RQ2)

In this section, we delve into the performance of our proposed CAST-Rec framework
when enhanced with different Large Language Models, conducting both ablation and
case studies for analysis. Using metrics such as MRR, AUC, NDCG@5, and NDCG@10,
we quantitatively assess recommendation performance under the enhancements of
different LLMs. Additionally, we conduct a case study to closely examine the details in

the summaries generated by these LLMs.
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Table 6.3: Ablation studies comparing the recommendation performance of random user
interest initialization versus initialization using summaries generated by different LLMs
within our proposed CAST-Rec framework, evaluated on the MIND-small dataset.

Models| MRR AUC NDCG@5 NDCG@10
random | 0.4012 0.7109  0.4315 0.4661
04295 07149  0.4619 0.5007

LLaMA-2-TB | v ocor  10.56%  +7.05% +7.42%
04313 07183  0.4622 0.5019

LLaMA-3-8B | » o000 11.04%  +7.11% +7.68%
0.4487 07201  0.4893 0.5272

LLaMA-2-13B +11.84% +1.29% +13.40%  +13.11%
Vieuna.13p | 04518  0.7803 04992 0.5419
leuna- +12.49% +2.73% +15.69%  +16.26%

6.4.3.1 Ablation Study

We begin with an ablation study on several LLMs of different scales, demonstrating
the effectiveness of introducing LLMs in our CAST-Rec. In particular, we consider four
different models, i.e., LLaMA-2-7B [130], LLaMA-3-8B [90], LLaMA-2-13B [130], Vicuna-
13B [137].

e LLaMA-2-7B [130] is an autoregressive model in the LLaMA series [128] that uti-
lizes large-scale transformer architecture. LLaMA-2 [130] performs well in various
natural language tasks through supervised fine-tuning (SFT) and reinforcement
learning with human feedback (RLHF) to align generated texts with user instruc-
tions. LLaMA-2-7B consists of 7 billion parameters, balancing computational costs

and semantics processing capability.

¢ LLaMA-3-8B [90] is an autoregressive model trained with 8 billion parameters,
building on its predecessors in the LLaMA family. It is also fine-tuned using
SFT and RLHF, featuring an expanded context window and enhanced reasoning
capabilities, making it particularly useful for complex natural language processing
tasks.

* Vicuna-13B [137] is fine-tuned on 13 billion parameters using using 125,000 user-
shared conversational data. This enables it to achieve impressive performance in

various natural language tasks, such as question answering.

e LLaMA-2-13B [130] presents superior performance in various natural language

tasks compared to LLaMA-2-7B, owing to its larger parameter scale of 13 billion.
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We replace the method for summarizing time-invariant user interests from browsing
history with the aforementioned four LLMs, alongside the performance of random user
interest initialization (without summarization, denoted as "random" in Table 6.3). The
performance of CAST-Rec using these five different methods to capture time-invariant
user interests is evaluated using MRR, AUC, NDCG@5, and NDCG@10, as shown in
Table 6.3. Due to the significant computational costs, we limited our experiments to the

MIND-small dataset. Our findings are as follows.

6.4.3.2 Case Study

To control the quality of the time-invariant covariates extracted by LLMs, in addition to
using the hidden states, we also examine the corresponding generated texts. Specifically,
we randomly select two users, user 21 and user 883, from the MIND-small dataset and
compare the texts generated by different LLMs.

In Figure 6.6, the red squares represent the news titles arranged in the order of the
user’s browsing history, while the blue squares include the texts generated by LLMs.
Content within the same news topic is highlighted using the same text color, while
incorrect topics generated by the LLMs are specifically highlighted in gray. User 21
appears to prefer news related to social issues (red), celebrities (green), and events
in the US, especially in the Bay Area (blue). In contrast, user 883 shows a broader
range of interests, favoring news about politics (red), entertainment (green), sports
(blue), and lifestyles (purple). It is observed that LLMs with smaller parameter sizes
(LLaMA-2-7B and LLaMA-3-8B) are more prone to generating incorrect topics, leading
to poorer performance. In contrast, larger LLMs can effectively capture users’ time-
invariant preferences through concise sentences, thereby improving user modeling in
news recommendations. Moreover, LLMs are adept at summarizing various entities
within a single topic across different news titles using general terms, which helps
address the challenge of managing diverse textual representations in recommendation
systems. Additionally, these LLM-generated summaries are more informative than the

annotated categories of each news article.

6.4.4 Hyperparameter Study (RQ3)

In this section, we have conducted studies on two hyperparameters to investigate their
influence on recommendation performances: the dimension of hidden representations

and the max length of user historical browsing sequences.
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[Case study of user 21 with four different LLMs.]

User 21

Bodies flew everywhere': A border chase shows role
U.S. citizens play in immigration smuggling, Once a Bay
Area Restaurant Empire, Chow Is Now Bankrupt,
Instacart Shoppers Are on Strike, UCSF Researchers
Focus On 'Aging Into Homelessness' In Bay Area, Keanu
Reeves picked up a lot of Ali Wong swag ...

LLaMA-3-8B
5 , inahi '.

i i i ies, including
news, entertainment, and lifestyle. They seem to enjoy
reading about human interest stories, celebrity news,
and current events, as well as articles about technology,
business, and social issues. Owveral—the—users

; lacti .

LLaMA-2-7B
8 . . .

’

. ! - L L
entertainment, sports, and lifestyle. Fhey-also-seem-to-be
interested—in—stories about celebrities and high-profile
individuals, as well as those related to social issues and
politics.

LLaMA-2-13B

The user's preferences are diverse, but they appear to be
interested in news related to celebrities, politics, and
social issues, with a particular focus on the US.

Vicuna-13B

Based on the user's browsing history, it appears that they
are interested in news related to celebrity, politics, and
local events in the San Francisco Bay Area.

[Case study of user 883 with four different LLMs.]

User 883

Boris Johnson wins key Brexit bill vote but faces
another, Matt Moore views Sunday night as a chance
to regain place in NFL, Early to Bed, Early to Rise,
Senate to try to override Trump emergency declaration
veto Thursday, Leonard Fournette turns charming
video into brutal roast of Blake Bortles ...

LLaMA-2-7B

8 I , . . .
their—primary—interests—are—in entertainment news,
sports, and lifestyle topics, with a focus on celebrity
news, pop culture, and social issues. ... as well as
current events and politics. ... interested in technology
and Al, as—evidenrced—by—their—brewsing—histery.
Overall,—theirpreferences—suggesta—broad—range—of
. . ik | i
range-of tepies:

LLaMA-3-8B

Based on the user's browsing history, ... topics including
sports, entertainment, politics, and lifestyle. ... shewn—a
particular—interest—in—newsrelated—to-the  , with
multiple—articles—abeut—... They have also shown an
interest in celebrity news, with articles about ... they
have shown an interest in wellness and lifestyle, withan

LLaMA-2-13B

Based on the user's browsing history, ... a strong interest
in celebrity news and gossip, as well as sports and current
events. They also appear to have a sense of humor and
enjoy lighthearted content.

Vicuna-13B

The user's preferences seem to be diverse, ranging from
sports and politics to celebrity gossip and lifestyle topics.

Figure 6.6: Case studies of the time-invariant features extracted by different LLMs for

users.
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Figure 6.7: The influence of different values of hyperparameters dimension (left) and
the maximum sequence length (right) on recommendation performances evaluated by
NDCG@5 and NDCG@10 on MIND-small.

6.4.4.1 Different Dimensions Influence on Recommendation

The left plot in Figure 6.7 illustrates the effect of hidden representation dimensions on
recommendation performance, measured by NDCG scores at the top-5 and top-10 lists
(NDCG@5, NDCG@10). A dimension of 32 yields the best performance. This might be
because a lower dimension (8) lacks the capacity to capture the complex dependencies
between variables, while a higher dimension (128) suffers from data sparsity or difficulty

in tuning other hyperparameters. The dimension is set to 32 in our experiments.

6.4.4.2 Different Sequence Lengths Influence on Recommendation

When modeling with multi-input causal blocks, we first divide the user browsing history
into a series of subsequences. The right plot in Figure 6.7 shows the effects of the
maximum length of these subsequences on recommendation performance, measured by
NDCG@5 and NDCG@10. Short sequences fragment the sequential information in users’
click behaviors, while longer sequences tend to be more expressive. Performance plateaus
when the maximum length is set to 5 and peaks at a length of 15. However, due to time

and memory limitations, we chose a maximum length of 5 in our experiments.

6.4.5 Efficiency Analysis (RQ4)

Time Complexity. The time complexity of CAST-Rec comes from the following processes:
1) time-aware modeling with L number of multi-input causal blocks (Section 6.3.3) 2)
recommendations on |7| number of candidate news items (Section 6.3.4). Here, we use T

to represent the length of user’s browsing history, d to represent the hidden dimension
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Component Parameter Sizes
LLM (depends on the model adopted) | 8B

Causal transformer blocks (x3) 0.02MB
Recommendation layer 2.39MB

User and item embeddings 119.04MB

Table 6.4: Parameter sizes of the different components in CAST-Rec using LLaMA-3-8B.

in each respective model. For the first process, the time complexity in each causal block
is mainly contributing to the multi-head self-/cross-attention layers, with O(T?Nd) each
and O(3T2Nd) in total, where N denotes the number of heads. Subsequently, the feed-
forward layer consumes O(T'd?). The L numbers of causal blocks with three inputs
inside each multiply these values, yielding O(BL(3T?Nd + T'd?)). For the second process,
the matrix factorization in user satisfaction score calculating costs O(2|7|d). In total,
the time complexity for CAST-Rec is O(2|7'|d + 3L(BT2Nd + Td?)). Given the number of
heads is set as 2 (IN = 2) in our proposed CAST-Rec, and the number of multi-input causal
blocks is set as 2 (L = 2), the time complexity can be simplified as O(|¥|d + T?d + T'd?).
Computational Efficiency. We provide the parameter sizes of different components
in Table 6.4, showing that the primary computational and memory costs stem from
the adoption of large language models (LLMs). In CAST-Rec, both the computational
and time overhead can be mitigated by asynchronously utilizing APIs for LLMs. We
conducted our experiments by deploying open-source LLMs locally; however, our model
is designed to accommodate API usage in scenarios with limited time and computational

resources.
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CHAPTER

CONCLUSION AND FUTURE WORKS

This chapter concludes our collective efforts at the data and representation levels to
enhance structured knowledge reasoning in deep models. It also outlines forward-looking
directions at the model level that can further expand the boundaries of structured

reasoning and foster interdisciplinary applications of this work.

7.1 Conclusion

This thesis has presented novel frameworks and methodologies for representing and
reasoning over structured knowledge, with particular emphasis on improving the inter-
pretability, adaptability, and robustness of recommender systems and large language
models (LLMs). The research contributes to both data-level and representation-level
understanding of structured reasoning, bridging the gap between structured data repre-
sentations and the reasoning capabilities of modern deep models.

At the data level, the introduction of StructFact, a benchmark specifically designed
for evaluating LLMs’ reasoning over structured data, offers a rigorous foundation for
understanding how models process heterogeneous structures, topological dependencies,
order invariance, and sparsity. Beyond technical insights, StructFact provides a diagnos-
tic tool for evaluating LLMs in high-stakes domains such as healthcare, finance, and
scientific discovery, where factual precision and structural understanding are vital. These
findings have implications that extend beyond model evaluation. StructFact identifies

both strengths and limitations in real-world applications, such as healthcare and finance,
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where precise factual reasoning is crucial.

At the representation level, this thesis advances several approaches to improve deep
models’ ability to reason over structured and dynamic knowledge. The C-MBR model
introduces causal reasoning mechanisms to mitigate confounding effects from heteroge-
neous user behaviors in multi-behavior recommendation. The HyperG framework models
complex structural relationships through hypergraph generation, augmenting LLMs
with the capacity to reason over sparse, hierarchical, and interconnected structures.
Meanwhile, CAST-Rec captures temporal and contextual evolutions in user behavior
by unifying representations from LLMs and transformers. Collectively, these methods
not only improve structured reasoning performance but also lay the groundwork for
cross-domain generalization, enabling structured reasoning to be applied across diverse
fields—from recommendation to time-series forecasting, knowledge graph reasoning, and
beyond.

In summary, this thesis offers a unified perspective on how structured knowledge
can be effectively represented, reasoned over, utilized in deep models. By developing
benchmarks, algorithms, and models that bridge data and representation levels, this
work provides a foundation for building more interpretable, data-efficient, and general-
izable deep models. The broader vision is to enable Al systems that can reason about
structured phenomena in the real world, supporting applications in domains such as
medicine, social science, and computational biology, where complex relational structures

and causal reasoning are essential.

7.2 Future Works

In the future, we will extend our research on structured knowledge to the model level.
Future studies in model-level advancements will focus on leveraging the collaboration
between deep models to enhance the representation of structured knowledge and improve
decision-making for downstream tasks. By integrating multiple deep learning models,
such as combining multiple LLMs as the agent, we can capture deeper and multi-faced
understanding of structured data. This collaborative approach will facilitate the extrac-
tion of meaningful dependencies, interrelationships, and contextual knowledge from
diverse data sources, enabling models to make more informed and accurate decisions.
Moreover, this model-level perspective opens pathways for cross-disciplinary innova-
tion. For instance, integrating structured reasoning with domains like computational so-

cial science, biomedical informatics, and medical science could allow these deep-learning-
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based Al systems to analyze multi-modal, relational, and context-dependent data with
unprecedented depth. Coupling structured reasoning with causal discovery and counter-
factual analysis will also support the development of scientifically grounded Al, capable
of explaining and generalizing across real-world phenomena.

Looking forward, this research paves the way for a new generation of structure-
aware and reasoning-centric Al systems that are capable not only of prediction and
recommendation but also of understanding, explanation, and adaptation within the

structured complexity of human knowledge and real-world environments.
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A.1 Implementation Details

Hyperparameter Value
top_p 0.95
temperature 0.6

max_generation_toker
(w/o CoT)

n 10

max_generation_toker
(w/ CoT)

1512

max_evidence_token

2500

Table A.1: Hyperparameters of LLMs

A.2 Future Directions

sensitive tasks involving structured data.

107

APPENDIX

SUPPLEMENTARY MATERIALS FOR STRUCTFACT

We use 32GB memory with Ubuntu 20.04 LTS (a open-source Operating System using the
Linux kernel and based on Debian) and 4 Nvidia A800 with 80GB memory for inference.
we adopt vllm [67] 0.5.4 to speed up inference. All models share a set of hyperparameters,
as detailed in Table A.1.

Apart from our findings, we propose future directions to advance LLM use in knowledge-

The performance of LLMs diminishes as the availability of structured evidence shifts

from abundant to absent. Given the limited improvements achieved through prompt
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engineering on instruction-tuned models, incorporating an additional structure-aware

module may offer a more effective approach for learning from structured data. Such

specialized modules enable task-adaptive learning and knowledge transfer while keep-

ing computational and time costs manageable. Furthermore, LLMs show considerable

potential in leveraging unstructured knowledge to complement structured data. A key

challenge in this process is avoiding the distortion of precise knowledge contained within

the structured data. Future research could explore the use of reinforcement learning to

iteratively correct distortions in reasoning.

A.3 Generation Randomness

To assess the randomness of generation, we conducted zero-temperature experiments on
the 10 LLMs and reported the results in Table A.2.

Methods Zero-shot w/o CoT Zero-shot w/ CoT Few-shot w/o CoT Few-shot w/ CoT Overall
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Qwen2-7B 38.12 48.51 45.21 48.34 52.15 55.89 50.18 53.97 46.41 51.68
LLaMA-3-8B 27.89 32.01 25.98 33.82 28.76 35.04 47.33 48.71 3249 37.40
Gemma-2-9B 31.45 34.77 42.06 47.12 43.15 47.92 53.14 54.32 42.45 46.03
Qwen2-7B Instruct 46.30 52.15 43.01 50.26 44.67 50.83 42.95 51.18 44.23 51.11
LLaMA-3-8B Instruct 60.88 58.55 42.05 49.73 60.32 58.97 49.12 57.32 53.09 56.14
Gemma-2-9B It 43.01 49.27 47.21 56.05 45.12 53.06 49.32 58.01 46.17 54.10
GLM-4-9B Chat 56.85 59.57 47.93 56.84 54.45 57.68 51.84 59.43 52.77 58.38
Mistral-7B Instruct 48.01 50.12 39.87 49.12 55.15 56.82 46.35 54.78 47.34 52.71
GPT-3.5-turbo 59.92 60.96 59.02 63.11 52.37 57.00 63.01 66.22 58.58 61.82
GPT-40-mini 65.32 67.41 62.15 67.58 61.89 65.32 64.48 69.12 63.46 67.36

Table A.2: Performance of 10 LLMs on using various prompts (temperature=0).

A.4 Evaluation Protocol

In this paper, we use six different metrics for evaluating the reasoning performance of

LLMs on structured knowledge. We formulate all the evaluation metrics used in this

section.

¢ Accuracy.

(A.1)

Acc. =

TP+TN

TP+TN+FP+FN

where TP, TN, FP, F N represent the number of true positive, true negative, false

positive, and false negative, respectively.
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* Weighted F1 score.
N .
(A.2) F1=) —F1;
1N

where n; is the number of samples in label i, N is the number of all samples, F'1;

is the F'1 score for label i.

¢ Balanced accuracy.
1Y TP
A3 BA=—) (TPR;),TPR=———
(A.3) ~ L (TPR), TPiFN
where TPR; is the true positive rate of label i.

e Macro F1 score.

1 N
(A.4) MacroF1l=— ZFli
N3
¢ Precision.
(A.5) P __TIP
. rec.= TP+ FP
e Recall.
TP
A.6 Recall = ———
(4.6) CCt = TP fFN

A.5 Detailed Introduction to selected LLMs

Meta’s Llama series, including Llama 2 and Llama 3 [129], released in 2023 and 2024,
are designed for various tasks like text generation and programming. Llama3 is designed
to be more intelligent, faster, and more versatile, making it suitable for a wide range of
applications. Qwen2 [163] [? ] is a strong language models developed by Alibaba Cloud,
showing state-of-the-art performance in several benchmarks, especially in coding and
mathematics. ChatGLM3 [38] is the latest generation of pre-trained dialogue models de-
veloped by Zhipu Al in collaboration with Tsinghua University’s Knowledge Engineering
Group (KEG). Developed by OpenAl, GPT-40-mini [98] is its most cost-efficient small
model in the GPT series, featuring enhanced context understanding and text generation
capabilities, scoring 82% on MMLU [44]. Gemma2 [125] is Google’s latest iteration of
open large language models (LLMs), building on the success of the original Gemma
series. Coming with two sizes, 9 billion and 27 billion parameters, each size has a base

model (pre-trained) and an instruction-tuned version.
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Model Name Company Cut-off Date Release Date
Qwen2-7B Alibaba 2023 February 2024
LLaMA-3-8B Meta March 2023 April 2024
Gemma-2-9B Meta - July 2024
Qwen2-7B-Instruct Alibaba 2023 February 2024
LLaMA-3-8B Instruct Meta March 2023 Apirl 2024
Gemma-2-9B It Meta - July 2024
GLM-4-9B Chat Zhipu Al - June 2024
Mistral-7B Instruct Mistral AI - September 2023
GPT-3.5 Turbo OpenAl September 2021 November 2022
GPT-40 mini OpenAl October 2023 May 2024

Table A.3: Table of the selected LLMs, companies, knowledge cut-off dates, and released
dates.

A.6 Ethical Statement

We affirm that our StructFact benchmark is constructed using open-source datasets and
adheres to the CC-BY-4.0 license. To uphold privacy and confidentiality, we have ensured
that our dataset contains no direct or indirect sensitive personal information. Users
accessing our StructFact should ensure that no personally identifiable information or
toxic content is included.

Our research postulate that our StructFact benchmark is under an environment
devoid of possible attacks. However, given that the structured data in our proposed
benchmark is sourced from publicly editable WikiPedia pages, it is inherently vulnerable
to various threats, including adversarial attacks. Intended attacks, such as data poison-
ing, involve malicious actors deliberately inserting false or misleading information or
altering existing structured data. These actions can compromise the integrity of the data,
distorting the knowledge within LLMs and undermining accurate factual reasoning.
Unintentional attacks, such as accidental data deletion or incorrect data entry, also pose
significant risks. These errors can degrade both the quality and structure of the data,
potentially leading LLMs to draw incorrect inferences, thus might compromising the
overall factuality of the benchmark.

Moreover, while the questions in our StructFact benchmark reflect real-world facts,
they do not originate from practical applications. Therefore, we offer StructFact as
a resource to guide users in their inferences, without claiming to provide absolute

assertions. We advise against using StructFact as a basis for developing models intended
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to verify facts in real-world applications.

A.7 Task Categorization for Fine-Grained Analysis

To perform a fine-grained analysis of LLMs’ reasoning capabilities over structured
data, we refined each major task into specific subcategories. This section outlines the

methodologies employed for task refinement.

A.7.1 Arithmetic Calculation

Following [22, 45], we refined the Arithmetic Calculation task into three distinct subcat-

egories based on the complexity and nature of mathematical reasoning required:

1. Numerical Matching: Tasks involving the direct matching and verification of a
specific value within the data, typically a precise, singular number, without any

calculations or statistical analyses.

e Example: "Is the number of gold medals won by China in the 2024 Olympics
227"

2. Numerical Comparison: Tasks requiring the comparison of numerical values to

determine size, quantity, or order, including comparisons involving superlatives.

¢ Example: “Did China win more gold medals than any other country in the
2024 Olympics?”

3. Computational Analysis: Tasks necessitating calculations, statistical methods,
or logical reasoning to perform aggregations, averages, percentage calculations, or
other mathematical analyses. This includes basic arithmetic operations (addition,

subtraction, multiplication, and division) and conditional judgments.

e Example 1: “Does the percentage of gold medals won by China exceed 10% of
the total in the 2024 Olympics?”

e Example 2: “Did China win 4 more gold medals than France in the 2024
Olympics”

To annotate the dataset according to these refined categories, we established precise

definitions and guidelines for each subcategory. We then employed GPT-40 for automatic

111



APPENDIX A. SUPPLEMENTARY MATERIALS FOR STRUCTFACT

labeling of the tasks, followed by independent reviews from three experts. Discrepancies
identified by the majority of experts were manually corrected. This combination of
automated labeling and expert validation ensured both efficiency and high accuracy,

aligning with best practices in semi-automated annotation workflows.

A.7.2 Geography-time Reasoning

We focused on identifying and categorizing named entities related to temporal and
spatial information within the questions. Utilizing the Named Entity Recognition (NER)
tool from SpaCy, specifically the en_core_web_sm model!, we automatically recognized
entities in the text. Based on the NER tags assigned by SpaCy, we refined the questions

into:

¢ Temporal Entities: Questions containing temporal entities such as dates (DATE)
and times (TIME).

¢ Spatial Entities: Questions involving spatial entities, including geopolitical en-
tities (GPE), natural locations like mountains and rivers (LOC), and facilities or
artificial landmarks (FAC).

¢ Spatiotemporal Entities: Questions that contain both temporal and spatial
entities, such as combinations of DATE+GPE, DATE+LOC, or DATE+FAC.

A.7.3 Multi-hop Reasoning

Multi-hop Reasoning refers to the process of linking and integrating information from
multiple sources or steps to arrive at a final answer [47, 133, 168]. It requires the system
to go beyond simple, one-step reasoning (single-hop) by making logical connections across
various pieces of information that are distributed across multiple documents, sentences,
or structured data points.

In our work, we refined the Multi-hop Reasoning task by categorizing questions
based on the number of reasoning steps, or "hops," required to derive the correct answer.
Each "hop" is defined as a step where the model must integrate information from two
distinct data sources within the structured data, such as table cells, headers, captions,
or list items. Using a rule-based method, we classified the questions into six categories:

1-hop, 2-hop, 3-hop, 4-hop, 5-hop, and greater than 5 hops. This systematic classification

https://spacy.io/usage/models
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allowed us to assess the complexity of the reasoning required and analyze the model’s

capacity to perform multi-hop reasoning over structured data.

A.7.4 Composition Understanding

Inspired by [117], We examined the model’s ability to reason over structured data
compositions with irregularities. Specific categorization rules were defined to identify

different types of compositional challenges:

1. Complex Structures: Compositions involving intricate dependencies, such as a
single table cell spanning multiple columns or rows, nested tables, or hierarchical

lists.

2. Missing Values: Instances where the structured data contains unknown or miss-

ing values, requiring the model to handle incomplete data.

3. Incomplete Descriptions: Cases where the structured data includes ambiguous

or insufficient descriptions, such as unclear column headers or labels.

Two experts manually annotated the dataset according to these categories and
conducted a cross-review to ensure consistency and resolve discrepancies. This rigorous

annotation process enhanced the reliability of our categorization.

A.7.5 Combining Structured and Unstructured Data

Given the wide existence of semi-structured data [23, 94, 100], the Combining Structured
and Unstructured Data task aimed to assess the model’s ability to integrate information
from both structured data (e.g., tables) and accompanying unstructured textual context.

We designed three experimental conditions:

* Original Unstructured Context: Using the original unstructured context pro-

vided in the dataset alongside the structured data.

* Enhanced Unstructured Context: Augmenting the unstructured context by
generating additional descriptions of the structured data using GPT-4o0, including
details such as table formats and relevant contextual information to provide extra

background knowledge.
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Figure A.1: Confidence distribution of answers.

¢ No Unstructured Context: Removing all unstructured context, leaving only the

structured data for the model to process.

By varying the availability and richness of unstructured context, we aimed to analyze
how different levels of contextual information affect the model’s ability to reason over

structured data.

A.8 Model Confidence

Towards reliable reasoning outcomes, we also concern about the confidence of LLMs’ out-
puts. Specifically, We used the probability of the model’s first token output corresponding
to the predicted label as the confidence score. Figure A.1 illustrates that the model shows
higher confidence with its predicted facts, compared to those are predicted as non-factual.
For NEI responses, whether predicted correctly or not, the confidence remains low with
only minor variations. Notably, the models exhibit uncertainty in their incorrect answers,
as evidenced by a significant drop in confidence, especially for factual and non-factual
predictions. This indicates that the model’s confidence levels are somehow aligned with
the accuracy of their predictions, which could be useful for gauging the reliability of the

model’s answer.
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A.9 Case Study

Please see figs. A.2 to A.6 for case studies for each task and the responses from different
LLMs.

A.10 Prompt Strategies Analysis

A.10.1 Detailed Introduction to Employed Prompts

Each LLM in our main result decipted in Table 6.2 is experimented with different
prompting strategies: Zero-shot without CoT [62], Zero-shot with CoT, Few-shot with
CoT, Few-shot with CoT. All the strategies used in this paper begin with an instruction
denoted as p = “You will be given with a question. Please response with ‘Yes’, ‘No’, or ‘Not
Sure Enough’.” For any input question gq; € 2, structural data d; € 2 the model LLM(-)
is expected to generate an answer y; € % ={‘Yes’, ‘No’, ‘Not Sure Enough’}. Each
question is categorized into one task ¢ from the five aforementioned reasoning tasks in

9 . Examples of the prompts used in our experiments are shown in Figure A.8.

A.10.1.1 Prompts in Main Results

Prompt with Zero-shot. In the prompting strategy with zero-shot setting, the LLM is
expected to output the answer y; to the question q; directly, formally, y; = LLM(p,q;,d;).
For example, the factual answer y; = "No" should be responded from the LLMs when be-
ing asked with the question q; = "Is London the host city of the 2024 Olympic-
-Games?", together with the table of Olympic Games host cities denoted by d;.

Prompt with Few-shot. In the few-shot prompting strategy, to guide the LLM to
correctly reason, we include an example question g, and structural data d, together with
prompt p for question g;, where the example question g, and question q; fall in the same
task, i.e., qx,q; € t. This process is formulated as y; = LLM(pllqxlld,q;,d;). The LLM is
expected to answer with y; = "Yes" when given question q; = "Has Paris hosted the-
-Olympic Games three times?" and the table of Olympic Games host cities d;.

Prompt with Chain of Thought (CoT). In the prompting strategy with CoT [62], a
two-stage prompt is employed to derive the reasoning process along with with the answer.
To guide the LLM in carefully considering the process of determining the answer y;,
the prompting sentence s ="Let’s think step by step" is added to the question ¢;,
formally, y; = LLM(p,q;lls,d;).
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A.10.1.2 Prompts in Evidence Resilience Analysis

Prompt with Shuffled Structured Data. To investigate the performances of LLMs towards
different prompting context, we shuffle the structure of data. Specifically, we shuffle the
rows/columns in tables, and the elements in lists. Formally, for question g;, the output
can be presented as y; = LLM (p,qi,d;), where d; denotes the shuffled data.

Prompt without Structured Data. Given that the structural data is sourced from
Wikipedia, it is assumed that LLMs have been exposed to these data during their
training phase. Therefore, we are also interested in the ability of LLMs to answer factual
questions q; without being provided with the contextual structural data d;. The process
under this strategy can be formulated as f5:y; =LLM(p,q;).

Prompt with self-refinement. The self-refinement strategy is designed to enhance
the performance of LLMs by prompting them to iteratively providing feedback to its
previous responses. Formally, the process at n-th round of refinement can be presented
as y;‘ =LLM"(p,q i,di,r?_l), where r; represents the LLM’s response in the last round.
In our experiments, due to constraints on computing resources and time, we set n=1.

Prompt with self-consistency. The self-consistency strategy is designed to enhance
the performance of LLMs by employing majority voting on multiple rounds of queries.
Assume the response from the model at the n-th round as y,, the final prediction of
LLM can be formualted as y¢;nqa = argmaxc; Zf‘:l counts(y, = c;), where c denotes the
available choices of the prediction label, i.e., ‘Fact.’, ‘Non-Fact.’, and ‘NET in this paper.

Prompt with format instructions. We also provide instructions of the formats of
the structured data to the zero-shot prompts. Given format instructions as f, which
illustrates how the structured data looks like, the process can be formulated as y; =
LLM(plf,pi,d).

A.10.2 Analysis towards Other Prompting Strategies

Given the successes of other CoT strategies and input data format instructions [? ], we
are interested in exploring their impact on reasoning about factual knowledge within
structured data. We include three prompting strategies: (i) self-refinement [88], which
guides the LLM to iteratively evaluate and refine its previous responses to reach the
correct answer, (ii) self-consistency [146], which mitigates hallucination through majority
voting on multiple responses from the LLM, and (iii) format instructions, which prompts
with descriptions of the format of the inputted structured data. There are the following

notable observations from the results in Table A.4. i) Self-consistency marginally im-
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proves performance across five tasks, with an overall enhancement of 0.23%, compared
to the zero-shot results without CoT in Table 6.2. ii) Format descriptions help the LLM
better interpret numerical compositions, leading to a 1.02% improvement in accuracy

on Arithmetic Calculation tasks. Detailed results under these strategies please refer to
Table A.4.

A.11 Supplementary Results

A.11.1 Comprehensive Results

Results for Different Prompts under Other Metrics:
Please refer to Tables A.5 and A.6.

Results for Different Tasks under Other Metrics:
Please refer to Tables A.7 to A.17.

A.11.2 Analysis of Other LLMs

Model Responses Distributions:
Please refer to Figure A.9.
Model Resilience to Evidence:
Please refer to Table A.18 and Figure A.10.
Fine-grained Studies of Different Tasks:
Please refer to Figures A.11 to A.14.
Model Confidence Analysis:
Please refer to Figure A.15.
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Task: Arithmetic Calculation

Q: Is the number of employees at PGNiG SA 33,071?

A: Yes

| Rank in 2011 | Name of concern | Location of headquarters | Revenue (Thou. PLN) | Profit (Thou. PLN) | Employees |
| | | | \

| 1. | PKN Orlen SA | Plock |79 037 121 | 2396 447 | 4,445 |

| 2. | Lotos Group SA | Gdansk |29 258 539 | 584 878 [5,168 |

| 3. | PGE SA | Warsaw |28 111 354 | 6 165 394 |44,317 |
| 4. | Jeronimo Martins | Kostrzyn | 25285 407 IN/A 136,419 |
| 5. | PGNiG SA | Warsaw |23 003 534 | 1711787 133,071 |
| 6. | Tauron Group SA | Katowice |20 755 222 | 1565936 |26,710 |
| 7. | KGHM Polska Miedz SA | Lubin |20 097 392 | 13 653 597 | 18,578 |
| 8. | Metro Group Poland | Warsaw | 17200 000 |N/A [22,556 |
| 9. | Fiat Auto Poland SA | Bielsko-Biala | 16 513 651 | 83919 [5,303 |
| 10. | Orange Polska | Warsaw | 14 922 000 | 1785000 | 23,805 |

LLaMA-3-8B

1) The question asks us to find out the number of fans that attended this game.
2) We know that there are 14 games in this season.

3) We know that the number of fans that attended the first game is 24,487.

4) We know that the number of fans that attended the second game is 48,477.
5) We know that the number of fans that attended the third game is 40,387. ...
A: NEI

LLaMA-3-8B Instruct

Let's analyze the question and the given data step by step.

The question asks if the number of employees at PGNiG SA is 33,071. To answer this question, we need to find the row in the
table that corresponds to PGNiG SA and check the value in the "Employees" column.

After scanning the table, we find the row with the name "PGNiG SA" in the "Name of concern" column, and the corresponding
value in the "Employees" column is indeed 33,071.

A: Yes

GPT-40-mini

To answer the question about whether the number of employees at PGNiG SA is 33,071, I will refer to the structured data

provided.

In the table, the entry for PGNiG SA shows that it has 33,071 employees. This value is directly listed in the table under the
"Employees" column for PGNiG SA.

Since the data clearly states that the number of employees at PGNiG SA is indeed 33,071, I can confidently answer the question. /
A: Yes

Figure A.2: Case Study of Arithmetic Calculation.

Models Methods Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct. Overall
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1
Self-Refine. 58.03 60.73 54.44 60.08 51.61 58.81 6691 68.17 56.51 63.37 55.36 60.38
GPT-40-mini Self-Consis. 62.80 6349 59.84 63.02 58.30 6392 6691 67.35 62.30 67.06 60.83 63.69
Format Instruct. 62.82 63.44 58.53 61.95 57.52 63.10 66.67 67.16 61.37 66.38 60.03 63.03
Self-Refine. 58.05  57.74  54.87 55.40 64.71 66.75  61.20 59.46 69.83 70.94 60.23 60.44
LLaMA3-8B Instruct Self-Consis. 62.52 56.96 55.33 51.38 71.00 6854 61.19 57.51 73.30 70.86 63.26 58.95
Format Instruct. 61.95 55.85 51.35 46.00 6841 66.38  60.20 54.04 71.21 68.72 60.75 55.76
Self-Refine. 49.56  53.86  35.18 43.16 43.62 5369 61.69 64.01 50.63 59.93 4341 51.04
Gemma-2-9B It Self-Consis. 51.31 53.81  33.09 39.19 44.81 5458  60.20 62.91 52.19 60.74 43.52 49.87
Format Instruct. 53.79  55.33  34.19 40.31 45.75  55.33  59.46 61.74 53.24 61.64 44.88 50.97
Self-Refine. 52.24 5550  36.87 43.32 4466 53.88 5721 59.93 51.39 59.54 4495 51.34
Qwen2-7B-Instruct  Self-Consis. 55.18 57.62 40.95 47.56 4761 56.30 57.46 61.66 53.88 61.58 48.20 54.24
Format Instruct. 56.50 5843  37.48 43.72 48.61 57.07 57.46 61.28 54.55 62.15 4751 53.29

Table A.4: Performance of GPT-40-mini using different prompting strategies across five
factual tasks.
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The provided data mentions that the Khotan Mosque was completed
in 1870 and is located in Khotan, Xinjiang, China.
A: Yes
Task: Spatiotemporal Cognition
Q: Was the Khotan Mosque
completed in 1870 and is it located in Based on the structured data provided, the Khotan Mosque is indeed
Khotan, Xinjiang, China? located in China, and it was completed in 1870. However, the data
A: Yes does not specify the exact location within China as "Khotan,
Data: Xinjiang." Since Khotan is a city in Xinjiang, it can be inferred that the
* Islam in China mosque is located in Xinjiang, China. However, the data does not
* List of mosques in China explicitly state "Khotan" as part of the location.
| ] QhsA e A: NEI
e R |
| Religion | |
| Affiliation | Sunni Islam | From the structured data provided, it is clear that the Khotan Mosque
| Location | | was completed in 1870 and is located in China. However, the data does
| Location | China | not specify that the mosque is located in Khotan, Xinjiang. While it
| Architecture | | might be inferred from the name "Khotan Mosque" that it is located in
| Type | Mosque | Khotan, Xinjiang, the data does not explicitly confirm this location.
| Completed | 1870 | / Therefore, taking into account the explicit information given in the
data, we can only confirm the completion year and the country, but not
the specific location within China.
A: NEI /
Figure A.3: Case Study of Geography-time Reasoning.
Moethods Zero-shot w/o CoT Zero-shot w/ CoT Few-shot w/o CoT Few-shot w/ CoT Overall
BA MF1 BA MF1 BA MF1 BA MF1 BA MF1
Qwen2-7B 23.06 19.97 39.69 26.00 35.85 25.69 38.86 28.70 34.37 25.09
LLaMA-3-8B 20.65 17.57 19.17 17.94 25.29 19.66 35.16 26.76 25.07 20.48
Gemma-2-9B 14.97 12.87 32.50 24.51 14.55 11.51 39.56 29.92 25.40 19.70

Qwen2-7B Instruct 43.51 27.29 40.87 24.53 43.81 29.25 41.45 24.66 4241 26.43
LLaMA-3-8B Instruct 39.48 32.00 39.65 25.10 40.23 32.48 42.64 28.03 40.50 29.40

Gemma-2-9B It 44.34 27.74 44.58 25.94 45.11 34.52 44.51 26.81 44.64 28.75
GLM-4-9B Chat 42.88 38.49 43.25 26.78 42.47 38.17 44.65 28.41 43.31 32.96
Mistral-7B Instruct 39.77 26.97 41.31 24.16 42.46 30.52 43.20 27.17 41.69 27.20
GPT-40-Mini 46.96 44.92 46.46 42.86 47.08 42.90 46.89 43.71 46.85 43.60
GPT-4-Turbo 48.02 45.19 48.14 43.13 47.72 43.63 48.59  43.15 48.12 43.77

Table A.5: Balanced accuracy and Macro F1 of 10 LLMs on the benchmark using various
prompts.

Zero-shot w/o CoT Zero-shot w/ CoT Few-shot w/o CoT Few-shot w/ CoT Overall

Methods

Prec. Recall Prec. Recall Prec. Recall Prec. Recall Prec. Recall
Qwen2-7B 58.64 31.82 62.33 49.40 59.71 45.39 64.49 54.80 61.29 45.35
LLaMA-3-8B 52.78 29.72 55.78 27.65 53.25 32.13 58.83 55.64 55.16 36.28
Gemma-2-9B 51.77 22.67 58.18 42.76 53.72 17.31 61.93 61.14 56.40 35.97

Qwen2-7B Instruct 65.11 47.85 66.63 41.27 66.79 44.88 66.67  41.01 66.30 43.75
LLaMA-3-8B Instruct 62.84 62.92 64.04 43.01 63.44 63.39 67.71 45.43 64.51 53.69

Gemma-2-9B It 70.37 43.53 69.03 41.08 71.10 44.81 70.67  43.03 70.29 43.11
GLM-4-9B Chat 64.82 52.56 68.24 42.58 65.38 52.97 68.44  47.10 66.72 48.80
Mistral-7B Instruct 62.68 50.90 65.58 37.33 63.29 60.13 66.40  43.80 64.49 48.04
GPT-40-Mini 68.00 60.80 70.27 54.20 68.82 55.06 70.43 56.35 69.38 56.60
GPT-4-Turbo 68.76 60.67 71.27 53.31 69.80 56.01 71.35 53.18 70.29 55.79

Table A.6: Precision and recall of 10 LLMs on the benchmark using various prompts.
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Task: Multi-hop Reasoning

Q: Did the 1952 Colgate Red Raiders football team win
the game against the Buffalo Bulls football team,
representing the University of Buffalo, on October 4?
A: No

| Date|Opponent|Site|Result |
| | | | |

I I | | |
| September 20 | at Cortland | Cortland, NY | L 13-33 |

| September 27 | Connecticut | |L 747 |
| October 4 | Colgate | |L0-13 |

| October 11 | Lehigh | |L7-26 |

| October 18 | Bucknell | |L0-22 |

| October 25 | Western Reserve | |L 13-35|

| November 1 | Alfred | |L7-19 |

| November 8 | St. Lawrence | | W 12-6 |

| Date|Opponent|Site|Result |

| | | | |

I I I | |

| September 27 | Cornell | | W 14-7 |

| October 4 | Buffalo | Buffalo, NY | W 13-0 |
| October 11 | Rutgers | |W13-7 |

| October 18 | Harvard | |L20-21 |

| October 25 | Bucknell | | W28-0 |

| November 1 | Mississippi College | | W53-12 |

| November 8 | Holy Cross | |L7-13 |
| November 15 | Syracuse | | L 1420 |
| November 29 | Brown | | W33-27|

| 1952 Buffalo Bulls football |
| | |

I I I

| Conference | Independent |

| 1952 record | 1-7 |

| Head coach | |

| Home stadium | Civic Stadium |

| 1952 Colgate Red Raiders football |
| | |
I

I I
| Conference | Independent |
| 1952 record | 6-3 |
| Head coach | |
| Captain | Donald Main |
| Home stadium | Colgate Athletic Field |

LLaMA-3-8B Instruct
To answer this question, we need to find the game between the 1952 Colgate Red Raiders football team and the 1952 Buffalo
Bulls football team. We can do this by looking at the structured data provided.

The data shows that the Colgate Red Raiders football team played the following games:
| Date|Opponent|Site|Result |
| | | | |

I I I I I
| September 20 | at Cortland | Cortland, NY | L 13-33 |

| September 27 | Connecticut | |L7-47 |

| October 4 | Colgate | |[L0-13 |

| October 11 | Lehigh | |L7-26 |

| October 18 | Bucknell | |L0-22 |

| October 25 | Western Reserve | |L13-35]
| November 1 | Alfred | [L7-19 |

| November 8 | St. Lawrence | |W12-6 |

The data also shows that the Buffalo Bulls football team played the following games:
| Date|Opponent|Site|Result |
| | | | |

I I
|W14-7 |

I I
| September 27 | Cornell |

| October 4 | Buffalo | Buffalo, NY | W 13-0 |

| October 11 | Rutgers | |W13-7 |

| October 18 | Harvard | | L 20-21 |

| October 25 | Bucknell | | W28-0 |

| November 1 | Mississippi College | | W53-12 |

| November 8 | Holy Cross | |L7-13 |
| November 15 | Syracuse | | L 1420 |
| November 29 | Brown | | W 33-27 |

By comparing the dates and opponents, we can see that the game between the Colgate Red Raiders football team and the
Buffalo Bulls football team was not played on October 4. The Colgate Red Raiders football team played Colgate on October
4, not the Buffalo Bulls.

A: Yes /

Gemma-2-9B It

Let's look at the provided data:

* **Colgate's Schedule:** The data shows Colgate played Buffalo on October 4th, 1952.

* **Colgate's Result:** The result for that game is listed as "W 13-0".

Therefore, the 1952 Colgate Red Raiders football team won the game against the Buffalo Bulls.
A: Yes

GPT-40-turbo

The data provided shows the results of the games played by both the Colgate Red Raiders and the Buffalo Bulls during the
1952 football season. On October 4, the game between Colgate and Buffalo is specifically mentioned. According to the data,
the result of the game was a win for Buffalo with a score of 13-0 over Colgate.

Therefore, the 1952 Colgate Red Raiders football team did not win against the Buffalo Bulls football team on October 4,
1952.

A: No
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Task: Composition Understanding

Q: Was The Sounds of the Sounds of Science given an A rating by

Stylus?
A: No
| Review scores |

| Source | Rating |

| Allmusic | |

| Pitchfork Media | (8.0/10) |
| Stylus [ (B) |

| Dusted Magazine | (favorable) |

Gemma-2-9B

We don't have enough information about the review score for The
Sounds of the Sounds of Science by Stylus. The given data only
includes a rating of (B) for Stylus. Therefore, we cannot determine if
the review score was A or not.

A: NEI

Gemma-2-9B It

Based on the provided data, Stylus gave The Sounds of the Sounds of
Science a rating of (B). There is no information suggesting that it
received an A rating from Stylus.

A:No

GPT-40-mini

To determine if "The Sounds of the Sounds of Science" was given an A
rating by Stylus, we need to look at the structured data provided. The
v relevant entry for Stylus shows a rating of (B). Since an A rating is

higher than a B rating, it implies that the album did not receive an A
rating from Stylus.
A: No

J

Figure A.5: Case Study of Composition Understanding.

Task: Combining Structured and Unstructured

Q: Are there two varieties of Sorbus hupehensis with
narrow leaflets (Sorbus hupehensis var. hupehensis) and
broad leaflets (Sorbus hupehensis var. paucijuga), even
though its leaves are colored green on above and beneath
are paler?

A: Yes

| Sorbus hupehensis |

I
| Scientific classification |

| Kingdom: | Plantae |

| (unranked): | Angiosperms |
| (unranked): | Eudicots |

| (unranked): | Rosids |

| Order: | Rosales |

| Family: | Rosaceae |

| Genus: | Sorbus |

| Subgenus: | Sorbus |

| Species: | S. hupehensis |

| Binomial name | |

* Sorbus hupehensis var. hupehensis. Leaves with 9-17
narrow leaflets. Most of the species' range.

* Sorbus hupehensis var. paucijuga (D.K.Zang &
P.C.Huang) L.T.Lu. Leaves with 7-9 broad leaflets.
Shandong Province.

J

LLaMA-3-8B

There are two varieties of Sorbus hupehensis with narrow leaflets (Sorbus hupehensis var.
hupehensis) and broad leaflets (Sorbus hupehensis var. paucijuga), even though its leaves are
colored green on above and beneath are paler.

A:NEI

LLaMA-3-8B Instruct

The question asks if there are two varieties of Sorbus hupehensis with narrow leaflets and broad
leaflets. According to the provided data, we see that Sorbus hupehensis var. hupehensis has leaves
with 9-17 narrow leaflets, while Sorbus hupehensis var. paucijuga has leaves with 7-9 broad
leaflets. This suggests that there are indeed two varieties of Sorbus hupehensis with distinct leaf
characteristics.

However, the question also mentions that the leaves of Sorbus hupehensis are colored green on
above and beneath, but are paler beneath. This information does not provide any contradictory
evidence to the existence of the two varieties. Therefore, based on the provided data, I conclude
that the answer is...

A: Yes

GPT-4o0-turbo

The question asks whether there are two varieties of Sorbus hupehensis characterized by different
leaf structures, specifically narrow and broad leaflets. The provided data distinctly mentions two
varieties:

1. Sorbus hupehensis var. hupehensis, which has 9-17 narrow leaflets.

2. Sorbus hupehensis var. paucijuga, which has 7-9 broad leaflets.

The question also mentions the color of the leaves (green above and paler beneath), but this

characteristic does not affect the classification of the varieties based on leaf structure. Therefore,
the color of the leaves is irrelevant to determining the existence of the two varieties based on the

leaflet width.

Based on the provided data, it is clear that there are indeed two varieties of Sorbus hupehensis,
each defined by the width of the leaflets as described.
A: Yes

Figure A.6: Case Study of Combining Structured and Unstructured.
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Zero-shot w/o CoT Zero-shot w/ CoT

Given a question and related
structured data, please provide
your answer.

Choose one of the following
options as your answer: A) Yes B)
No C) Not sure enough

You only need to output the option
("A", "B" or "C"). Now, consider

Given a question and related structured
data, please first provide an explanation
for how you arrived at your answer.
Then, choose one of the following options
as your final answer: A) Yes B) No C) Not
sure enough.
explanation, followed by the selected
option (A", "B", or "C").

the ing data and Data:
Data: [ west [ Resutt | Reference Range |
[ Test [ Result | Reference Range | [wec [ 1500 | so-tioo0 |

['wac | 15000 | 4000- 11000 |

Q: Are the White Blood Cell (WBC) within the normal range?
counts within the normal range? et’s think step b
A: A:

Q: Are the White Blood Cell (WBC) counts

Few-shot w/o CoT

Given a question and related structured data,
please provide your answer.
Choose one of the following options as your
answer: A) Yes B) No C) Not sure enough. You
only need to output the option (A", "B" or
"cm).

ampl
Q: Did Bolt run under 10 second

consider the following data and qu
Test Reference Range
WBC 15000 4000 - 11000

Q: Are the White Blood Cell (WBC) counts within
the normal range?
A:

Data: Result

Few-shot w/ CoT

Given a question and related structured data, please first
provide an explanation for how you arrived at your answer.
Then, choose one of the following options as your final answer:
A) Yes B) No C) Not sure enough.
explanation, followed by the selected option ("A", "B", or "C").

u should first output the

): Did Bolt run under 10 second

Test | Resull‘ [

D’a‘ta:‘ |

Reference Range |
[ wec | 1s000 | 4000 - 11000 |
Q: Are the White Blood Cell (WBC) counts within the normal
range?
et’s think step b
A:

Figure A.7: Prompts used in different settings (main differences with zero-shot w/o CoT

are marked in orange).

w/o Data

Use your knowledge to answer the

following question:

Q: Are the White Blood Cell (WBC) counts
within the normal range?

A: J

Data:

w/o Data CoT

Use your knowledge to answer the
following question.

Answer with "Yes" or "No'" and provide
supporting evidence. If you cannot
determine the answer, respond with "Not
sure enough."

Q: Are the White Blood Cell (WBC) counts
within the normal range?

Self-Refinement

Please review the question based on the structural data
and related answer.

| Test | Result | Reference Range|

o] e e \

| WBC | 15000 | 4000-11000 |

Q: Are the White Blood Cell (WBC) counts within the
normal range?

A: No. The WBC count in the data is 15,000, which is
above the normal reference range of 4,000 to 11,000.

Please provide feedback and suggest any corrections
or additional information that could enhance the
answer's accuracy, relevance to the data, or clarity.
Conclude with your refined answer with only "Yes,"

Format Instruction

Given structural data and a related
question, please provide your answer.
The given data is in markdown
format. Columns in the table are
separated by ' | ', rows are separated
by "\n', and list elements start with '*'.
Only answer with "Yes" or "No." If
you cannot determine the answer,
respond with ""Not sure enough."
Data:

| Test | Result | Reference Range|
o i S e |

| WBC | 15000 | 4000-11000 |

Q: Are the White Blood Cell (WBC)
counts within the normal range?

Let's think step by step. "No," or "Not sure enough"'. A:
A: Y, Feedback: A A
Figure A.8: Examples of different prompting strategies.
Methods Arithmetic Calc. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.
Prec.  Recall Prec. Recall Prec. Recall Prec. Recall Prec. Recall
Qwen2-7B 58.11 28.30 55.32 28.24 68.87 34.056 65.94 38.31 69.78 41.26
LLaMA-3-8B 54.34  28.48  49.83 28.36 63.72 29.61 53.61 34.08 63.42 34.00
Gemma-2-9B 51.77 15.98 48.47 21.45 67.26 30.55 60.43 25.87 61.55 25.92
Qwen2-7B Instruct 61.48 54.58  66.00 40.52 71.62 4791  70.20 57.46 73.95 53.33
LLaMA-3-8B Instruct 57.41 62.28 62.58 54.78 69.43 70.61 61.54 60.94 72.15 73.28
Gemma-2-9B It 60.51 51.36 73.96 33.03 81.38 44.73 71.58 59.95 82.41 52.46
GLM-4-9B Chat 63.06 59.27 63.75 46.70 70.01 50.67 67.78 63.93 73.41 56.80
Mistral-7B Instruct 61.48 55.37 59.07 43.44 70.98 52.03 62.60 54.98 73.77 59.07
GPT-40-Mini 64.51 62.52  67.79 60.13 75.06 58.04 68.80 67.42 75.06 62.10
GPT-4-Turbo 64.16 61.76  68.71 61.93 75.03 5490 70.78 70.15 77.18 61.59
Overall 59.68 47.99 61.55 41.86 71.34 47.31 65.33 53.31 72.27 51.98

Table A.7: Precision and recall of 10 LLMs on the benchmark across five factual tasks

under the zero-shot w/o CoT setting.
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Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

BA MF1 BA MF1 BA MF1 BA MF1 BA MF1
Qwen2-7B 19.42 18.07 23.62 19.35 22.30 19.48 27.85 23.99 27.13 21.99
LLaMA-3-8B 20.35 17.12 21.08 17.39 18.61 16.23 32.55 21.59 22.01 18.34
Gemma-2-9B 11.08 10.58 15.57 12.84 18.50 1440 16.96 14.42 15.33 12.74
Qwen2-7B Instruct 40.04 30.66  44.59 29.03 43.23 25.79 40.16 34.04 44,43 29.72
LLaMA-3-8B Instruct 37.14 35.27 39.92 31.00 38.34 37.48 38.26 37.28 40.23 39.96
Gemma-2-9B It 38.61 32.89  44.50 29.55 45,61 33.09 55.90 37.33 48.18 35.80
GLM-4-9B Chat 38.22 36.99 44.85 37.61 4091 34.71 4131 42.14 44,53 38.48
Mistral-7B Instruct 38.64 26.56 38.69 25.59 39.45 25.58 34.91 30.13 41.78 28.08
GPT-40-Mini 41.68 41.14  49.20 46.20 46.31 41.15 52.58 52.69 46.86 42.68
GPT-4-Turbo 41.05  40.17 50.43 47.09 4720 3942 58.31 60.05 49.42 43.67
Overall 32.62 28.95 37.25 29.56 36.05 28.73  39.88 35.37 37.99 31.15

Table A.8: Balanced accuracy and Macro F1 of 10 LLMs on the benchmark across five
factual tasks under the zero-shot w/o CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Qwen2-7B 57.65 57.56 39.63 42.68 52.11 59.05 59.21 59.50 55.22 61.00
LLaMA-3-8B 28.50 37.79 24.15 31.16 28.98 39.88 30.10 38.53 32.33 43.38
Gemma-2-9B 4535 50.28  37.92 42.52 4435 5243  44.03 48.90 47.74 54.98
Qwen2-7B Instruct 53.92 56.87 31.66 39.43 39.74 49.90 51.24 55.54 45.18 55.02
LLaMA-3-8B Instruct 50.37  54.01 36.13 42.62 40.61 49.98 5149 54.39 49.30 57.93
Gemma-2-9B It 48.75 53.66 33.91 43.30 40.61 51.25 57.46 60.31 44.87 55.46
GLM-4-9B Chat 53.57 58.14  35.52 45.05 39.00 49.17 56.22 59.62 45.09 55.43
Mistral-7B Instruct 43.93  50.87 32.00 40.89 3494 4483 50.00 55.88 40.95 51.28
GPT-40-Mini 59.10 61.50 50.89 59.04 51.64 60.06 65.18 66.46 56.22 64.12
GPT-4-Turbo 5844 61.04 51.71 60.26 49.48 57.78 64.93 65.93 52.64 61.56
Overall 49.96 54.17 37.35 44.70 42.15 51.43 52.99 56.51 46.95 56.02

Table A.9: Accuracy and F1 score of 10 LLMs on the benchmark across five factual tasks
under the zero-shot w/ CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

Prec. Recall Prec. Recall Prec. Recall Prec. Recall Prec. Recall
Qwen2-7B 60.38 57.65 61.86 39.63 70.62 52.11 66.14 59.21 71.26 55.22
LLaMA-3-8B 57.51 28.50 52.43 24.15 66.28 28.98 57.02 30.10 67.36 32.33
Gemma-2-9B 58.46  45.35 55.55 37.92 67.74 4435 57.02 44.03 69.66 47.74
Qwen2-7B Instruct 61.87 53.92 69.06 31.66 73.41 39.74 67.39 51.24 75.92 45.18
LLaMA-3-8B Instruct 60.99  50.37 63.89 36.13 69.48 40.61 63.20 51.49 74.34 49.30
Gemma-2-9B It 61.11 48.75 71.34 33.91 77.50 40.61 66.14 57.46 78.25 44.87
GLM-4-9B Chat 64.25 53.57 69.49 35.52 74.36 39.00 65.64 56.22 76.37 45.09
Mistral-7B Instruct 62.24 4393  64.62 32.00 72.72 3494 65.04 50.00 74.37 40.95
GPT-40-Mini 64.24 59.10 72.71 50.89 76.01 51.64 68.24 65.18 76.66 56.22
GPT-4-Turbo 64.22 5844  74.82 51.71 76.52 49.48 67.30 64.93 77.91 52.64
Overall 61.53 49.96 65.58 37.35 72.46 42.15 64.31 52.99 74.21 46.95

Table A.10: Precision and recall of 10 LLMs on the benchmark across five factual tasks
under the zero-shot w/ CoT setting.
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Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

BA MF1 BA MF1 BA MF1 BA MF1 BA MF1
Qwen2-7B 36.98 26.80  40.23 23.88 39.31 26.03 37.19 28.95 42.11 25.92
LLaMA-3-8B 19.80 18.25 18.81 17.00 1794 16.90 18.92 18.46 20.44 19.13
Gemma-2-9B 31.21 24.49 33.22 23.59 31.07 23.50 28.77 24.23 34.96 25.27
Qwen2-7B Instruct 36.21  26.54  41.80 22.07 41.48 23.18 35.79 27.41 43.30 23.86
LLaMA-3-8B Instruct 34.25 25.21 41.18 23.77 37.35 22.84 32.38 26.36 45.42 26.09
Gemma-2-9B It 36.29 25.70  46.34 24.21 46.42 2520 51.45 35.83 46.82 25.81
GLM-4-9B Chat 38.35 28.25 4297 24.81 45.16  24.60 47.18 31.43 46.62 26.48
Mistral-7B Instruct 36.19 24.77 40.53 22.61 43.70 22.41 36.69 28.33 45.62 24.15
GPT-40-Mini 40.26  40.38  48.84 42.82 46.16  40.34  46.80 46.44 47.69 41.38
GPT-4-Turbo 42.68 41.29 50.38 43.69 48.17 39.82 53.91 49.44 48.18 41.04
Overall 35.22  28.17  40.43 26.84 39.68 26.48 38.91 31.69 42.12 27.91

Table A.11: Balanced accuracy and Macro F1 of 10 LLMs on the benchmark across five
factual tasks under the zero-shot w/ CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Qwen2-7B 50.19 54.03 39.36 44.78 46.28 5434 50.75 53.96 50.23 57.83
LLaMA-3-8B 30.30 37.95 29.45 34.63 36.58 46.16 30.35 37.67 35.85 45.21
Gemma-2-9B 17.43 23.45 15.98 20.19 18.65 2542 18.41 25.58 18.46 24.95
Qwen2-7B Instruct 54.35 57.82 36.45 43.11 4458 5343 57.21 60.90 49.14 57.50
LLaMA-3-8B Instruct 63.37 58.22 55.42 53.08 70.17 68.47 63.68 60.77 73.30 72.09
Gemma-2-9B It 55.12 56.73 34.22 41.49 4562 5537 63.19 64.72 50.75 60.11
GLM-4-9B Chat 60.39 59.73 44.69 49.17 53.96 60.11 63.93 63.60 58.41 64.52
Mistral-7B Instruct 61.35 60.78 52.10 52.54 66.71 68.99 63.68 61.93 68.38 70.15
GPT-40-Mini 60.38 62.24 52.50 58.28 5255 59.80 66.42 67.15 54.84 62.19
GPT-4-Turbo 60.38 61.88 55.38 61.06 51.63 5824 66.42 66.91 54.98 63.15
Overall 51.33 53.28 41.55 45.83 48.67 55.03 54.40 56.32 51.43 57.77

Table A.12: Accuracy and F1 score of 10 LLMs on the benchmark across five factual
tasks under the few-shot w/o CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

Prec.  Recall Prec. Recall Prec. Recall Prec. Recall Prec. Recall
Qwen2-7B 59.91 50.19 5740 39.36 68.94 46.28 61.30 50.75 69.95 50.23
LLaMA-3-8B 53.94 30.30 49.07 29.45 66.43 36.58 55.05 30.35 65.39 35.85
Gemma-2-9B 54.89 1743  48.64 15.98 64.74 18.65 65.32 18.41 66.72 18.46
Qwen2-7B Instruct 64.18 54.35 67.43 36.45 73.35 44.58 7191 57.21 74.64 49.14
LLaMA-3-8B Instruct 58.19 63.37 63.33 55.42 68.70 70.17 64.32 63.68 73.42 73.30
Gemma-2-9B It 62.17 55.12  73.25 34.22 80.08 45.62 71.86 63.19 81.23 50.75
GLM-4-9B Chat 62.74 60.39 65.13 44.69 70.68 53.96 70.20 63.93 74.36 58.41
Mistral-7B Instruct 61.39 61.35 61.66 52.10 71.83 66.71 65.70 63.68 73.17 68.38
GPT-40-Mini 65.42 60.38 67.54 52.50 76.16 52.55 68.91 66.42 76.72 54.84
GPT-4-Turbo 64.26 60.38 70.50 55.38 76.40 51.63 67.73 66.42 78.20 54.98
Overall 60.71 51.33 6240 41.55 71.73  48.67 66.23 54.40 73.38 51.43

Table A.13: Precision and recall of 10 LLMs on the benchmark across five factual tasks
under the few-shot w/o CoT setting.
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Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

BA MF1 BA MF1 BA MF1 BA MF1 BA MF1
Qwen2-7B 36.48 26.20 34.27 24.48 35.19 2432 57.21 30.75 36.01 25.16
LLaMA-3-8B 23.39 18.58  26.25 19.28 26.55 20.46 22.82 18.56 25.00 19.54
Gemma-2-9B 14.01 11.48 14.54 10.91 14.74 11.74 12.36 12.65 15.24 11.31
Qwen2-7B Instruct 42.22 31.10  43.03 32.05 4352 32.24 54.20 42.54 45.12 32.96
LLaMA-3-8B Instruct 36.66 35.01 41.74 31.90 3746 36.98 40.16 39.54 41.87 42.13
Gemma-2-9B It 40.02 35.09 45.79 31.18 46.99 34.38 61.71 47.96 44.61 35.25
GLM-4-9B Chat 38.28 37.16  44.50 36.40 39.18 3547 44.21 43.11 45.03 39.22
Mistral-7B Instruct 39.92 35.92 43.07 29.12 42.08 34.00 43.79 43.40 43.94 34.62
GPT-40-Mini 42.76  41.79  47.27 42.27 46.73 39.86 55.97 53.10 49.30 40.46
GPT-4-Turbo 4190 41.22 49.54 44.33 48.96 39.64 45.09 44.99 47.29 41.07
Overall 35.56 31.36 39.00 30.19 38.14 30.91 43.75 37.66 39.34 32.17

Table A.14: Balanced accuracy and Macro F1 of 10 LLMs on the benchmark across five
factual tasks under the few-shot w/o CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods
Acc. F1 Acc. F1 Acc. F1 Acc. F1 Acc. F1

Qwen2-7B 57.98 58.50 47.25 49.93 58.91 64.52 61.19 62.20 61.66 66.44
LLaMA-3-8B 56.03 55.56  48.52 46.85 60.50 63.71 54.97 54.24 65.22 66.91
Gemma-2-9B 60.02 58.96  53.72 52.45 68.17 69.11 62.94 62.50 70.94 71.31
Qwen2-7B Instruct 51.68 55.78 31.88 39.99 41.24 51.29 52.74 58.31 44.62 54.55
LLaMA-3-8B Instruct 52.21 57.44  40.64 49.51 4244 52.08 53.23 57.34 48.74 58.37
Gemma-2-9B It 53.86 57.52 34.86 44.45 42.03 52.95 61.44 63.33 45.07 55.99
GLM-4-9B Chat 56.36  59.70  39.08 47.86 46.19 55.65 60.45 63.31 51.28 60.48
Mistral-7B Instruct 4849  54.83 38.30 46.84 43.53 52.71 58.21 61.53 48.05 57.49
GPT-40-Mini 62.36 63.52 52.88 60.49 53.66 61.60 70.15 70.40 57.11 64.72
GPT-4-Turbo 60.03 62.38 50.98 59.20 48.95 57.88 66.42 67.97 51.70 61.01
Overall 55.90 58.42 43.81 49.76 50.56 58.15 60.17 62.11 54.44 61.73

Table A.15: Accuracy and F1 score of 10 LLMs on the benchmark across five factual
tasks under the few-shot w/ CoT setting.

Arithmetic Cale. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Methods

Prec. Recall Prec. Recall Prec. Recall Prec. Recall Prec. Recall
Qwen2-7B 61.01 57.98 63.75 47.25 72.32 58.91 69.20 61.19 73.67 61.66
LLaMA-3-8B 56.82 56.03 59.04 48.52 67.47 60.50 60.35 54.97 69.66 65.22
Gemma-2-9B 58.77 60.02 61.26 53.72 70.30 68.17 65.10 62.94 72.25 70.94
Qwen2-7B Instruct 62.31 51.68 68.47 31.88 73.24 41.24 67.83 52.74 75.82 44,62
LLaMA-3-8B Instruct 64.28  52.21 68.66 40.64 73.38 4244  63.49 53.23 75.91 48.74
Gemma-2-9B It 63.13 53.86 72.82 34.86 78.73 42.03 67.84 61.44 79.02 45.07
GLM-4-9B Chat 63.87 56.36 68.98 39.08 75.07 46.19 69.23 60.45 76.90 51.28
Mistral-7B Instruct 64.16  48.49  65.57 38.30 72.79 4353 65.79 58.21 74.63 48.05
GPT-40-Mini 64.77 62.36 72.79 52.88 76.08 53.66 71.00 70.15 76.38 57.11
GPT-4-Turbo 65.18  60.03 72.94 50.98 78.59  48.95 70.02 66.42 78.80 51.70
Overall 6243 5590 67.43 43.81 73.80 50.56 66.99 60.17 75.30 54.44

Table A.16: Precision and recall of 10 LLMs on the benchmark across five factual tasks
under the few-shot w/ CoT setting.
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Methods Arithmetic Calc. Spatiotemporal Cogn. Multi-hop Reas. Composition Und. Struct. & Unstruct.
BA MF1 BA MF1 BA MF1 BA MF1 BA MF1
Qwen2-7B 36.38  27.26  39.40 27.52 38.25 28.76 38.74 30.34 41.33 29.97
LLaMA-3-8B 33.82 2566 36.34 25.64 33.19 26.29 44.65 29.37 36.41 28.65
Gemma-2-9B 36.45 27.61 40.59 28.89 38.58 29.72 47.59 33.37 41.84 32.09
Qwen2-7B Instruct 37.95 2650 40.97 22.27 41.58 23.80 37.52 29.18 46.30 24.26
LLaMA-3-8B Instruct 36.26 27.89 45.20 27.38 42.27 25.74 34.38 28.20 45.90 27.54
Gemma-2-9B It 38.08 27.32 45.93 24.73 46.63 26.56 50.37 37.23 45.33 26.06
GLM-4-9B Chat 37.39 2848 4461 26.39 48.13 27.40 46.04 36.53 48.93 31.90
Mistral-7B Instruct 38.88 27.36 43.15 25.80 45.75 25.82 38.37 34.12 44.68 26.94
GPT-40-Mini 4151 4151  49.39 43.89 47.84 4121 46.62 47.22 45.37 41.44
GPT-4-Turbo 43.31 42.05 49.59 42.99 49.79 4050 55.17 50.34 50.68 41.24
Overall 38.00 30.16 43.52 29.55 43.20 29.58 43.95 35.59 44.68 31.01

Table A.17: Balanced accuracy and Macro F1 of 10 LLMs on the benchmark across five

factual tasks under the few-shot w/ CoT setting.
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Figure A.9: Responses Distributions of Different Models.
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Figure A.10: Accuracy and F1 score of GPT-40-mini under different settings of structured
evidence.
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Figure A.12: Performance of Different Models on Multi-hop Reasoning.
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Table A.18: GPT-40-mini’s evidence resilience across different factual tasks under zero-
shot settings without CoT prompts. The percentage of decrease with respect to the setting
with original structured data (w/ data) is shown in brackets.

Arithmetic Cale. Geography-Time Reas. Multi-hop Reas. Composition Und. Struct. & Unstruct.

Settings Metrics
Score (%) Decr.(%) Score Decr.(%) Score Decr.(%) Score Decr.(%) Score Decr.(%)
o data Acc 63.93 ; 59.92 ; 67.56 - 71.88 ; 65.94 ;
F1 64.15 ; 62.96 ; 69.66 - 72.44 ; 68.50 ;
Prec. 64.39 ; 67.16 ; 76.29 - 73.10 ; 72.89 ;
Recall  63.93 ; 59.92 ; 67.56 . 71.88 ; 65.94 ;
w/ shuffled data  Acc 62.68  (-1.99) 58.39 (-2.57) 64.81 (-412) 7062 (-1.75) 63.18  (-4.25)
(rows) F1 6343  (-1.17) 6173 (-1.96) 67.12 (-3.66) 71.16 (-177)  66.38  (-3.04)
Prec. 6477  (+0.58) 66.44 (-1.09) 7576 (-0.70) 71.87  (-1.66) 73.31  (+0.57)
Recall  62.68  (-1.99) 58.39 (-2.57) 64.81 (-4.12) 7062 (-1.75) 6318  (-4.25)
w/ shuffled data  Ace 6119  (-4.22) 5835 (-2.63) 65.04 (-3.73) 6850 (-4.73) 63.87  (-3.12)
(columns) F1 6194  (-341) 61.66 (-2.08) 6752 (-3.03) 6942 (-419) 66.82  (-2.46)
Prec. 6379  (-0.93) 66.31 (-1.28) 7611 (-0.23) 70.62 (-3.39) 7263  (-0.35)
Recall 6119  (-4.22) 58.35 (-2.63) 65.04 (-3.73) 6850 (-4.73) 6387  (-3.12)
Acc 5478  (-14.31) 56.30 (-6.04) 58.86 (-12.88) 67.19 (-6.53) 59.25  (-10.15)
w/ shuffled data gy 59.01  (-8.01) 57.21 (-9.13) 6218 (-10.73) 67.26 (-7.15) 63.14  (-7.83)
(cf)‘i:;ns) and p e 6098  (-5.30) 64.07 (-4.60) 73.09 (-4.20) 7033  (-3.79) 7064  (-3.09)
Recall ~ 56.78  (-11.18) 56.30 (-6.04) 59.86 (-11.40) 67.19 (-6.53) 5825  (-11.66)
o data Acc 25.80  (-38.04) 49.11 (-10.81) 53.33 (-14.23) 51.65 (-20.23) 5543  (-10.51)
F1 3259  (-31.56) 52.85 (-10.11) 6023 (-9.43) 57.79 (-14.65) 59.67  (-8.83)
Prec. 5125  (-13.14) 59.30 (-7.86) 7038 (-5.91) 67.96 (-5.14) 66.36  (-6.53)

Recall 25.89 (-38.04) 49.11 (-10.81) 53.33 (-14.23) 51.65 (-20.23) 55.43 (-10.51)
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Figure A.13: Performance of Different Models on Composition Understanding.
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Figure A.14: Performance of Different Models on geography-time Reasoning.
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Figure A.15: Confidence of Different Models.
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APPENDIX

SUPPLEMENTARY MATERIALS FOR HYPERG

B.1 Prompt Templates

This section provides supplementary examples of the templates used to prompt the LLMs

in our experiments presented in Chapter 5.
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TFV Prompt Template

usa today all - usa high school basketball team
| player | height | school | hometown |
|: [E [E |: I

| anthony randolph | 6-10 | woodrow wilson high school | dallas, tx |

| nolan smith | 6-3 | oak hill academy | washington, dc |
| corey fisher. | 6-0 | st patrick high school | elizabeth, nj |
| nick calathes | 6-4 | lake howell high school | winter park, fl |
| austin freeman. | 6-4 | dematha catholic high school | Hyattsville, md |

Here is a claim: anthony randolph be the tallest player
Based on all the available information, predict whether this claim is correct.
Respond with 'Yes' or 'No' only.

— o o o s s e e o
—-— e o o e e e e e .

Answer: Yes.

(a) An example prompt for the TFV task.

A markdown table is provided below:
2005 East Asian Games

| Rank | Nation | Gold | Silver | Bronze| Total |
|: |: I : ‘| ‘| :
|1 | China (CHN) | 127 |63. |33 |223 |
|2 | Japan (JPN) |46 |56 |77 |179 |

| 3 | South Korea (KOR) |32 |48. | 665. | 145 |
| 4 | Chinese Taipei (TPE) | 12 |34 | 26 |72 |

|5 | Macau (MAC) |11 |16 |17 |44 |
| 6 | North Korea (PRK) |6 | 10. |20 |36 |
| 7 | Hong Kong (HKG) |2 |2 | 9 |13 |

| 8 | Mongolia (MGL) [1 | 1. | 6. | 8. |
|9 | Guam (GUM) |0 |O. | 1. |1 [

| Total | Total | 237 | 230. | 254 |721. |.
Here is a question: what was the only nation not to win a gold
medal?.

Using all available information, provide a concise answer only. Do
not include any reasoning or additional details.

- o o o EE EE EE EE o oy,
— e o . S e e R S e e e e e e

Answer: Guam (GUM)
(b) An example prompt for the TQA task.

Figure B.1: Examples of the prompts used in the TFV and TQA experiments for HyperG
proposed in this thesis.
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