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ABSTRACT

Modern language models (LMs) have learned an enormous amount of knowledge dur-
ing pre-training, making them versatile in solving various downstream natural language
processing (NLP) tasks. These pre-trained models are capable of capturing rich seman-
tic patterns within large-scale text corpora and learning high-quality representations of
text. During inference, LMs can leverage the knowledge acquired during pre-training from
their parameters to address various NLP tasks, demonstrating superior performance com-
pared to traditional NLP approaches. However, there is a significant challenge remains un-
solved: LMs are static after pre-training, and there is no mechanism to update themselves
or adapt to a changing environment. Yet, our world is dynamic and constantly evolving.
The static nature of trained LMs causes the memorized knowledge to become quickly ob-
solete, which often leads to hallucinations and renders them unreliable and impractical for
evolving downstream applications.

In this thesis, we aim to address a central question: how can new knowledge be incor-
porated efficiently into LMs beyond the pre-training stage? Specifically, we introduce novel
approaches from three aspects. First, we propose an efficient data annotation method for
training new LMs. Our method significantly reduces the amount of annotation data re-
quired while achieving improved performance under a weakly-supervised setting, thereby
efficiently integrating new knowledge into LMs beyond pre-training. Second, we introduce
a continual adaptation approach for LMs to emerging knowledge. We formulated the prob-
lem of continual instruction tuning (CIT) to enable LMs to continuously learn from emerg-
ing tasks and established a benchmark suite that includes both learning and evaluation
protocols. Lastly, we propose an adaptive retrieval augmentation approach for LMs at in-
ference, which incorporates new knowledge efficiently without altering the original param-
eters. This method aims to integrate new information while mitigating negative effects.

Experiments conducted across various NLP tasks and benchmarks demonstrate the ef-
fectiveness of our approaches for incorporating new knowledge into LMs beyond the pre-
training stage. Overall, our research findings address the central research question by pre-
senting novel methods and analyses for enhancing LMs in diverse NLP applications.
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INTRODUCTION

1.1 Background and Motivation

Recent years have witnessed the emergence of Transformer-based [246] Pre-trained Lan-

guage Models (PLMs)1, such as BERT [46], RoBERTa [156], T5 [206], GPT series [204, 205, 16,

185], and Llama series [242, 243, 51], which have been widely used in many NLP (Natural

Language Processing) tasks and have shown impressive performance compared to previ-

ous approaches. For example, BERT [46] has significantly advanced the state-of-the-art in

eleven NLP tasks since its release and has become a standard for language modelling. More

recently, GPT-4 [185] and Llama-3 [51] have become the leading representatives of closed-

source and open-source LLMs (Large Language Models), respectively. They demonstrate

superior performance across various tasks and exhibit capabilities that go beyond mere

language processing. The success of PLMs has made them the foundation of modern AI

(Artificial Intelligence) applications used by millions of people today, including ChatGPT2,

Google’s Gemini3, and Microsoft’s Copilot4.

The majority of a PLM’s intelligence primarily stems from large-scale pre-training [297],

which has become the initial step in training a randomly initialized language model. PLMs

trained on massive unlabeled text corpora collected from various high-quality sources such

1In this thesis, LMs (Language Models) and LLMs (Large Language Models) are used interchangeably with
PLMs (Pre-trained Language Models), as almost all modern Transformer-based LMs or LLMs are pre-trained.

2https://openai.com/index/chatgpt/
3https://blog.google/technology/ai/google-gemini-ai/
4https://www.microsoft.com/en-au/microsoft-copilot

1
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CHAPTER 1. INTRODUCTION

Figure 1.1: A pre-trained LM is static and can quickly be outdated, making factually incor-
rect predictions. (e.g., ChatGPT; [184]).

as Wikipedia, academic papers, books, and GitHub, implicitly encode vast amounts of knowl-

edge within their parameters [196, 213, 103]. This enables them to serve as versatile foun-

dation models, capable of performing various tasks directly through ICL (In-context Learn-

ing) [154, 185, 17, 109], including QA (Question Answering) [195, 109], reasoning [198],

summarization [67], and content generation [100], or further fine-tuning for domain-specific

applications [233, 65, 155], including legal [22] and medical [113, 182] domains.

Despite the tremendous success of PLMs in NLP, several significant challenges remain

unresolved. One major issue is that LMs become static after pre-training, meaning their

embedded knowledge can quickly become outdated as the world continues to evolve [133,

1, 150]. During inference, LMs recall relevant knowledge stored in their parameters based

on the given inputs and make predictions. However, due to the knowledge cut-off in LMs,

this parametric memorization can lead to hallucinations, where the generated content is

nonsensical or unfaithful to the provided source material, resulting in factual inaccura-

cies [91]. For instance, as shown in Fig. 1.15, the answer to "Who is the current Prime

Minister of Australia?" has changed from "Scott Morrison" to "Anthony Albanese"

since 2022, but ChatGPT (with no web browsing) fails to answer.

Another major limitation of PLMs is that they are restricted to the knowledge acquired

during pre-training. This restriction means that PLMs often fall short on domain-specific

tasks due to limited exposure to the relevant knowledge and vocabulary from the train-

ing corpus. As illustrated in Fig. 1.2, proprietary, commercial, and domain-specific data

are often excluded from pre-training corpora, resulting in such knowledge being rarely

learned by LMs. For instance, even powerful models like OpenAI’s ChatGPT [184] perform

poorly in specialized domains such as legal [22] and medical [113, 182] fields. Although

increasing the model size can encode more knowledge in its parameters, it is impractical

to encode the entirety of the world’s knowledge [240]. Furthermore, there is always new

5The screenshot was taken in April 2024 for ChatGPT (3.5) without web browsing.
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1.2. RESEARCH QUESTIONS

Figure 1.2: An illustration of knowledge that is outside of the scope of the pre-training cor-
pora, such as private or commercial domain-specific data and new world knowledge [304].

data and emerging tasks that LMs have not encountered before, which can result in poor

performance. The static nature of PLMs makes the memorized knowledge quickly obso-

lete, which often causes hallucinations, rendering them unreliable for knowledge-intensive

tasks [132, 164, 100, 232]. Ensuring that PLMs remain aligned with the ever-changing world

knowledge and emerging tasks is a pressing concern, especially after deployment, because

many users and downstream applications rely on them, particularly in the era of LLMs.

Previous approaches have attempted to extend the knowledge of PLMs by fine-tuning

them with supervised task-specific datasets [253, 158, 216, 250] or by incorporating new

knowledge through retrieving relevant information at test time, thereby keeping the pa-

rameters of the models unchanged [138, 208, 229]. However, these approaches often over-

look the high cost of collecting labelled supervised datasets or fail to consider the potential

side effects of fine-tuning.

In this thesis, we are motivated to address a central question: how can new knowledge be

incorporated efficiently into LMs beyond the pre-training stage? Specifically, we investigate

this problem from three angles. First, we explore data-efficient methods for training new

task-specific language models. Second, we focus on continually adapting language models

to emerging tasks and domains while minimizing the side effects of frequent parameter

updates. Lastly, for recent LLMs, we efficiently incorporate new knowledge to improve task

performance with lower inference overhead. Through these research questions, we aim to

advance the understanding of how to efficiently extend the capabilities of PLMs beyond the

pre-training stage. Our goal is to minimize any negative effects on previously acquired skills

while maximizing performance on tasks that require new knowledge, thereby enhancing

various downstream NLP tasks.

1.2 Research Questions

In this thesis, we study methods for efficiently and effectively updating language models’

existing knowledge and abilities gained during pre-training, aiming to minimize any ad-

verse effects on those prior skills and maximize the performance of tasks that require new

3
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knowledge. Therefore, we propose three research questions as follows.

Research Question 1

How can we efficiently and effectively label raw data to aid in training new task-specific

language models?

Fine-tuning LMs on new data collected from different domains has been widely adopted

in the literature to expand LMs’ knowledge beyond the scope of pre-training [46, 156, 206,

167]. However, existing approaches typically assume that labelled data already exists for su-

pervised training and can be used directly. Yet, practically, collecting high-quality labelled

data for training is expensive and time-consuming. Moreover, not all data instances are

equally important, so data selection is essential for training a high-performing LM [297].

Therefore, RQ1 focuses on task-specific LMs and explores methods from a data perspec-

tive, aiming to reduce the costs of annotating raw data for training while improving perfor-

mance on downstream tasks.

Research Question 2

How can we adapt language models to emerging tasks while minimizing catastrophic

forgetting and maximizing knowledge transfer?

After large-scale pre-training, LMs have shown impressive performance on various NLP

tasks and can even generalize remarkably well to unseen tasks [253, 216, 250, 36, 158]. How-

ever, LMs still fall short on domain-specific tasks due to the limited exposure to relevant

knowledge and vocabulary from the training corpus [163]. For example, a well-trained gen-

eral LM may perform poorly in domains such as math, finance, and medicine, and it can-

not solve tasks that it has not learned before. Fine-tuning LMs on task-specific data can

solve this issue to some extent. However, frequently fine-tuning LMs on data with different

distributions can lead to catastrophic forgetting, a phenomenon where previously learned

knowledge or abilities degrade due to overwritten parameters [171]. Moreover, enabling

knowledge transfer is also essential, as many tasks are similar and share common knowl-

edge [121]. To address this issue, RQ2 explores methods to continually adapt LMs to new

domains and tasks, aiming to alleviate catastrophic forgetting and maximize knowledge

transfer.
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Research Question 3

How can we efficiently incorporate new knowledge into language models without com-

promising their existing knowledge?

In RQ1 and RQ2, we explore how to adapt LMs to emerging skills and knowledge through

fine-tuning. However, in the era of LLMs, model sizes have grown exponentially and of-

ten contain hundreds of billions of parameters [16, 186, 35, 285, 185, 243, 6], making fine-

tuning prohibitively expensive. On the one hand, fine-tuning is both expensive and en-

vironmentally unfriendly [190], especially in the era of LLMs with billions of parameters.

For instance, LLaMA-65B was trained for about one million GPU hours and emitted more

than a hundred tons of carbon [243]. On the other hand, fine-tuning without constraints

may have a "butterfly effect" and affect other knowledge or skills present in the model

[128, 139, 3], causing degraded generalization [177], catastrophic forgetting [128, 300, 3],

or knowledge conflicts [181]. While RAG (Retrieval-Augmented Generation) can effectively

incorporate new information into language models, indiscriminate retrieval can lead to sig-

nificant inference overheads. Therefore, RQ3 aims to provide a solution that maintains the

general skills of LMs while being efficient and avoiding the need for expensive fine-tuning.

1.3 Contributions

This thesis studies efficient and effective knowledge updates in pre-trained language mod-

els. The core contributions of the thesis are summarized as follows:

• Systematic Survey of Knowledge Updates in Language Models: This work is one of

the first to review the recent compelling advances in aligning pre-trained LLMs with

the ever-changing world knowledge. We categorize research works systemically and

highlight representative approaches in each category and provide an in-depth com-

parison with discussion for insights.

• Learning New Knowledge via a Data Efficient Method: This work is the first attempt

to apply turn-level Active Learning to Dialogue State Tracking for training new task-

specific LMs. In this work, we propose a novel model-agnostic turn-level Active Learn-

ing framework for dialogue state tracking, which provides a more efficient way to an-

notate new dialogue data. Our approach strategically selects the most valuable turn

from each dialogue to label, which largely saves annotation costs. In addition, using
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significantly reduced annotation data, our method achieves the same or better DST

performance under the weakly-supervised setting.

• Learning New Tasks Continually: This work is the first step to exploring continual

learning in instruction-tuned language models. First, we formulate the problem of

Continual Instruction Tuning and establish a benchmark suite consisting of learning

and evaluation protocols. Second, we curate two long task streams of various types to

study different setups of Continual Instruction Tuning. Last, we implement various

continual learning methods of different categories, conduct extensive experiments

and ablation studies to analyze the lack of current practices and propose a future

direction.

• Learning New Knowledge Adaptively: This work first points out the limitations of

retrieval-augmented generation. To facilitate the research in this area, we create a

new dataset to assess adaptive retrieval-augmented generation for short-form open-

domain QA. Then, we benchmark existing methods and conduct extensive analysis,

finding that vanilla prompting is insufficient in guiding LLMs to make reliable re-

trieval decisions. Finally, we propose a simple yet effective method to help LLMs as-

sess the necessity of retrieval without calibration or additional training.

1.4 Thesis Organization

This thesis explores approaches to learning new knowledge and tasks of language models

after the pre-training stage. The remaining of the thesis is organized as follows:

• Chapter 2 describes how knowledge is acquired in language models and related work

in various approaches to updating LMs’ knowledge after the pre-training stage.

• Chapter 3 presents our proposed approaches to address RQ1: How can we efficiently

and effectively label raw data to aid in training new task-specific language models?

We demonstrate the effectiveness of our methods on the task of supervised dialogue

state tracking.

• Chapter 4 outlines our answers to RQ2: How can we adapt language models to emerg-

ing tasks while minimizing catastrophic forgetting and maximizing knowledge trans-

fer? We describe our proposed approaches to continually adapt instruction fine-tuned

language models for new tasks without severely comprising their prior abilities. We
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design the learning and evaluation protocols and validate the effectiveness of our ap-

proaches on two curated long task streams.

• Chapter 5 tries to answer RQ3: How can we efficiently incorporate new knowledge

into language models without compromising their existing knowledge? We first iden-

tify the limitations of existing RAG-based solutions and then describe our improved

approach for incorporating knowledge into language models adaptively and efficiently.

To validate our approach, we establish a new benchmark for the short-form question-

answering task.

• Chapter 6 summarises the thesis and provides the potential future directions and

challenges on knowledge updates in pre-trained language models.

1.5 Publications

The main body of this thesis has been published in major artificial intelligence (NLP) con-

ferences. Specifically, the primary content of Chapter 2 has been published in one paper,

which is a comprehensive survey of recent advances in aligning language models with the

ever-changing world knowledge:

• Zihan Zhang, Meng Fang, Ling Chen, Mohammad-Reza Namazi-Rad, and Jun Wang.

2023. How Do Large Language Models Capture the Ever-changing World Knowledge?

A Review of Recent Advances. In Proceedings of the 2023 Conference on Empirical

Methods in Natural Language Processing, pages 8289–8311, Singapore. Association

for Computational Linguistics. (CORE A*)

The content of Chapter 3 has been published in one paper about efficient data annota-

tion for learning new dialogue states:

• Zihan Zhang, Meng Fang, Fanghua Ye, Ling Chen, and Mohammad-Reza Namazi-

Rad. 2023. Turn-Level Active Learning for Dialogue State Tracking. In Proceedings

of the 2023 Conference on Empirical Methods in Natural Language Processing, pages

7705–7719, Singapore. Association for Computational Linguistics. (CORE A*)

There is another paper on efficiently discovering topics from documents via contextu-

alized clustering, but since it is an unsupervised method without model training, it is not

included in the thesis:
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• Zihan Zhang, Meng Fang, Ling Chen, and Mohammad Reza Namazi Rad. 2022. Is

Neural Topic Modelling Better than Clustering? An Empirical Study on Clustering

with Contextual Embeddings for Topics. In Proceedings of the 2022 Conference of the

North American Chapter of the Association for Computational Linguistics: Human

Language Technologies, pages 3886–3893, Seattle, United States. Association for Com-

putational Linguistics. (CORE A)

Chapter 4 primarily consists of a paper on learning new tasks and knowledge for lan-

guage models via continual instruction tuning:

• Zihan Zhang, Meng Fang, Ling Chen, and Mohammad-Reza Namazi-Rad. 2023. CITB:

A Benchmark for Continual Instruction Tuning. In Findings of the Association for

Computational Linguistics: EMNLP 2023, pages 9443–9455, Singapore. Association

for Computational Linguistics. (CORE A*)

The research described in Chapter 5 has been published in a paper focusing on learn-

ing new knowledge without altering language models’ internal parameters via retrieval-

augmented generation:

• Zihan Zhang, Meng Fang, and Ling Chen. 2024. RetrievalQA: Assessing Adaptive Retrieval-

Augmented Generation for Short-form Open-Domain Question Answering. In Find-

ings of the Association for Computational Linguistics: ACL 2024, Bangkok, Thailand.

Association for Computational Linguistics. (CORE A*)
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2
LITERATURE REVIEW

In this chapter, we conduct a literature review to provide the necessary background on pre-

trained language models (PLMs). Specifically, we first discuss how language models (LMs)

acquire knowledge in §2.1, followed by an exploration of how knowledge can be updated in

LMs in §2.2. The majority of this chapter is based on one published paper at EMNLP 2023

– How Do Large Language Models Capture the Ever-changing World Knowledge? A Review

of Recent Advances [289].

2.1 Knowledge Acquisition in Language Models

Recent studies have demonstrated that language models (LMs) pre-trained on extensive

datasets possess a broad spectrum of knowledge, including factual information, linguis-

tic structures [238, 13], reasoning abilities [151, 268], mathematical skills [227], and cod-

ing proficiency [28, 254]. These abilities, collectively referred to as "parametric knowledge"

have been shown to reliably reside within a subset of the trained parameters in pre-trained

models [103, 200, 118]. For example, [196, 213] examine the knowledge encoded in the pa-

rameters of PLMs. [23] further explore how LMs, particularly LLMs, acquire factual knowl-

edge during pre-training. Their findings indicate that factual knowledge acquisition in LLM

pre-training occurs by progressively increasing the probability of factual knowledge pre-

sented in the pre-training data at each step. Other research, such as [2, 53, 141], investi-

gates how LMs learn and capture factual knowledge from the training data. Additionally,

[4] demonstrate that the knowledge used during pre-training should be as diverse as possi-
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Figure 2.1: A trained LLM is static and can be outdated (e.g., ChatGPT; [184]).

ble to be reliably extracted. On the other hand, recent investigations reveal that LMs strug-

gle to acquire long-tail knowledge [110, 168] and cannot effectively leverage the knowledge

learned during pre-training . [75, 162, 237] study the training dynamics of LMs, particu-

larly how these dynamics evolve during training, while [245, 241] focus on the dynamics of

memorization in LM pre-training.

2.2 Knowledge Updating in Language Models

In this section, we review various techniques for updating the knowledge in LMs (Language

Models), with a particular emphasis on LLMs (Large Language Models). As the deployment

of LLMs in various applications grows, the need for efficient and effective methods to keep

their knowledge up-to-date becomes increasingly critical.

LLMs [16, 186, 35, 285, 185, 243, 6] trained on massive corpora from various sources

(e.g., Wikipedia, Books, Github) implicitly store enormous amounts of world knowledge in

their parameters [196, 213, 103], enabling them to act as versatile foundation models for

performing various natural language processing (NLP) tasks directly through in-context

learning [154, 185, 17, 109] or for further fine-tuning for domain-specific uses [233, 65, 155].

Despite their impressive performance, LLMs are static after deployment, and there is

no mechanism to update themselves or adapt to a changing environment [114, 17]. Our

world, however, is dynamic and constantly evolving. As shown in Fig. 2.1, the static nature

of trained LLMs makes the memorized knowledge quickly obsolete, which often causes hal-

lucinations, rendering them unreliable for knowledge-intensive tasks [132, 164, 100, 232].

In the era of LLMs, ensuring their alignment with the ever-changing world knowledge and

maintaining their up-to-date status after deployment is a pressing concern because many

users and downstream applications rely on them. Unfortunately, simply re-training LLMs

with the latest information is infeasible due to prohibitive costs [190].
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Intuitively, to update an LLM, one can either replace the obsolete knowledge stored

implicitly in the model with new ones by modifying its parameters, or override the out-

dated model outputs using new information explicitly retrieved from the world. Tremen-

dous work has been proposed in the literature to implicitly or explicitly refresh deployed

LLMs; however, these approaches, scattered among various tasks, have not been systemat-

ically reviewed and analyzed.

In this section, we survey the recent compelling advances in aligning deployed LLMs

with the ever-changing world knowledge. We categorize research works systemically and

highlight representative approaches in each category (§2.2.1) and provide an in-depth com-

parison with discussion for insights (§2.2.4).

To the best of our knowledge, reviews on this topic are scarce. Closest to our work,

[3] review pre-trained language models (LMs) as KBs (Knowledge Bases) and review a set

of aspects that a LM should have to fully act as a KB; [19] further divide the life cycle of

knowledge in LLMs into five periods and survey how knowledge circulates; [269] conduct

an empirical analysis of existing knowledge editing methods. Despite partially overlap-

ping with our discussion of knowledge editing in §2.2.2.2, they only touch a subset of the

scope that our survey studies and ignore other potentials in aligning LLMs with the world

knowledge. [176, 252, 202] study augmented, interactive, and tool learning of LLMs respec-

tively, which share different goals from ours. Previous knowledge-enhanced LMs surveys

[301, 256, 278, 271, 294] focus on injecting knowledge into LMs, typically requiring modi-

fying the model’s architecture or re-training. Instead, we focus on the potential of how de-

ployed LLMs capture the ever-changing world knowledge effectively and efficiently without

re-training. [251] provide a comprehensive review of forgetting in deep learning that is not

limited to continual learning. [188] review potential approaches that unify KGs (Knowledge

Graphs) and LLMs. While structural knowledge, such as KGs, can broadly be categorised as

explicit knowledge and augmented to LLMs for new knowledge, KG is static after creation

and can still be outdated [99]. New information or discoveries not yet incorporated into

KGs may lead to outdated knowledge. However, how to efficiently update KGs is out of the

scope of this review.

2.2.1 Taxonomy of Methods

Based on whether the method tends to directly alter the knowledge stored implicitly in

LLMs, or leverage external resources to override the outdated knowledge, we roughly cate-

gorize them as implicit (§2.2.2) or explicit (§2.2.3) approaches. We summarise representa-

tive works from each category in Fig. 2.4. Note that Implicit means the approaches seek to
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Figure 2.2: A high-level comparison of different approaches.

2.2.2 Implicitly Align LMs with World Knowledge

Previous studies have shown that LLMs can implicitly memorize knowledge in their large

number of parameters after being pre-trained on massive corpora [196, 213, 103, 233]. To

keep LLMs up-to-date and align with the current world knowledge, the straightforward way

is to alter the model’s behaviour from themselves to generate desired outputs. To cope with

this issue, this line of work aims to design better strategies to modify the internal states

of LLMs in a more controllable and efficient way, which can be categorized into naive ap-

proaches (§2.2.2.1), knowledge editing (§2.2.2.2), and continual learning (§2.2.2.3).

2.2.2.1 Naive Approaches

Naively, one can regularly re-train the model from scratch or fine-tune the model with the

latest corpora to align with current world knowledge.

Re-training. Intuitively, one can regularly re-train the model from scratch with the lat-

est corpora to align with current world knowledge. However, this naive solution has clear
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downsides: (1) Re-training is both time and money expensive and environmentally un-

friendly [190], especially in the era of LLMs with billions of parameters. For instance, LLaMA-

65B was trained for about one million GPU-hours and emitted more than a hundred tons

of carbon [243]; (2) It is unrealistic to frequently re-training an LLM in response to the con-

stantly changing world.

Fine-tuning. Another simple approach is to periodically curate a small-scale dataset con-

taining the desired knowledge we wish the model to add, update, or delete, then fine-tune

the model on the dataset. Despite being computationally cheaper than re-training, it still

falls short in that, without constraints, directly fine-tuning the model may have a "butterfly

effect" and affect other knowledge or skills present in the model [139], causing degraded

generalization [177], catastrophic forgetting [128, 300, 3], or knowledge conflicts [181].

Constrained Fine-tuning. To solve part of the above-mentioned issues, [300] propose to

only fine-tune the model on the small-scale modified facts set and add explicit constraints

on the model weights so that the model learns to answer the modified facts while keep-

ing the remaining knowledge intact. Specifically, they use various norms (L0, L2, and L∞)

to prevent the parameters of the fine-tuned model θ′ from drifting too far from the orig-

inal model parameters θ. They further find that fine-tuning only the first and last layers

of the Transformer model [246] results in better adaptation to the modified facts and bet-

ter preservation of performance on the unmodified facts. However, the norm-based con-

straint on parameters ignores the highly non-linear nature of LMs and how parameters

determine the outputs of the model, making their method potentially unreliable [43]. In

addition, [177] confirm that constrained fine-tuning generally does not consistently pro-

vide edit generality.

2.2.2.2 Knowledge Editing

Since tuning LLMs to learn new knowledge can be prohibitively expensive [190], researchers

seek efficient methods to directly update more specific, localized, or fine-grained knowl-

edge that is preserved in LLMs [177]. KE (Knowledge Editing) is an arising and promising

research area that aims to alter the parameters of some specific knowledge stored in pre-

trained models so that the model can make new predictions on those revised instances

while keeping other irrelevant knowledge unchanged [234, 43, 177, 172, 78, 173]. In this

section, we categorize existing methods into meta-learning, hypernetwork, and locate-and-

edit -based methods.
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To facilitate the development of this area, [43] formulate three desiderata that an ideal

editing method should follow: 1 Generality: the method should be capable of altering

the knowledge of any LM that is not specifically trained to be editable (e.g., PaLM, GPT-

4, LLaMA); 2 Reliability: the method should only update the targeted knowledge with-

out influencing the rest of the knowledge in the LM. For instance, the answer to "Who is

the current Prime Minister of Australia?" has changed from "Scott Morrison"

to "Anthony Albanese" since 2022, updating the knowledge from "Scott Morrison" to

"Anthony Albanese" should not change the knowledge "Argentina won the 2022 World

Cup"; 3 Consistency (Generalization): after updates, the model predictions should be

consistent across semantically equivalent inputs (e.g., correctly predicts "Anthony Albanese"

to "Who is the AU PM?"). Beyond updating outdated knowledge, knowledge editing can

also delete sensitive information for privacy issues or eliminate biases in the pre-training

corpora.

However, not until recently, [183, 296] show that, after performing knowledge editing,

the LLM does not really "learn" the updated knowledge and thus cannot propagate the new

knowledge and make further inferences based on them. For instance, after learning that

"the current PM of Australia is Anthony Albanese", the model might not able to

make predictions of "Who is the spouse of the current PM of Australia?".

Meta-learning. This line of work generally focuses on the intrinsic editability of the model

itself, aiming to modify the model parameters so that they can be easily updated during in-

ference [43, 177]. [234] propose a model-agnostic meta-learning-based [59] method that

trains neural networks in a way that the trained parameters can be easily edited after-

wards. [32] introduce a two-loop framework. In the inner training loop, they employ a few

gradient updates to enable a pre-trained GPT-2 model [205] to efficiently memorize ex-

ternal knowledge. Subsequently, in the outer loop, the model parameters are dynamically

adjusted through optimal meta-parameter learning to incorporate additional knowledge

that aids reasoning tasks. [234], by constraining the training objective, encodes editability

into the parameters of the model itself so that the model is "prepared" for incoming edits.

While being effective and no new parameters are required, it does not conform to gener-

ality as it requires specialized training of the original model [43]. Moreover, to enforce the

constraint that the editable model agrees with the original pre-trained model’s predictions,

[234]’s method needs to retain a copy of the original model, which significantly consumes

computation memory [177]. [32] also requires training of the original LM, which could be

computationally expensive for larger LMs. In addition, whether it will influence other irrel-

14



2.2. KNOWLEDGE UPDATING IN LANGUAGE MODELS

evant knowledge in the model remains unknown, making the method potentially unreli-

able.

Hypernetwork Editor. In contrast to pre-modifying the pre-trained language model, an

alternative approach in the field involves training extrinsic editors that update knowledge

during test time, thereby avoiding any modifications to the base model. [43] reframe edit-

ing the knowledge of a model as a learning-to-update problem. Specifically, given a single

data instance that needs to be updated, their trained hypernetwork [74] predicts a shift ∆θ

such that θ′ = θ+∆θ, where θ is the original pre-trained LM weights and θ′ is the updated

weights. To keep editing effective while being easy to scale to larger LMs with billions of

parameters, [177] decompose weight updates into low-rank components [87], thus making

it possible to scale to LLMs. Orthogonal to [177], [78] introduce a new training objective

considering sequential, local, and generalizing model updates. Although scaled beyond a

single edit, their edit success rate significantly degrades when performing larger edits si-

multaneously. Unlike the above methods that operate on the model’s weight, [83] perform

edits on the representation level. [187] employ knowledge distillation to transfer knowledge

generated from a teacher model to a student model. [43] can be more efficient than [234], as

it does not retain the copy of the original model nor compute higher-order gradients. How-

ever, it can only update a single fact rather than multiple facts in a row and fail to edit large

models, leading to poor scalability [177, 78]. [177] improve [43]’s work and is stable to edit

LMs from BERT-base (110M) [46] to T5-XXL (11B) [206]. However, when editing multiple

knowledge simultaneously, their edit success rate significantly degrades.

Locate and Edit. Generally, this line of work adopts the locate and edit pattern: they first

identify the location of specific knowledge stored in the model via different assumptions,

then directly modify the weights or representations to update knowledge. Inspired by the

findings that FFN (Feed-Forward Networks) in Transformer [246] are key-value memories

[64], [40] introduce the knowledge neurons concept and propose a gradient-based knowl-

edge attribution method to identify these knowledge neurons in FFNs. Further, without

fine-tuning, they directly modify the corresponding value slots (e.g., embeddings) in the

located knowledge neurons and successfully update or delete knowledge, demonstrating a

preliminary potential to edit knowledge in LMs.

Different from [64]’s per-neuron view, [172] conduct casual tracing analysis on GPT-2

and hypothesize that the Transformer MLP (Multilayer Perceptron) can be viewed as a lin-

ear associative memory. They verify their hypothesis by directly updating the middle-layer
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MLP weights with a rank-one update [10]. Following [172]’s work, [173] propose a scalable

multi-layer method to update an LLM with thousands of facts simultaneously, significantly

improving editing efficiency while maintaining generalization and specificity. [69] further

adapt it to fix commonsense mistakes. [142] find that MHSA (Multi-Head Self-Attention)

weights do not require updating when introducing new knowledge. Based on this, they pro-

pose precisely updating FFN weights by simultaneously optimizing the Transformer com-

ponent hidden states of MHSA and FFN to memorize target knowledge. [31] propose an

architecture-adapted multilingual integrated gradients method to localize knowledge neu-

rons precisely across multiple architectures and languages. [63] analyze the internal recall

process of factual associations in auto-regressive LMs, opening new research directions for

knowledge localization and model editing.

While simple, [40] do not ensure reliability on other irrelevant knowledge and general-

ization on semantically equivalent inputs. Despite showing both generalization and speci-

ficity, [172] only edits a single fact at a time, making it impractical for large-scale knowledge

updating in LLMs. Through casual tracing, [173] identify and update the critical MLP layers

in one go. However, [77] argue that the relation between localization and editing may be

misleading as they can edit factual knowledge in different locations that are not suggested

by casual tracing.

Other. [260] propose an evaluation framework and dataset for measuring the effective-

ness of knowledge editing of LLMs, as well as the ability to reason with the altered knowl-

edge and cross-lingual knowledge transfer. Similarly, [37] evaluate the implications of an

edit on related facts and show that existing methods fail to introduce consistent changes in

the model’s knowledge. [107] propose an evaluation benchmark for locate-and-edit-based

methods, aiming to reassess the validity of the locality hypothesis of factual knowledge.

[248] and [264] consider multilingual and extend existing knowledge editing methods into

cross-lingual scenarios.

2.2.2.3 Continual Learning

While knowledge editing provides fine-grained control to update specific knowledge in

LLMs, it often requires large amounts of supervised training data to make edits, which is

non-trivial to create [76]. In addition, when an LLM needs to quickly acquire new domain

knowledge (e.g., legal or medical), such small-scale model edits may not be efficient. More-

over, after multiple parameter patches to a deployed model, its internal knowledge may

conflict, leading to unpredictable behaviours [177].
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Sharing a related goal, CL (Continual Learning) aims to enable a model to learn from

a continuous data stream across time while reducing CF (Catastrophic Forgetting) of pre-

viously acquired knowledge [12]. In contrast to knowledge editing, CL generally updates

models on a larger scale and works in long learning sequences with minimal memory over-

heads [177]. Hence, CL can also be used for deployed models to update their knowledge.

With CL, a deployed LLM has the potential to adapt to the changing world without costly

re-training from scratch [17]. In this section, we introduce approaches that employ CL for

aligning LLMs with the current world knowledge, including continual pre-training and con-

tinual knowledge editing.

Continual Pre-training. Unlike traditional continual learning, which sequentially fine-

tunes a pre-trained LM on some specific downstream tasks (e.g., QA, text classification),

continual pre-training is used to further pre-train an LM to acquire new knowledge, where

the data corpus is usually unsupervised [72, 120]. Since our target is the versatile foundation

LLMs (e.g., GPT-4) that can be applied to many different use cases rather than a fine-tuned

model designed for a specific task, we focus on the literature on continual pre-training.

Early works [72, 214, 133, 47] empirically analyze continuing LM pre-training on emerg-

ing domain or temporal data, showing the potential to update the base LM with new knowl-

edge. [98] explicitly categorize world knowledge as time-invariant, outdated, and new knowl-

edge, which should be retained, acquired, and updated respectively by an LM when learn-

ing continually. [105, 97, 98] additionally implement traditional CL methods to alleviate

catastrophic forgetting, a phenomenon in which previously learned knowledge or abilities

are degraded due to overwritten parameters [128]. Among the literature, CL methods can be

mainly categorized into 1 Regularization, 2 Replay, and 3 Architectural -based meth-

ods.

1 Regularization. To mitigate forgetting, regularization-based methods apply regula-

tions to penalize the changes in the critical parameters learned from previous data. [29]

improve the traditional EWC [128] by recalling previously learned knowledge through the

pre-trained parameters, and the method continually learns new information using a multi-

task learning objective. [120] compute the importance of each unit (i.e., attention head and

neuron) to the general knowledge in the LM using a proxy based on model robustness to

preserve learned knowledge. When continually learning new domains, the approach pre-

vents catastrophic forgetting of the general and domain knowledge and encourages knowl-

edge transfer via soft-masking and contrastive loss.

2 Replay. These methods generally reduce forgetting by replaying previous training
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data when learning new data. Assuming that the initial pre-training corpus is available,

[81] use a gradual decay mix-ratio to adjust the quantity of the pre-training corpus mixed

in the new data when learning sequentially. ELLE [203] and CT0 [219] also mix the old data

while learning new data. However, ELLE starts the pre-training from a newly initialized and

relatively small BERT [46] and GPT [204], while CT0 continues learning from T0-3B [216], a

pre-trained and instruction-tuned model.

3 Architectural. These methods typically alleviate forgetting by using different subsets

of parameters for distinct tasks or domains. [249, 87, 119] freeze the original parameters of

the LM to preserve the learned knowledge and add lightweight tunable parameters for con-

tinually learning new knowledge. [249] add separate adapters [85] for each new task, while

[119] let all domains share adapters and employ task masks to protect critical neurons from

being updated. DEMix-DAPT [71] replaces every FFN layer in Transformer with a sepa-

rate domain expert mixture layer, containing one expert per domain. When learning new

knowledge, they only train the newly added expert in each DEMix layer while fixing all other

experts. Similarly, Lifelong-MoE [30] progressively expands experts to increase model ca-

pacity for learning new knowledge, and mitigates forgetting by freezing previously trained

experts and gatings with output-level regularization. [203] enlarge the model’s width and

depth to attain learning efficiency and employ memory replay to reduce forgetting.

4 Other Methods. [89] meta-trains an importance-weighting model to reweight the

per-token loss of the continual data stream, intending to quickly adapt the base LM to new

knowledge. [193] apply kNN-LM [122] to continual learning from streaming data and selec-

tively store hard cases in a non-parametric memory, significantly improving the data-wise

and model-wise scalability. [276] assess self-information-update in LLMs via CL and miti-

gate exposure bias by incorporating the selection of relevant facts into training losses.

Continual Knowledge Editing. [146, 135, 93] and [76] propose a more realistic setting that

a deployed LM should be constantly corrected to fix its prediction errors, showing the po-

tential to align the model with the latest world knowledge. [146] benchmark the continual

model refinement problem by implementing traditional CL methods. [135] and [76] freeze

the LM’s original parameters and continually introduce trainable neurons to the FFN layer

to rectify problematic model behaviours. In contrast, [76] learn to cache a chosen layer’s

activations in a key-value-based codebook and retrieve activations when previous similar

edits have been performed. Without influencing unrelated inputs, it can efficiently edit the

model thousands of times in a row while generalizing edits to previously unseen inputs.

18



2.2. KNOWLEDGE UPDATING IN LANGUAGE MODELS

Category Representative Method Base LM LM Params Augmentation
No

Training
Black
-box

MEND [177] T5 (11B) � auxiliary model ✗ ✗

ROME [172] GPT-J (6B) \ – ✔ ✗

CaliNET [49] T5 (0.7B) � +params ✗ ✗

MEMIT [173] GPT-NeoX (20B) \ – ✔ ✗

K-Adapter [249] RoBERTa (0.3B) � +params ✗ ✗

CT0 [219] T0 (3B) \ memory ✗ ✗

DSA [120] RoBERTa (0.1B) \ – ✗ ✗

MemPrompt [166] GPT-3 (175B) � memory+retriever ✔ ✔

SERAC [178] T5 (0.7B) �
memory

+auxiliary model
✗ ✔

MeLLo [296] GPT-3.5 (175B) � memory+retriever ✔ ✔

IRCoT [244] GPT-3.5 (175B) � retriever ✔ ✔

RARR [60] PaLM (540B) �
search engine

+auxiliary model
✔ ✔

DecomP [124] GPT-3 (175B) � retriever ✔ ✔

ReAct [268] PaLM (540B) � search engine ✔ ✔

FLARE [104] GPT-3.5 (175B) � retriever/search engine ✔ ✔

[132] Gopher (280B) � search engine ✔ ✔

CRITIC [66] GPT-3.5 (175B) � various tools ✔ ✔

Chameleon [160] GPT-4 (?B) � various tools ✔ ✔

Knowledge Editing

Continual Learning

Memory-enhanced

Retrieval-enhanced

Internet-enhanced

Table 2.1: Comparison between representative methods.

2.2.3 Explicitly Align LMs with World Knowledge

Although altering the knowledge implicitly stored in LLMs has shown to be effective [98,

173], it remains unclear whether it will affect the models’ general abilities due to the com-

plexity of neural networks. In contrast, explicitly augmenting LLMs with the latest informa-

tion retrieved from various sources can effectively adapt the models to new world knowl-

edge without affecting the original LLMs [176]. However, previous retrieval-augmented meth-

ods [112, 73, 138, 96, 14, 101, 117] usually jointly train a retriever and an LM in an end-to-

end fashion, making it challenging to apply to a deployed LLM (e.g., GPT-3). Recently, re-

searchers have focused on equipping a fixed LLM with external memory (memory-enhanced;

§2.2.3.1), an off-the-shelf retriever (retrieval-enhanced; §2.2.3.2), or Internet (Internet-enhanced;

§2.2.3.3) to cope with this issue.

2.2.3.1 Memory-enhanced

Pairing a static LLM with a growing non-parametric memory enables it to capture infor-

mation beyond its memorized knowledge during inference [261]. The external memory

can store a recent corpus or feedback that contains new information to guide the model

generation.
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Who won the World 
Cup in Qatar?

Argentina

How many champions does 
the winner of the Qatar 
World Cup have in total 

throughout history?

3 times

Argentina is the winner 
of the Qatar World 

Cup...How many times…

Single-Stage Multi-Stage

LLM

LLM

LLM

Figure 2.3: Single-Stage (left) typically retrieves once, while Multi-Stage (right) involves
multiple retrievals or revisions to solve complex questions (§2.2.3.2).

Storing Corpus or Documents. kNN-LM [122] stores every <context, token> as key-

value pairs from a corpus in memory. During inference, it calculates the probability of the

next token by interpolating a fixed LM with a distribution retrieved from the k nearest to-

kens in the memory. Following this vein, [80, 50, 5] improve the efficiency of kNN-LM by

skipping unnecessary retrieval. [174] build an additional graph neural network to aggregate

information from the retrieved context for better generation. [193] improve the scalability

of kNN-LM for continual learning, while [228] apply it for zero-shot inference on down-

stream tasks.

Storing Feedback or Corrections. Inspired by the fact that humans can learn from past

mistakes, this line of work stores user feedback in memory to fix the model’s problematic

predictions and avoid similar errors in the future. By querying the memory, the base LLM

gains editability to update its outdated knowledge. [116, 236] train an auxiliary corrector to

apply feedback to repair the model output. [42] allow users to interact with the system to

check its facts and reasoning and correct it when it is wrong. Similarly, [166] equip GPT-3

with a growing memory, where the key is a misunderstanding question, and the value is

the corrective feedback. Instead of storing user feedback, [178, 296] explicitly preserve up-

dated knowledge in memory. Given an input, [178] first apply a classifier to determine if

a relevant edit exists in the memory and perform knowledge updating through a counter-
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factual model. Conversely, [296] decompose complex questions and ask the base model to

generate a temporary answer. They revise the model output when the generated answer

contradicts the retrieved facts from memory.

2.2.3.2 Retrieval-enhanced

Leveraging an off-the-shelf retriever and the in-context learning ability of LLMs [16], this

line of work designs better retrieval strategies to incorporate world knowledge into a fixed

LLM through prompting, which can be divided into single-stage and multi-stage (Fig. 2.3).

Single-Stage. To ground the model with external knowledge during generation, [208, 232]

adopt zero-shot and few-shot retrieval respectively and directly prepend the retrieved doc-

uments to the input without changing the base LLM. [295] retrieve similar edit demonstra-

tions for each input and perform in-context knowledge editing. Compared with gradient-

based knowledge editing (§2.2.2.2), they have competitive editing performance with fewer

side effects. Arguing that the general-purpose retrievers could be sub-optimal, [279] adopt

a small source LM to provide LM-preferred signals to train an adaptive retriever. [169] em-

ploy a heuristic based on entity popularity and only retrieve relevant context when the in-

put questions are less popular, which improves performance and reduces inference costs.

Unlike above, to address the limited model’s context length, [229] prepend each retrieved

document separately to an LLM and then ensemble output probabilities from different

passes.

Multi-Stage. When solving complex questions, retrieving information only once based

on the input is often inadequate. This branch of work aims to transform single-stage re-

trieval into multi-stage retrieval in order to solve complex tasks, usually by leveraging rea-

soning. [244] interleave knowledge retrieval with CoT (Chain-of-Thoughts) [255] genera-

tion to solve complex multi-step reasoning questions. Similarly, [197, 124, 268, 104, 223]

decompose questions into sub-questions to provide a specific context for retrieval with

model generation. [189, 33, 94] further enable the usage of different tools to solve various

tasks. Unlike the simple retrieve-then-read paradigm, [123] pass intermediate messages be-

tween an LLM and a retriever; [60, 79, 293, 277] retrieve after generation and perform post-

edit revisions for more faithful outputs. [191] iteratively revise ChatGPT to improve model

responses using feedback and external knowledge. [57] teach LLMs themselves to search

for knowledge from external knowledge graphs (KGs) via prompting and simplify search-
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ing into a multi-hop decision sequence, allowing explainable decision-making of the pro-

cesses.

2.2.3.3 Internet-enhanced

Prior retrieval-augmented work relies on static or offline knowledge sources (e.g., Wikipedia

dump), which may not be sufficiently up-to-date or complete for tasks that require the lat-

est knowledge [114, 286, 140]. A recent trend uses the whole web as the knowledge source

and equips LLMs with the Internet to support real-time information seeking [180, 175,

129, 231, 201, 152]. [132] augment few-shot QA prompting with the context retrieved from

Google search. [197, 104] interleave reasoning with web search. Recently, tools such as

LangChain [24] and ChatGPT Plugins [185] connect a deployed LLM to the Internet with-

out training, making them more powerful for solving knowledge-intensive tasks. Beyond

search engines, [268, 145, 189, 267, 66, 160] treat LLMs as central planners and compose

various plug-and-play tools for solving complex questions.

2.2.4 Comparison and Discussion

We present the comparison of different methods in Table 2.1 and in Fig. 2.2, and the char-

acteristics of different methods in Table 2.2. Note that in Table 2.1, \ means the parame-

ters of the original LM are modified, while � means they are unchanged; Augmentation

means additional components used; No Training indicates the method does not require

additional training; Black-box refers to whether the method suits non-publicly available

models (e.g., no model architecture, parameters, activations, or gradients are available).

Category
Large
Scale

No Side
Effects

Persistent

Knowledge Editing (§2.2.2.2) ✗ ✗ ✔

Continual Learning (§2.2.2.3) ✔ ✗ ✔

Retrieval-based (§2.2.3) ✗ ✔ ✗

Table 2.2: High-level comparison of characteristics of different approaches.

Discussion of Implicit Methods (§2.2.2). Compared to naive re-training or fine-tuning,

KE and CL can effectively update obsolete knowledge in LLMs while minimizing interfer-

ence on irrelevant ones. We identify their major differences: 1 Scale. Existing KE methods

focus on updating small-scale and localized knowledge, typically on synthetic fact pairs
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[177, 172]. While one can perform thousands of edits simultaneously [173], updating enor-

mous knowledge in LLMs may be cumbersome. In contrast, CL enhances models’ adapt-

ability via tuning larger-scale parameters, thus updating more knowledge at scale [98].

However, KE provides fine-grained controllability when specific knowledge needs to be

altered, which is unachievable by CL; 2 Forgetting. Applying KE methods on LLMs fre-

quently in response to the ever-changing world is sub-optimal due to catastrophic forget-

ting [93, 76]; CL mitigates this issue when learning new knowledge; 3 Cost. CL is generally

more computationally expensive than KE due to larger-scale weight updating.

Discussion of Explicit Methods (§2.2.3). Explicit methods use new knowledge retrieved

from the world to override old knowledge in an LLM during generation. Despite being ef-

fective, memory- and retrieval-enhanced methods must periodically maintain the external

memory and the knowledge sources in response to the ever-changing world [114]. Con-

versely, Internet-enhanced methods enable real-time knowledge seeking, although poten-

tially suffering from noisy and low-quality web content [140, 161]. Compared to single-

stage retrieval, multi-stage retrieval can solve more complex problems. Nevertheless, they

may interrupt the generation with multiple retrievals or revisions, leading to considerable

inference overheads [223].

Updating LLMs Implicitly or Explicitly? We observe an increasing trend of explicitly align-

ing LLMs with world knowledge while keeping the model untouched (Table 2.1). Com-

pared to explicit approaches: 1 Applicability. Implicit methods usually require modifying

LLM’s parameters or gradients, making it challenging to update closed-source models; 2

Side Effects. Although constraints have been added to avoid editing irrelevant knowledge

[177, 173] or forgetting general knowledge [98], modifying the LLM’s parameters inevitably

has side effects that may hurt the performance, which is hard to estimate due to the com-

plexity of neural networks [15]; 3 Efficiency. Implicit methods typically require training,

while most explicit methods leverage a fixed LLM and an off-the-shelf retriever, erasing the

necessity of training. However, explicit methods do not directly modify the intrinsic knowl-

edge within LLMs; instead, they rely on on-the-fly retrieval during inference, resulting in a

notable increase in the computational cost of inference.
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Knowledge Neurons [40], ROME [172], MEMIT [173], MEMITC SK
[69], PMET [142], [31], [63], KLoB [107]

Other Eva-KELLM [260], RippleEdits [37], [248], [264], IKE [295]

Continual
Learning

Continual
Pre-

training

Regulari-
zation

RecAdam [29], DSA [120]

Replay-
based

Mix-Review [81], ELLE [203], CT0 [219]

Archite-
ctural

K-Adapter [249], LoRA [87], ELLE [203], DEMix-
DAPT [71], CPT [119], Lifelong-MoE [30], Module-
Former [225]

Other
Temporal-LM [47], Lifelong Pre-training [105], CKL
[98], TemporalWiKi [97], TopicPrefix [136], KILM
[265], SeMem [193], CaMeLS [89], [276], [70]

Continual
Knowl-

edge
Editing

CMR [146], CL-plugin [135], Transformer-Patcher [93], GRACE [76]

Explicit
(§2.2.3)

Memory-
enhanced

Corpus
or Doc-
uments

kNN-LM [122], AdaptRet [80], AdaptCoef [50], RetoMaton [5], [11],
kNN-prompt [228], SeMem [193]

Feedback
or Cor-
rections

Belief Bank [116], FBNet [236], MemPrompt [166], TeachMe [42],
SERAC [178], MeLLo [296]

Retrieval-
enhanced

Single-
Stage

IC-Retrieval [232], IC-RALM [208], AAR [279], IKE [295], Adaptive
Retrieval [169], RePlug [229]

Multi-
Stage

IRCoT [244], RARR [60], RR [79], ReFeed [277], Self-Ask [197], De-
comP [124], ReAct [268], ART [189], ChatCoT [33], MultiTool-CoT
[94], LLM-Augmenter [191], QAaP [303], FLARE [104], DSP [123],
Iter-RetGen [223], Verify-and-Edit [293], CRITIC [66], WikiChat
[220], LLM Rewriter [165], Knowledge Solver [57]

Internet-
enhanced

Internet-Fewshot [132], LLM-URL [305], ReAct [268], Self-Ask [197], ART [189],
RARR [60], TaskMatrix.AI [145], MM-REACT [267], Chameleon [160], FLARE [104],
CRITIC [66], LLM Rewriter [165], LangChain [24], ChatGPT Plugins [185]

Figure 2.4: Taxonomy of methods to align LMs with the ever-changing world knowledge.
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LEARNING KNOWLEDGE VIA DATA EFFICIENT TUNING

In this chapter, we present our data-centric approaches to efficiently and effectively label

raw data for training a task-specific language model. Our focus is on the task-oriented DST

(Dialogue State Tracking) task, which plays a crucial role in task-oriented dialogue systems

widely used in everyday life. As these systems must adapt to emerging data and domains to

assist end users effectively, DST serves as an ideal testbed for incorporating new knowledge

into a pre-trained language model. This chapter is based on one published paper at EMNLP

2023 – Turn-Level Active Learning for Dialogue State Tracking [291].

3.1 Introduction

Dialogue state tracking (DST) constitutes an essential component of task-oriented dia-

logue systems. The task of DST is to extract and keep track of the user’s intentions and

goals as the dialogue progresses [257]. Given the dialogue context, DST needs to predict all

(domain-slot, value) at each turn. Since the subsequent system action and response rely on

the predicted values of specified domain-slots, an accurate prediction of the dialogue state

is vital.

Despite the importance of DST, collecting annotated dialogue data for training is ex-

pensive and time-consuming, and how to efficiently annotate dialogue is still challenging.

It typically requires human workers to manually annotate dialogue states [18] or uses a Ma-

chines Talking To Machines (M2M) framework to simulate user and system conversations

[222]. Either way, every turn in the conversation needs to be annotated because existing
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DST approaches are generally trained in a fully supervised manner, where turn-level an-

notations are required. However, if it is possible to find the most informative and valuable

turn in a dialogue to label, which enables the training of a DST model to achieve com-

parable performance, we could save the need to annotate the entire dialogue, and could

efficiently utilize the large-scale dialogue data collected through API calls.

AL (Active Learning) aims to reduce annotation costs by choosing the most important

samples to label [221, 56, 292]. It iteratively uses an acquisition strategy to find samples

that benefit model performance the most. Thus, with fewer labelled data, it is possible to

achieve the same or better performance. AL has been successfully applied to many fields in

natural language processing and computer vision [218, 21, 52, 88]. However, the adoption

of AL in DST has been studied very rarely. [263] have studied to use AL to reduce the la-

belling cost in DST, using a dialogue-level strategy. They select a batch of dialogues in each

AL iteration and label the entire dialogues (e.g., every turn of each dialogue), which is in-

efficient to scale to tremendous unlabelled data. To our knowledge, turn-level AL remains

unstudied for the task of DST.

Turn User System

Can you tell me some info on the Avalon hotel?

The Avalon is a 4 star moderately priced guesthouse in 
the north with free internet. Would you like to book there?

Yes. Can you book it for 5 people on Saturday? 
We need rooms for 4 nights.

Dialogue State

Your taxi has been booked to take you from Avalon to 
Frankie and Bennys at 17:45. Your taxi will be a black 
Tesla and the contact number is 07715682347.

That sounds great. Thank you very much.

…
..

Will you need any thing else now?

No, thank you that will be all for me, goodbye.

Domain hotel taxi

Slot name book day book people book stay arriveby departure destination

Value Avalon None None None None None None

For what times?

I need a taxi so that it arrives by the time of my 
reservation at the restaurant.

Domain hotel taxi

Slot name book day book people book stay arriveby departure destination

Value Avalon Saturday 5 4 None None None

Domain hotel taxi

Slot name book day book people book stay arriveby departure destination

Value Avalon Saturday 5 2 17:45 Avalon
Frankie and 

Bennys

Domain hotel taxi

Slot name book day book people book stay arriveby departure destination

Value Avalon Saturday 5 2 17:45 Avalon
Frankie and 

Bennys

Domain hotel taxi

Slot name book day book people book stay arriveby departure destination

Value Avalon Saturday 5 2 17:45 Avalon
Frankie and 

Bennys

1

2

…
..

…
..

8

9

10

All turns are used in training Only selected turns are used in training

Figure 3.1: An example of DST from the MultiWOZ dataset [18].

Furthermore, existing DST approaches [259, 82, 239, 302] treat each dialogue turn as a

single, independent training instance with no difference. In fact, in the real-world, utter-

ances in a dialogue have different difficulty levels [41] and do not share equal importance
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in a conversation. For example, in Fig. 3.1 1 , turn-1 is simple and only contains a single

domain-slot and value (i.e., hotel-name=Avalon), while turn-2 is more complex and gener-

ates three new domain-slots, i.e., hotel-book day, hotel-book people, hotel-book stay. Given

the limited labelling budget, it is an obvious choice to label turn-2 instead of turn-1 since

the former is more informative2. In addition, we observe that the complete states of the

dialogue session are updated at turn-8, while turn-9 and turn-10 simply show humans’ po-

liteness and respect without introducing any new domain-slots. Therefore, while the “last

turn” has been studied before [148], it is often not the case that only the last turn of a dia-

logue session generates summary states. Using redundant turns such as turn-9 and turn-10

for training not only requires additional labelling but also possibly distracts the DST model

since it introduces irrelevant context information, thus hindering the overall performance

[266].

Built on these motivations, we investigate a practical yet rarely studied problem: given

a large amount of unlabelled dialogue data with a limited labelling budget, how can we an-

notate the raw data more efficiently and achieve comparable DST performance? To this end,

we propose a novel turn-level AL framework for DST that selects the most valuable turn

from each dialogue for labelling and training. Experiments on MultiWOZ 2.0 and 2.1 show

that our approach outperforms two strong DST baselines in the weakly-supervised sce-

narios and achieves comparable DST performance with significantly less annotated data,

demonstrating both effectiveness and data efficiency. We summarize the main contribu-

tions of our work as follows:

• We propose a novel model-agnostic turn-level Active Learning framework for dia-

logue state tracking, which provides a more efficient way to annotate new dialogue

data. To our best knowledge, this is the first attempt to apply turn-level AL to DST.

• The superiority of our approach is twofold: firstly, our approach strategically selects

the most valuable turn from each dialogue to label, which largely saves annotation

costs; secondly, using significantly reduced annotation data, our method achieves

the same or better DST performance under the weakly-supervised setting.

• We investigate how turn-level AL can boost the DST performance by analyzing the

query sizes, base DST models, and turn selection strategies.

We release our code, data, and model to facilitate future research at https://github

.com/hyintell/AL-DST.

1Utterances at the left and the right sides are from user and system, respectively. Orange color denotes
only the selected turn is used in the weakly-supervised training setup. Only two domains (e.g. hotel, taxi) are
shown due to space limitation. (Best viewed in color).

2Here, informative refers to the turn that has more valid dialogue states.
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3.2 Related Work

3.2.1 Dialogue State Tracking

Dialogue state tracking is an essential yet challenging task in task-oriented dialogue sys-

tems [257]. Recent state-of-the-art DST models [259, 126, 82, 270, 239, 134, 302, 90] using

different architectures and mechanisms have achieved promising performance on com-

plex multi-domain datasets [18, 54]. However, they are generally trained with extensive an-

notated data, where each dialogue turn requires comprehensive labelling.

To mitigate the cost of dialogue annotation, some works train DST models on exist-

ing domains and perform few-shot learning to transfer prior knowledge to new domains

[259, 298], while others further improve transfer learning by pre-training extensive hetero-

geneous dialogue corpora using constructed tasks [258, 192, 149, 235]. Recently, [144, 148]

propose a weakly-supervised training setup, in which only the last turn of each dialogue is

used. For instance, KAGE-GPT2 [148] is a generative model that incorporates a Graph At-

tention Network to explicitly learn the relationships between domain-slots before predict-

ing slot values. It shows strong performance in both full and weakly-supervised scenarios

on MultiWOZ 2.0 [18].

Despite the promising results, we have shown the potential drawbacks of using the last

turns in §3.1. In contrast, in this work, we consider the differences between the turns and

strategically select the turn that benefits the DST model the most from a dialogue for train-

ing.

3.2.2 Active Learning

Active Learning uses an acquisition strategy to select data to minimize the labelling cost

while maximizing the model performance [221]. While AL has been successfully used in

many fields, such as image segmentation [21], named entity recognition [224], text classifi-

cation [218], and machine translation [281, 88], rare work has attempted to apply AL to DST.

Moreover, recently proposed AL acquisition methods are, unfortunately, not applicable to

turn-level DST since they are designed for specific tasks or models. For instance, BADGE [9]

calculates gradient embeddings for each data point in the unlabelled pool and uses cluster-

ing to sample a batch, whereas we treat each turn within a dialogue as a minimum data unit

and only select a single turn from each dialogue; therefore, the diversity-based methods are

not applicable to our scenario. ALPS [280] uses the masked language model loss of BERT

[46] to measure uncertainty in the downstream text classification task, while CAL [170] se-
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lects contrastive samples with the maximum disagreeing predictive likelihood. Both are

designed for classification tasks, so these strategies are not directly applicable. Therefore,

studying an AL acquisition strategy that is suitable for DST is still an open question.

3.3 Preliminaries

We formalize the notations and terminologies used in the work as follows.

Active Learning (AL). AL aims to strategically select informative unlabelled data to an-

notate while maximizing a model’s training performance [221]. This work focuses on pool-

based active learning, where an unlabelled data pool is available. Suppose that we have

a model M , a small seed set of labelled data L and a large pool of unlabelled data U . A

typical iteration of AL contains three steps: (1) train the model M using L ; (2) apply an

acquisition function A to select k instances from U and ask an oracle to annotate them;

and (3) add the newly labelled data into L .

Dialogue State Tracking (DST). Given a dialogue D = {(X1,B1) , . . . , (XT ,BT )} that contains

T turns, X t denotes the dialogue turn consisting of the user utterance and system response

at turn t , while Bt is the corresponding dialogue state. The dialogue state at turn t is defined

as Bt =
{(

d j , s j , v j
)

,1 ≤ j ≤ J
}
, where d j and s j denote domain (e.g. attraction) and slot (e.g.

area) respectively, v j is the corresponding value (e.g. south) of the domain-slot, and J is

the total number of predefined domain-slot pairs. Given the dialogue context up to turn

t , i.e.Ht = {X1, . . . , X t }, the objective of DST is to predict the value for each domain-slot in

dialogue state Bt .

Labelling. Suppose that we have selected a turn t from the dialogue D (1 ≤ t ≤ T ) to label.

An oracle (e.g. human annotator) reads the dialogue history from X1 to X t and labels the

current dialogue state Bt . In our experiments, we use the gold training set to simulate a

human annotator.

Full vs. Weakly-supervised Training. Generally, the training dataset for DST is built in the

way that each turn in a dialogue (concatenated with all previous turns) forms an individual

training instance. That is, the input of a single training instance for turn t is defined as

Mt = X1 ⊕ X2 ⊕ ·· ·⊕ X t , where ⊕ denotes the concatenation of sequences, and the output

is the corresponding dialogue state Bt . By providing the entire dialogue utterances from

29



CHAPTER 3. LEARNING KNOWLEDGE VIA DATA EFFICIENT TUNING

the first turn to turn t to the model, the information from the earlier turns is kept in the

dialogue history. Let DD be the set of training instances created for the dialogue D and

t is the selected turn. Given the example in Fig. 3.1, for full supervision, all turns are used

for training (i.e., DD = {(M1,B1) , . . . , (MT ,BT )}), whereas in weakly-supervised training, only

the selected turn is used (i.e., DD = {(Mt ,Bt )}).

3.4 Methodology

In this section, we first define our turn-level AL-based DST framework, followed by the turn

selection strategies.

3.4.1 Turn-Level AL for DST

Framework. Our turn-level AL-based DST consists of two parts. First, we use AL to model

the differences between turns in a dialogue and find the turn that is the most beneficial to

label. The pseudo-code of this step is shown in Algorithm 1. Second, after acquiring all

labelled turns, we train a DST model as normal and predict the dialogue states for all turns

in the test set for evaluation, as described in §3.3. In this work, we assume the training set is

unlabelled and follow the cold-start setting (Algorithm 1 Line 4), where the initial labelled

data pool L =;. We leave the warm-start study for future work.

Active Learning Loop. In each iteration, as shown in Fig. 3.2, we first randomly sample k

dialogues from the unlabelled pool U . Then, we apply a turn acquisition function A and

the intermediate DST model trained from the last iteration to each dialogue D to select an

unlabelled turn (Algorithm 1 Line 10). It is noteworthy that we consider each turn within a

dialogue as a minimum data unit to perform query selection. This is significantly different

from [263], where they select a few dialogues from the unlabelled pool and label all turns

as the training instances. Orthogonal to [263]’s work, it is possible to combine our turn-

level strategy with dialogue-level AL. However, we leave it as future work because the AL

strategies to select dialogues and turns could be different to achieve the best performance.

In this work, we focus on investigating the effectiveness of AL strategies for turn selection.

To avoid overfitting, we re-initialize the base DST model and re-train it on the current

accumulated labelled data L . After R iterations, we acquire the final training set L .
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Algorithm 1 Turn-level AL for DST

Require: Initial DST model M , unlabelled dialogue pool U , labelled data pool L , number
of queried dialogues per iteration k, acquisition function A , total iterations R

1: if L ̸= ; then
2: M0 ← Train M on L ▷ Warm-start
3: else
4: M0 ←M ▷ Cold-start
5: end if
6: for iterations r = 1 : R do
7: Xr =;
8: Ur ← Random sample k dialogues from U

9: for dialogue D ∈Ur do
10: X ←A (Mr−1,D) ▷ Select a turn
11: Xr =Xr ∪ {X }
12: end for
13: Lr ← Oracle labels Xr

14: L =L ∪Lr

15: U =U \Ur

16: Mr ← Re-initialize and re-train M on L

17: end for
18: return L ▷ The final training set

Figure 3.2: A single iteration of AL loop.
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3.4.2 Turn Selection Strategies

As mentioned in §3.2.2, recently proposed AL acquisition strategies are not applicable to

DST. Therefore, we adapt the common uncertainty-based acquisition strategies to select a

turn from a dialogue:

Random Sampling (RS). We randomly select a turn from a given dialogue. Despite its

simplicity, RS acts as a strong baseline in literature [221, 263, 52].

(3.1) X = Random(M1, . . . , MT )

where T is the total number of turns in the dialogue.

Maximum Entropy (ME). [137] Entropy measures the prediction uncertainty of the dia-

logue state in a dialogue turn. In particular, we calculate the entropy of each turn in the

dialogue and select the highest one. To do that, we use the base DST model to predict the

value of the j th domain-slot at turn t , which gives us the value prediction distribution P j
t .

We then calculate the entropy of the predicted value using P j
t (Eq. (3.2)):

e j
t =−

V∑
i=1

p j
t [i ] logp j

t [i ](3.2)

et =
J∑

j=1
e j

t(3.3)

X = argmax(e1, . . . ,eT )(3.4)

where V is all possible tokens in the vocabulary. We then sum the entropy of all domain-

slots as the turn-level entropy (Eq. (3.3)) and select the maximum dialogue turn (Eq. (3.4)).

Least Confidence (LC). LC typically selects instances where the most likely label has the

lowest predicted probability [39]. In DST, we use the sum of the prediction scores for all

J domain-slots to measure the model’s confidence when evaluating a dialogue turn, and

select the turn with the minimum confidence:

ct =
J∑

j=1
c j

t(3.5)

X = argmin(c1, . . . ,cT )(3.6)

where c j
t = max(logits j

t ) denotes the maximum prediction score of the j th domain-slot at

turn t and logits j
t is the predictive distribution.
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3.5 Experiments

3.5.1 Setup

Datasets. We evaluate the weakly-supervised DST performance on the MultiWOZ 2.0 [18]

and MultiWOZ 2.1 [54] datasets3 as they are widely adopted in DST. We use the same pre-

processing as [148] and [235], and focus on five domains (i.e., restaurant, train, hotel, taxi,

attraction). The statistics of the datasets are summarized in Table 3.1.

MultiWOZ2.0 MultiWOZ2.1

Train

# Dialogues 7888 7888
# Domains 5 5
# Slots 30 30
# Total turns 54945 54961
# Last turns 7888 7888
# Avg. turns per dialogue 6.97 6.97
# Max turns per dialogue 22 22
# Min turns per dialogue 1 1

Validation
# Dialogues 1000 1000
# Total turns 7374 7374

Test
# Dialogues 1000 999
# Total turns 7372 7368

Table 3.1: Statistics of the datasets in the experiments.

Base DST Model. We use KAGE-GPT2 [148] as the base DST model to implement all ex-

periments. KAGE-GPT2 is a generative model that incorporates a Graph Attention Network

to explicitly learn the relationships between domain-slots before predicting slot values. It

shows strong performance in both full and weakly-supervised scenarios on MultiWOZ 2.0

[18]. To show that the effectiveness of our AL framework is not tied to specific base mod-

els, we also experiment with an end-to-end task-oriented dialogue model PPTOD [235].

PPTOD pre-trained on large dialogue corpora gains competitive results on DST in the low-

resource settings.

3We also tried to use the SGD dataset [210]. However, the PPTOD model is already pre-trained on this
dataset, making it unsuitable for downstream evaluation. KAGE-GPT2 requires the predefined ontology to
build a graph neural network, but SGD does not provide all possible values for non-categorical slots (See
§3.7).

33



CHAPTER 3. LEARNING KNOWLEDGE VIA DATA EFFICIENT TUNING

3.5.2 Implementation Details

We use the official release of KAGE-GPT24 [148] and PPTOD5 [235] to implement our turn-

level AL framework. All experiments were done with a NVIDIA T4 GPU.

KAGE-GPT2. We use the L4P4K2-DSGraph model setup and follow its sparse supervision

(last turn) hyperparameter settings. Specifically, the loaded pre-trained GPT-2 model has

12 layers, 768 hidden size, 12 heads and 117M parameters, which is provided by Hugging-

Face6. AdamW optimizer with a linear decay rate 1×10−12 is used when training. The GPT-2

component and the graph component are jointly trained, with the initial learning rates are

6.25×10−5 and 8×10−5 respectively. The training batch size used is 2, while the batch size

for validation and evaluation is 16.

PPTOD. We use the released base checkpoint, which is initialized with a T5-base model

with around 220M parameters. PPTODbase is pre-trained on large dialogue corpora, for

more details, we refer readers to the original paper. When training, Adafactor optimizer

is used and the learning rate is 1×10−3. Both training, validation, and evaluation batch size

used is 4.

Turn Selection. During each AL iteration, we use the trained model from the last iteration

to evaluate all the turns within a dialogue and then select a turn based on the acquisition

strategy.

Training. At the end of each iteration, we re-initialize a new pre-trained GPT-2 model for

KAGE-GPT2 or re-initialize a new model from the released pre-trained base checkpoint

for PPTOD, and then train the model as usual with all current accumulated labelled turns.

We train the DST model for 150 epochs using the current accumulated labelled pool L ,

and early stop when the performance is not improved for 5 epochs on the validation set.

Importantly, instead of using the full 7,374 validation set, we only use the last turn of each

dialogue to simulate the real-world scenario, where a large amount of annotated validation

set is also difficult to obtain [194]. However, we use the full test set when evaluating.

4https://github.com/LinWeizheDragon/Knowledge-Aware-Graph-Enhanced-GPT-2-for-Dia
logue-State-Tracking

5https://github.com/awslabs/pptod
6https://huggingface.co/models
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3.5.3 Evaluation Metrics

Joint Goal Accuracy (JGA). We use JGA to evaluate DST performance, which is the ratio

of correct dialogue turns. It is a strict metric since a turn is considered as correct if and only

if all the slot values are correctly predicted.

Slot Accuracy (SA). Following the community convention, although it is not a distin-

guishable metric [127], we also report SA, which compares the predicted value with the

ground truth for each domain-slot at each dialogue turn.

Reading Cost (RC). Additionally, we define a new evaluation metric, RC, which measures

the number of turns a human annotator needs to read to label a dialogue turn. As shown in

Fig. 3.1, to label the dialogue state Bt at turn t , a human annotator needs to read through

the dialogue conversations from X1 to X t to understand all the domain-slot values that are

mentioned in the dialogue history:

(3.7) RC =
∑|L |

i=1
t

TDi

|L |
where |L | denotes the total number of annotated dialogues and TDi is the number of turns

of the dialogue Di . If all last turns are selected, then RC = 1, in which case the annotator

reads all turns in all dialogues to label, resulting high cost. Note that we take JGA and RC as

primary evaluation metrics.

3.5.4 Baselines

Our main goal is to use AL to actively select the most valuable turn from each dialogue

for training, therefore reducing the cost of labelling the entire dialogues. We evaluate the

effectiveness of our approach from two angles. First, we compare DST performance of two

settings without involving AL to show the benefits that AL brings:

• Full Data (100%): all the turns are used for training, which shows the upper limit of

the base DST model performance.

• Last Turn (14.4%7): following [144] and [148], for each dialogue, only the last turn is

used for training.

Second, when using AL, we compare our turn-level framework with the dialogue-level

approach:

714.4% = # turns used
# total turns = 7888

54945
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• CUDS (∼14%) [263]: a dialogue-level method that selects a batch of dialogues in each

AL iteration based on the combination of labelling cost, uncertainty, and diversity,

and uses all the turns for training. We carefully maintain the number of selected dia-

logues in each iteration so that the total number of training instances is roughly the

same (i.e., k ≃ 2000) for a fair comparison.

• Selected Turn (14.4%): we apply Algorithm 1 and set U = 7888, L = ;, k = 2000

and use the turn selection methods mentioned in §3.4.2 to conduct experiments. As

a trade-off between computation time and DST performance, here we use k = 2000;

however, we find that a smaller k tends to have a better performance (§3.6.2). Given

k = 2000, we have selected 7,888 turns after four rounds, and use them to train a final

model.

3.6 Results & Analysis

3.6.1 Main Results

We report the final results after the four AL iterations in Table 3.2. We present the intermedi-

ate results in Fig. 3.3. RS, LC and ME are active turn selection methods mentioned in §3.4.2.

Note that we take JGA and RC as primary evaluation metrics since SA is indistinguishable

[127].

Training Data Model
MultiWOZ 2.0 MultiWOZ 2.1

JGA ↑ SA ↑ RC ↓ JGA ↑ SA ↑ RC ↓
Without Active Learning

Full Data (100%)
PPTODbase 53.37±0.46 97.26±0.02 100 57.10±0.51 97.94±0.02 100
KAGE-GPT2 54.86±0.12 97.47±0.02 100 52.13±0.89 97.18±0.02 100

Last Turn (14.4%)
PPTODbase-LastTurn 43.83±1.55 96.87±0.06 100 45.94±0.72 97.11±0.04 100
KAGE-GPT2-LastTurn 50.43±0.23 97.14±0.01 100 49.12±0.13 97.05±0.02 100

With Active Learning (k = 2000)

CUDS (∼14%)∗ PPTODbase+CUDS 43.06±0.04 96.01±0.02 100 43.57±1.16 96.16±0.01 100
KAGE-GPT2+CUDS 47.06±1.43 96.14±0.07 100 47.56±1.07 96.33 100

Selected Turn (14.4%) (Ours)

PPTODbase+RS 43.71±0.81 96.64±0.08 58.73±28.7 46.96±0.18 96.56±0.06 58.55±28.5

PPTODbase+LC 45.79±0.35 97.06±0.04 85.21±19.7 47.37±0.32 96.97±0.05 81.95±24.6

PPTODbase+ME 46.92±0.79 97.12±0.05 57.37±32.9 48.21±1.00 97.33±0.12 67.68±30.1

KAGE-GPT2+RS 50.37±0.52 97.11±0.06 58.58±28.7 46.98±0.64 96.81±0.07 58.48±28.5

KAGE-GPT2+LC 50.56±0.07 97.10±0.01 70.51±30.3 48.13±0.20 96.94±0.01 79.41±24.0

KAGE-GPT2+ME 51.34±0.05 97.16±0.05 62.58±28.5 50.02±1.10 97.13±0.10 71.02±26.7

Table 3.2: The mean and standard deviation of joint goal accuracy (%), slot accuracy (%)
and reading cost (%) after the final AL iteration on the test sets. ∗: we re-implement using
[263]’s method.
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Figure 3.3: Joint goal accuracy on test sets of AL over four iterations with k = 2000 dialogues
queried per iteration.

Our turn-level AL strategy improves DST performance. From Table 3.2, we first observe

that, using the same amount of training data (14.4%), our proposed AL approach (i.e.,

PPTODbase+ME and KAGE-GPT2+ME) outperforms the non-AL settings, Last Turn, in terms of

both joint goal accuracy and slot accuracy. Specifically, compared with PPTODbase+LastTurn,

our PPTODbase+ME significantly boosts the JGA by 3.1% on MultiWOZ 2.0 and 2.3% on Mul-

tiWOZ 2.1. KAGE-GPT2+ME also improves its baselines by around 0.9% on both datasets.

Compared with the dialogue-level AL strategy CUDS, our turn-level methods improve the

JGA by a large margin (2.3%∼4.3% on both datasets). Considering that DST is a difficult task

[18, 259, 134], such JGA improvements demonstrate the effectiveness of our turn-level AL

framework, which can effectively find the turns that the base DST model can learn the most

from.

Our turn-level AL strategy reduces annotation cost. The reading costs (RC) of PPTODbase+ME

and KAGE-GPT2+ME drop by a large margin (around 29%∼43%) compared to the Last Turn

and CUDS settings, indicating the benefits and necessity of selecting dialogue turns. This

significantly saves the annotation cost because a human annotator does not need to read

the entire dialogue to label the last turn but only needs to read until the selected turn.

Our approach uses less annotated data can achieve the same or better DST performance.

To further explore the capability of our AL approach, we plot the intermediate DST perfor-

mance during the four iterations, as shown in Fig. 3.3. Notably, PPTODbase with Least Con-

fidence (LC) and Maximum Entropy (ME) turn selection methods surpass the Last Turn

baselines at just the second or third iteration on MultiWOZ 2.0 and MultiWOZ 2.1 respec-

tively, showing the large data efficiency of our approach (only 7.3% / 10.9% data are used).

This can be explained that PPTODbase is fine-tuned on so-far selected turns after each it-
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eration and gains a more robust perception of unseen data, thus tending to choose the

turns that are more beneficial to the model. In contrast, KAGE-GPT2 underperforms the

Last Turn setting in early iterations, achieving slightly higher accuracy in the final round.

Despite this, the overall performance of KAGE-GPT2 is still better than PPTODbase under

the weakly-supervised settings. This is possibly because the additional graph component

in KAGE-GPT2 enhances the predictions at intermediate turns and the correlated domain-

slots [148]. However, when using CUDS, both DST models underperform a lot on both

datasets, especially during early iterations. This indicates that the dialogue-level strategy,

which does not distinguish the importance of turns in a dialogue, might not be optimal for

selecting training data. In §3.6.2, we show that a smaller query size k can achieve higher

data efficiency.
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Figure 3.4: Joint goal accuracy on test sets of KAGE-GPT2 on MultiWOZ 2.0 with k =
500,1000,1500.

3.6.2 Ablation Studies

In this section, we further investigate the factors that impact our turn-level AL framework.
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Effect of Dialogue Query Size. Theoretically, the smaller size of queried data per AL iter-

ation, the more intermediate models are trained, resulting the better model performance.

Moreover, a smaller query size is more realistic since the annotation budget is generally

limited, and there is a lack of enough annotators to label large amounts of dialogues after

each iteration. To this end, we initialize the unlabelled pool U by randomly sampling 3,000

dialogues from the MultiWOZ 2.0 training set, and apply our AL framework to KAGE-GPT2,

using different query sizes, i.e., k = 500,1000,1500, which leads to 6,3,2 rounds respectively.

From Fig. 3.4, we first observe that smaller k improves the intermediate DST perfor-

mance: when k = 500, both LC and ME strategies boost the accuracy by a large margin

at the second iteration than k = 1000, and at the third iteration than k = 1500. This sug-

gests that, with the same number of training data, the multiple-trained DST model gains

the ability to have a more accurate perception of the unseen data. By calculating the pre-

diction uncertainty of the new data, the model tends to choose the turns that it can learn

the most from. In contrast, RS chooses a random turn regardless of how many AL rounds,

therefore not showing the same pattern as LC and ME. Finally, we find a smaller k tends to

achieve higher data efficiency when using LC and ME strategies. It is clear from the figure

that k = 500 uses the least data when reaching the same level of accuracy. However, the

drawback of a smaller query size is that it increases overall computation time as more in-

termediate models have to be trained. We provide a computational cost analysis in §3.6.3.

Effect of Base DST Model. It is no doubt that the base DST model is critical to our turn-

level AL framework as it directly determines the upper and lower limit of the overall perfor-

mance. However, we are interested to see how our approach can further boost the perfor-

mance of different DST models. We randomly sample U = 500 dialogues from the Multi-

WOZ 2.0 training set and set the query size k = 100 for both models. As shown in Fig. 3.5,

we also report the results of the two models using the non-AL strategy of Last Turn, which

can be considered as the lower performance baselines.

We first confirm that both PPTODbase and KAGE-GPT2 outperform their Last Turn base-

lines after applying our AL framework, demonstrating both data efficiency and effective-

ness of our approach. Secondly, we notice that PPTODbase achieves comparable accuracy

in the first two rounds, while KAGE-GPT2 nearly stays at 0 regardless of the turn selection

methods, showing the superiority of PPTODbase under the extreme low-resource scenario.

This is possibly because PPTODbase is pre-trained on large dialogue corpora thus gains few-

shot learning ability [235], whereas only 200 training data are not enough for KAGE-GPT2

to be fine-tuned. However, in the later iterations, the performance of KAGE-GPT2 grows
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Figure 3.5: Joint goal accuracy on test sets of KAGE-GPT2 and PPTODbase on MultiWOZ 2.0
with k = 100. Results are averaged over three runs.

Method KAGE-GPT2 PPTODbase

LC 76.51±24.7 81.13±22.3

ME 68.18±29.1 58.68±31.5

Table 3.3: Reading Cost (RC) (%) of different turn selection methods. The lower the better.

significantly, especially when using the ME strategy, eventually reaching the same level as

PPTODbase. In contrast, the accuracy of PPTODbase increases slowly, indicating the model

gradually becomes insensitive to the newly labelled data.

Effect of Turn Selection Strategy. From Fig. 3.3, while both ME and LC improve over the

RS baseline, ME does not consistently outperform LC during AL iterations in terms of the

joint goal accuracy, and vice versa. However, as shown in Table 3.2, LC results in a higher

Reading Cost (RC) than ME, which means LC tends to select latter half of turns in dialogues.

Conversely, ME significantly reduces RC in the last iteration (Fig. 3.6; Fig. 3.7) and is con-

sistently better than LC and RS for both DST models (Fig. 3.5), which demonstrates the

effectiveness of ME under small query size k.

We report their RC in Table 3.3, which also confirms that ME saves reading costs than

LC. Examples of the turns selected by ME and LC in a dialogue are shown in §3.6.4 and

§3.6.5.
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Method Total Annotation Cost ($) ↓
Full Dialogue z ∗ (T ∗x +T ∗ y)

Last Turn z ∗ (T ∗x +1∗ y)
Selected Turn (Ours) z ∗ (t ∗x +1∗ y), where 1 ≤ t ≤ T

Table 3.4: Annotation cost estimation comparison of different methods.

Method # of Training data (%) ↓ JGA ↑ RC ↓ Runtime (hour) ↓
Full data 21072 (100%) 46.7 100 2.3
Last Turn 3000 (14.2%) 41.4 100 0.6
ME (Ours) 3000 (14.2%) 44.3 59.3 1.6

Table 3.5: Computational cost comparison using KAGE-GPT2 on MultiWOZ 2.0 with U =
3000 and k = 1000.

3.6.3 Cost Analysis

Our AL-based method saves annotation costs and achieves comparable DST performance

with traditional methods at the expense of increased computation time. In this section, we

conduct a cost analysis, including computation and annotation costs.

We initialize the unlabelled pool U by randomly sampling 3,000 dialogues from the

MultiWOZ 2.0 training set, and apply our AL framework to KAGE-GPT2, and set the query

size as k = 1000. As shown in Table 3.5, our method improves JGA and RC than the Last

Turn baseline, but with an increased runtime since our method requires three rounds of

iteration.

Due to a lack of budget, we are unable to employ human annotators to evaluate the ac-

tual annotation cost. Instead, we conduct a theoretical cost analysis to show the potential

cost reduction of our method. Suppose a dialogue D has T turns in total, and it takes x

minutes for a human annotator to read each turn (i.e., reading time), y minutes to anno-

tate a single turn (i.e., annotating time), z dollars per minute to hire a human annotator.

Assuming our proposed method selects the t th (1 ≤ t ≤ T ) turn to annotate. The total an-

notation cost, including the reading time and annotating time of three methods, are listed

in Table 3.4. Since the Full Dialogue baseline takes each accumulated turn as a training in-

stance (§3.3), it requires the highest annotation cost. Our method only annotates a single

turn per dialogue, the same as the Last Turn baseline. Therefore, the annotation cost lies in

the selected turn t , which is measured by RC in our experiments. As shown in Table 3.2 and

discussed in §3.6.1, our method generally saves RC by a large margin (around 29%∼43%

across different models) compared to the Last Turn baseline and saves more compared to

the Full data setting. Therefore, from a theoretical cost estimation point of view, our pro-
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posed method can save annotation costs while maintaining DST performance.

RS LC ME

0.2

0.4

0.6

0.8

1

RS LC ME

R
ea

di
ng

 C
os

t 
(R

C
)

Figure 3.6: Visualization of the turns selected by PPTODbase at the final round (k = 100). ME
reduces RC the most.

RS LC ME

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

RS LC ME

R
ea

di
ng

 C
os

t 
(R

C
)

Figure 3.7: Visualization of the turns selected by KAGE-GPT2 at the final round (k = 100).

3.6.4 Visualization of Selected Turns

To clearly compare the reading costs of different turn selection methods, we visualize the

distributions of the selected turns at the final round for the setting in §3.6.2, as shown in

Fig. 3.6 and Fig. 3.7. A dot means a selected turn from a dialogue, while the ends of the box

represent the lower and upper quartiles, and the median (second quartile) is marked by a
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line inside the box. A higher RC means the turn is selected from the second half of the con-

versation (RC = 1 means the last turn is selected); thus, a human annotator needs to read

most of the conversation to label its state, which is more costly. From the figures, overall,

RS distributes randomly, while ME has a much lower reading cost than LC, especially for

PPTODbase.

3.6.5 Example of Selected Turns

Table 3.6, Table 3.7 and Table 3.8 present the examples of selected turns by ME and LC

using PPTODbase from MultiWOZ 2.0. [S] and [U] denote the system and user utterance

respectively, while State represents the dialogue states that are mentioned at the current

turn. ✓marks the selected turn by the strategy and is the only turn in the dialogue used

for training. Although not always the case, we can see that both ME and LC can select the

earliest turn that summarizes the entire dialogue, which not only saves the need to read

through the whole conversation but also keeps the valuable context information intact as

much as possible. However, still, a more suitable AL query strategy for DST is worthy of

being studied.

Table 3.6: Example (MUL0295) of the selected turn (marks by ✓) by PPTODbase using ME
and LC.

Dialogue MUL0295 ME LC

Turn 1
[S]:
[U]: i am looking for an expensive place to dine in the centre of town.
State: {restaurant-area=centre, restaurant-pricerange=expensive}

Turn 2
[S]: great kymmoy is in the centre of town and expensive.
[U]: i want to book a table for 3 people at 14:00 on Saturday.
State: {restaurant-book day=saturday, restaurant-book people=3, restaurant-book time=14:00}

Turn 3
[S]: booking was successful. the table will be reserved for 15 minutes. reference number is: vbpwad3j.
[U]: thank you so much. i would also like to find a train to take me to kings lynn by 10:15.
State: {train-destination=kings lynn, train-arriveby=10:15}

✓

Turn 4
[S]: there are 35 departures with those criteria. what time do you want to leave?
[U]: the train should arrive by 10:15 please on sunday please.
State: {train-day=sunday}

✓

Turn 5
[S]: how many tickets will you need?
[U]: just 1 ticket. i will need the train id, cost of ticket and exact departure time as well.
State: {}

Turn 6
[S]: there is a train arriving in kings lynn on sunday at 09:58. it departs at 09:11 and costs 7.84 pounds. the train id is tr6088.
[U]: great! that s all i needed. thanks a lot for the help.
State: {}

3.7 Summary

In this chapter, we present our data-centric approaches to efficiently and effectively label

raw data for training a task-specific language model. We tackle the practical dialogue anno-

tation problem by proposing a novel turn-level AL framework for DST, which strategically
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Table 3.7: Example (MUL1068) of the selected turn by PPTODbase using ME and LC.

Dialogue MUL1068 ME LC

Turn 1
[S]:
[U]: i am looking for a gueshouse to stay in during my visit. i would like for it to be in the east section of town.
State: {hotel-area=east, hotel-type=guesthouse}

Turn 2
[S]: there are 6 entries, do you have any other preferences in hotel choice?
[U]: i would like a 4 star place that’s on the pricier side.
State: {hotel-pricerange=expensive, hotel-stars=4}

Turn 3
[S]: there are no 4 star expensive guesthouses on the east side of town. would you be interested in a cheap or moderate -ly priced 1 instead?
[U]: i would like 1 that is cheap then.
State: {hotel-pricerangen=cheap}

Turn 4
[S]: autumn house is cheap and has free internet and parking . would you like me to book a reservation for you?
[U]: yes please. can you book the reservation for saturday for 5 guests for a 2 night stay. thanks.
State: {hotel-book day=saturday, hotel-book people=5, hotel-book stay=2}

Turn 5
[S]: sorry, there are no rooms available for your specification -s. do you want to try a different day or a shorter stay?
[U]: try for 1 night instead. if that works, can i have the reference number?
State: {hotel-book stay=1}

Turn 6
[S]: how about the autumn house for 1 night starting saturday and your reference number is svciwlwa.
[U]: i also need to find something called gonville and caius college, can you help?
State: {attraction-name=gonville and caius college}

✓

Turn 7
[S]: gonville and caius college is located in the center of town on trinity street . anything else i can do for you?
[U]: can i get the postcode ?
State: {}

Turn 8
[S]: no problem , the postal code is cb21ta. did you need the phone number as well?
[U]: no thanks i am all set . thank you for your help today.
State: {}

✓

Table 3.8: Example (PMUL2281) of the selected turn by PPTODbase using ME and LC.

Dialogue PMUL2281 ME LC

Turn 1
[S]:
[U]: can you help me find a place to dine?
State: {}

Turn 2
[S]: sure! what type of food would you like to eat in what area?
[U]: i would like some north indian food that is expensive, in the south.
State: {restaurant-food=north indian}

Turn 3
[S]: we do not have any north indian restaurant -s, though we do have many indian restaurant -s.
[U]: indian food would be fine then, can you tell me the name?
State: {restaurant-pricerange=expensive, restaurant-food=indian}

Turn 4
[S]: there are several indian restaurant -s, may i suggest the golden curry in the centre. it sounds like just what you are looking for.
[U]: i was actually hoping for a restaurant in the south. are there any available?
State: {restaurant-area=south}

✓

Turn 5
[S]: i found 1 called taj tandoori. want more information?
[U]: more information please
State: {}

Turn 6
[S]: it is expensive and in the south.
[U]: can i get the postcode for that please?
State: {}

✓

Turn 7
[S]: sure! the post code is cb17aa .
[U]: thanks! i am also looking for a nightclub. i’ll need the postcode, please?
State: {attraction-type=nightclub}

Turn 8
[S]: the ballare is a nightclub in the centre of town. the entrance fee is 5 pounds.
[U]: i’ll try that. what s the postcode please?
State: {}

Turn 9
[S]: their postcode is cb23na. can i help you with anything else today?
[U]: no thanks. that was all i needed today. goodbye.
State: {}

selects the most valuable turn from each dialogue for labelling and training. Experiments

show that our approach outperforms strong DST baselines in the weakly-supervised sce-

narios and achieves the same or better joint goal and slot accuracy with significantly less

annotated data. Further analysis are conducted to investigate the impact of AL query sizes,

base DST models and turn selection methods.

Limitations. We acknowledge the limitations of this work as follows.
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First, our AL approach adds extra computation time compared to directly training a

DST model using only the last turns of dialogues. A smaller query size (e.g., k) may further

increase the runtime as more intermediate models have to be trained. That is, we achieved

similar or even better DST performance with significantly reduced annotation data at the

cost of increased computation time. Therefore, the trade-off between computational cost,

DST performance, and annotation cost needs to be well-determined.

Second, we are unable to employ human annotators to evaluate the actual cost due to

a lack of budget. In practice, the number of annotators required depends on the financial

budget, project timeline, and the proficiency of annotators. Estimating the exact number of

annotators and the annotation cost is challenging. As a mitigation, we provide a theoretical

cost analysis in §3.6.3. However, it is a rough estimation and may not reflect the actual cost.

Third, our experiments are limited to the MultiWOZ 2.0 [18] and MultiWOZ 2.1 [54]

datasets. We also tried to use the SGD dataset [210]. However, the PPTOD model is al-

ready pre-trained on this dataset, making it unsuitable for downstream evaluation. KAGE-

GPT2 requires the predefined ontology (i.e., the all possible domain-slot value pairs in the

dataset) to build a graph neural network, but SGD does not provide all possible values for

non-categorical slots. For example, MultiWOZ has all possible values predefined for the

non-categorical domain-slot train-arriveBy, while SGD does not have it since it is innu-

merable. Our AL framework is built upon the base DST model and thus suffers the same

drawbacks; we may try other DST models and datasets in the future.
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LEARNING KNOWLEDGE VIA CONTINUAL INSTRUCTION TUNING

In Chapter 3, we focused on acquiring new knowledge for a pre-trained language model

within a single task — specifically, the task-oriented dialogue state tracking task. However,

language models should adapt to the constant emergence of new data and unseen tasks.

In this chapter, we present approaches to continually adapting language models to these

new tasks while minimizing the impact on their existing capabilities. This chapter is based

on one published paper at Findings of EMNLP 2023 – CITB: A Benchmark for Continual

Instruction Tuning [288].

4.1 Introduction

Recent studies have shown that multi-task IT (Instruction Tuning) makes language models

better zero-shot learners [253, 216, 250, 36, 158]. IT fine-tunes pre-trained language mod-

els (PLMs) on various tasks with natural language instructions (Fig. 4.1) and can achieve

remarkably well generalization to unseen tasks.

Despite their impressive performance, these instruction-tuned PLMs still fall short on

domain-specific tasks due to the limited exposure to relevant knowledge and vocabulary

from the training corpus [163]. Moreover, PLMs are static after deployment, and there is no

mechanism to update themselves or adapt to a changing environment [289, 17].

Continual learning (CL) aims to enable information systems to learn from a continu-

ous data stream across time [12]. Therefore, it is promising to leverage CL for instruction-

tuned PLMs to continually adapt to new domains and tasks without costly re-training. De-
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Figure 4.1: Illustration of proposed continual instruction tuning (CIT). Unlike previous
works, we evaluate the instruction-tuned model on the initial training, unseen, and newly
learned tasks.

spite its importance, it is non-trivial to alleviate catastrophic forgetting, a phenomenon in

which previously learned knowledge or abilities are degraded due to overwritten param-

eters [171]. Moreover, enabling knowledge transfer is also essential since many tasks are

similar and have common knowledge [121].

Unfortunately, there is little work on applying CL for IT and has only been explored

in rather specific settings. [219] continually fine-tune a T0 [216] on eight new tasks with

memory replay to avoid forgetting. Despite effectiveness, they need to store a large number

of instances per task in memory, which is too costly when scaling to a larger number of

tasks. In addition, they do not study knowledge transfer between tasks. [272] propose to use

history task instructions to reduce forgetting and enable knowledge transfer. However, they

do not compare with commonly adopted CL methods, which makes the effectiveness of

other CL methods unknown. Moreover, they only evaluate the model on the newly learned

tasks while largely ignoring previously learned tasks during the multi-task training stage

(Fig. 4.1). They also overlook the intrinsic ability of the instruction-tuned model on unseen

tasks. Lastly, both of them use different evaluation metrics and setups, which creates an

obstacle to comparing different techniques and hinders the development of this field.

To this end, we first formulate this practical yet under-explored problem as Continual
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Instruction Tuning (CIT). Then, we propose a first-ever benchmark suite to study CIT sys-

tematically. Our benchmark, CITB, consists of both learning and evaluation protocol and is

built on top of the recently proposed SuperNI dataset [250]. We create two CIT task streams:

InstrDialog stream, which consists of 19 dialogue-related tasks spanning three categories;

InstrDialog++ stream, which includes all the tasks in InstrDialog stream and 19 additional

tasks selected from broad categories and domains. Using the two long task streams, we im-

plement various CL methods to study forgetting and knowledge transfer under the setup of

CIT. We find that directly fine-tuning an instruction-tuned model sequentially yields com-

petitive performance with existing CL methods. With further investigation, we find that

rich natural language instructions enable knowledge transfer and reduce forgetting, which

is barely fully leveraged by current CL methods. We conduct comprehensive experiments to

explore what effects the learning of CIT. We hope our CITB benchmark will serve as a help-

ful starting point and encourage substantial progress and future work by the community in

this practical setting. To summarize, our main contributions are:

• We formulate the problem of CIT and establish a benchmark suite consisting of learn-

ing and evaluation protocols.

• We curate two long task streams of various types based on the SuperNI dataset to

study different setups of CIT.

• We implement various CL methods of different categories, conduct extensive exper-

iments and ablation studies to analyze the lack of current practices and propose a

future direction.

We release our code, data, and model to facilitate future research at https://github.com

/hyintell/CITB.

4.2 Related Work

4.2.1 Instruction Tuning

Much effort has been made recently to use natural language instructions to solve multiple

tasks concurrently or to align with human preferences [243, 297, 185]. Unlike simple and

short prompts [153], natural language instructions (Fig. 4.2) can be more comprehensive,

including components such as task definition, in-context examples [16], and explanations.

Through IT, PLMs learn to complete tasks by following instructions, which enables them

to solve new tasks by following instructions without learning (i.e., generalization ability).

Ideally, we expect the instruction-tuned model to understand any given task instruction so
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Input: “Sentence: The lens of the eye is a(n) convex shape. 
Question: What shape is the lens of the eye?”
Expected Output: “convex”

Definition:
In this task, you are given a sentence and a question, you 
would be asked to create the answer which is contained in the 
sentence provided.

Positive Example 1  
Input: “Sentence: Heat from the sun causes the most 
evaporation of water from a lake. Question: Which of these 
causes the MOST evaporation of water from a lake?”
Output: “Heat from the Sun”
Explanation: “The output is correct as … it as the 'Heat from 
the sun'”

Negative Example 1  
Input: “Sentence: Gas has no definite volume and no definite 
shape. Question: Which state of matter has no definite volume 
and no definite shape?”
Output: “Matter”
Explanation: “The correct answer to … hence it is incorrect.”

Figure 4.2: An example of natural language instruction that consists of a descriptive task
definition, one positive and one negative in-context example with explanation [250].

that an end user can directly leverage the model to solve the task without annotating a large

dataset and training it. Unfortunately, despite the instruction-tuned models such as FLAN

[253, 158], T0 [216], and Tk-Instruct [250] showing strong generalization performance to

their evaluation tasks, there is still a sizeable gap compared with supervised training, which

limits the usage of the models. From a practical point of view, a desirable instruction-tuned

model should be able to extend its ability by continually learning those under-performed

tasks or any new task, while not forgetting the old ones.

4.2.2 Continual Learning

In §2.2.2.3, the "continual learning" we discussed is more focused on continual pre-training,

where language models are learning new knowledge in an unsupervised manner. In this

section, we focus on supervised continual learning, where language models are provided

with labelled data for learning new tasks.

In contrast to multi-task learning, continually fine-tuning a model on tasks might lead

to catastrophic forgetting [171], where the model forgets previously acquired knowledge af-

ter learning new tasks. In CL literature, approaches to overcoming catastrophic forgetting

can be grouped into three categories [12, 120]. Regularization-based methods use an addi-
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tional loss to prevent important parameters of previous tasks from being updated [128, 44].

Replay-based methods store and replay a small subset of training data from previous tasks

to prevent forgetting [211, 219]; Architecture-based methods introduce task-specific com-

ponents for new tasks and isolate parameters of old tasks [167, 302]. However, the effec-

tiveness of these CL methods for CIT remains unknown. CIT differs from traditional CL in

heavily relying on comprehensive instructions. Can previous methods fully leverage the

rich instructions to avoid forgetting while facilitating knowledge transfer between tasks?

Moreover, many proposed CL methods target tasks of specific types (e.g., text classification,

relation extraction) [92, 199, 302], while CIT can learn broad tasks of different categories be-

cause of the natural language instructions1. [272, 219, 179] study a similar problem using

IT in the CL setting, but no benchmarks are built for different categories of CL methods. To

tackle CIT, it is essential to establish a unified benchmark to compare existing approaches

and promote the development of this field. However, to our best knowledge, CIT is still im-

mature, and no public benchmark is available.

4.3 Preliminaries

Instruction Tuning (IT). Following previous studies [253, 216, 250], each task t ∈T con-

sists of its natural language instruction I t and a set of N input-output instances D t ={(
x t

i , y t
i

) ∈X t ×Y t
}N

i=1
, which can be split into the training D t

train, validation D t
dev and test

sets D t
test. Each instance is filled into an instruction template such that different tasks can

be transformed into a unified text-to-text format (Fig. 4.2). Given a task instruction and the

input of a test instance, a model needs to produce the desired output. IT aims to learn

a model f : I t ×X t → Y t that can predict the output y t
i given the task instruction I t

and an input x t
i . In general, the model is first trained on a mixture of tasks ( Tseen) and

then evaluated for its zero-shot generalization ability on held-out tasks (Tunseen), where

Tseen ∩Tunseen = ;. The model is expected to learn to follow instructions via the training

tasks and then solve new tasks with only the help of task instructions.

4.4 Methodology

In this section, we first formalize the CIT problem (Fig. 4.1). Then, we present the learning

and evaluation protocol of our framework CITB. Lastly, we describe the data for creating

1All tasks can be filled into a natural language instruction template and transformed into a text-to-text
format [253].
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the benchmark.

4.4.1 Continual Instruction Tuning

In contrast to static IT, which only learns a fixed set of tasks (Tseen), the model should

be able to keep learning new tasks without catastrophically forgetting previously learned

knowledge and facilitate knowledge transfer if possible. Let us expand the definition such

that we have a set of T tasks Tseq = {t1, · · · , tT } that arrives sequentially. Note that the tasks

in the stream can be any type and are not restricted to specific categories or domains. Sim-

ilarly, each task t j ∈ Tseq has a natural language instruction I t j , training D
t j

train, validation

D
t j

dev and test sets D
t j

test. Likewise traditional CL, the goal of CIT is to learn a single model f

from Tseq sequentially.

CIT vs. Traditional CL. While sharing similar desiderata with traditional CL, CIT differs in

that: (1) it pays more attention to effectively leveraging the rich natural language instruc-

tions to prevent catastrophic forgetting and encourage knowledge transfer; (2) because of

the multi-task nature of instructions, all tasks can be formatted in the unified text-to-text

format, therefore CIT can learn any task or domain instead of a few specific tasks or do-

mains; (3) after learning a few tasks, the model should have learned how to follow instruc-

tions to complete tasks, therefore, we expect fewer training instances required and higher

knowledge transfer for future tasks.

4.4.2 Learning Protocol of CIT

A non-instruction-tuned model (e.g., T5; [206]) may struggle to understand instructions if

trained only on a task sequentially. It is also against our motivation to extend a model’s

ability that is already instruction-tuned. Therefore, we separate the learning process into

two stages.

Stage 1: Initial Multi-task Fine-tuning. To teach a model a better understanding of task

instructions, we first fine-tune the model on instruction data. Suppose we have another

group of M tasks Tinit = {t1, · · · , tM } that also equips with natural language instructions,

where Tinit ∩Tseq = ;. We fine-tune a base pre-trained model on the training set (i.e.,

Dinit
train = ⋃M

i=1 D
ti
train) of the mixed M tasks to get an instruction-tuned model, denoted as

finit. After training, most of the training data Dinit
train is unavailable for subsequent sequen-

tial learning, but a memory Minit (Minit ≪ |Dinit
train|) that stores a small portion of training
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instances is accessible. We use this model as the starting point to conduct the subsequent

learning.

Stage 2: Sequential Single Task Fine-tuning. To keep extending knowledge of the instruction-

tuned finit, we fine-tune it on the training set D
t j

train of each task t j in the stream Tseq.

Similarly, when learning the task t j , the training data of previous tasks in the stream (i.e.,

D
seq
train = ⋃ j−1

i=1 D
ti
train, i < j < T ) is unavailable, but a small memory Mseq can be used for

training.

4.4.3 Evaluation Protocol of CIT

Evaluation Process. After learning each task t j (1 < j < T ) in stream Tseq, we consider

three datasets to measure the model’s performance. (1) Similar to the standard CL, we

evaluate the model on the test sets of all previously learned tasks in the stream, the test

set of the current task, and the test set of the next task, denoted as D
seq
test. This helps us

measure whether the model forgets previous knowledge and whether it is helpful to learn

future tasks; (2) We evaluate the model on the test sets of the M tasks that are used in

stage 1 to teach the model how to follow instructions, denoted as Dinit
test =

⋃M
i=1 D

ti
test. This

is where different from the conventional CL. In CL, previous works only evaluate down-

stream tasks in the stream but not the tasks during the pre-training phase because such

data is generally not accessible to end-users [119]. (3) Since multi-task instruction-tuned

models have shown strong zero-shot generalization to unseen tasks [250], our initial model

trained in stage 1 might also have zero-shot generalization to some unseen tasks Tunseen,

where Tinit∩Tseq∩Tunseen =;. Let Dunseen
test be the test sets of all tasks in Tunseen. We evalu-

ate the model on Dunseen
test if it is available. To sum up, once a new task is learned, the model

will be evaluated on:

(4.1) D =D
seq
test +Dinit

test +Dunseen
test

In CIT, it is more critical for the instruction-tuned model to maintain its existing abilities

than to learn new ones because it can solve multiple tasks by following instructions. Oth-

erwise, if it forgets many tasks, there is no point in using such a model other than a task-

specific one.

Evaluation Metrics. Due to the diversity of the tasks in CIT and the open-ended genera-

tion nature of the text-to-text format, we follow [250] to use ROUGE-L [147] to measure the
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aggregated performance of each task. They have shown that ROUGE-L generally works well

for both generation and classification tasks.

Following [159] and [12], we also use CL-related metrics to measure the learning proce-

dure. Let a j ,i be the ROUGE-L score of the model on the test set of task ti right after training

on task t j , we define the following:

Average ROUGE-L (AR), which measures the average performance of the model on all

tasks after the final task tT is learned:

(4.2) ART = 1

T

T∑
i=1

aT,i

We use Final ROUGE-L (FR) to measure the performance of the model on Dinit
test and Dunseen

test ,

respectively, after the final task tT is learned.

Forward Transfer (FWT), which measures how much the model can help to learn the

new task. FWT also tests the model’s zero-shot generalization to new tasks:

(4.3) FWTT = 1

T −1

T∑
i=2

ai−1,i

Backward Transfer (BWT), which measures the impact that continually learning on

subsequent tasks has on previous tasks:

(4.4) BWTT = 1

T −1

T−1∑
i=1

(
aT,i −ai ,i

)
Notably, positive BWT indicates that subsequent tasks can improve the performance of pre-

vious tasks, while negative value implies knowledge forgetting.

4.4.4 Data Curation

In this work, we adopt the recently proposed SuperNI [250] dataset to establish the bench-

mark. SuperNI consists of more than 1,600 NLP tasks, spanning a diverse variety of 76 broad

task types, such as language generation, classification, question answering, and transla-

tion. Moreover, each task is equipped with an instruction and a set of instances, and all the

instances can be transformed into the text-to-text format. Therefore, the dataset is suitable

for studying CIT. The official training set of SuperNI2 consists of 756 English tasks spanning

2https://github.com/allenai/natural-instructions
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60 broad NLP categories, while 119 tasks from 12 categories are used for zero-shot evalua-

tion. We keep the official 119 evaluation tasks untouched and create two CIT task streams

from the 756 training tasks.

InstrDialog Stream. Dialogue is an important field to study continual learning because

new tasks, domains or intents are continuously emerging [167]. To investigate how a model

learns new dialogue data under the setup of CIT, we carefully curate all dialogue-related

tasks from the training set of SuperNI to form the CIT task stream. Specifically, we use 4 tasks

from dialogue state tracking, 11 tasks from dialogue generation, and 4 tasks from intent

identification, resulting in a total of 19 dialogue tasks, i.e., |Tseq| = 19. We remove tasks that

are excluded by the official task splits3.

InstrDialog++ Stream. Because of the multi-task nature of instructions, an instruction-

tuned model can learn any new task with different types (§4.4.1). To study how different

types of tasks and how a long-task curriculum affects CIT, we first include all 19 dialogue

tasks from the InstrDialog stream, then manually select the other 19 tasks from the re-

maining training task set. We intentionally select tasks from broad categories, including

sentence ordering, style transfer, toxic language detection, and others. In total, we have

38 tasks of 18 categories (3 categories from InstrDialog and 15 categories from the new 19

tasks), i.e., |Tseq| = 38.

The remaining training tasks can be used for stage 1 initial multi-task fine-tuning (§4.4.2).

In summary, the number of initial fine-tuning tasks available is M = |Tinit| = 718, and we

use the official 119 test task sets as Tunseen to evaluate whether the performance deteri-

orates for unseen tasks after learning new tasks. For all tasks, we fill instances in a natural

language instruction template and transform them into a unified text-to-text format (§4.3).

Unless otherwise specified, we use the instruction template consisting of the task definition

and two positive examples for all tasks because it generally yields the best performance

[250]. See an example of natural language instructions in Fig. 4.2, and the selected tasks in

Table 4.1. We study the effect of the instruction template in §4.6.3.

4.5 Experiments

Using our CITB benchmark, we conduct experiments on various popular CL methods of

different kinds. In this section, we describe our experiment setups and compare methods.

3https://github.com/allenai/natural-instructions/tree/master/splits
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Task Category Number Task Name Domain

Dialogue Generation 1 task565_circa_answer_generation Dialogue
2 task574_air_dialogue_sentence_generation Dialogue
3 task576_curiosity_dialogs_answer_generation Dialogue, Commonsense
4 task611_mutual_multi_turn_dialogue Dialogue
5 task639_multi_woz_user_utterance_generation Dialogue
6 task1590_diplomacy_text_generation Dialogue, Game
7 task1600_smcalflow_sentence_generation Dialogue, Commonsense
8 task1603_smcalflow_sentence_generation Dialogue
9 task1714_convai3_sentence_generation Dialogue

10 task1729_personachat_generate_next Dialogue
11 task1730_personachat_choose_next Dialogue

Intent Identification 12
task294_storycommonsense

_motiv_text_generation
Story

13 task573_air_dialogue_classification Dialogue
14 task848_pubmedqa_classification Medicine
15 task1713_convai3_sentence_generation Dialogue

Dialogue State Tracking 16 task766_craigslist_bargains_classification Dialogue
17 task1384_deal_or_no_dialog_classification Dialogue, Commonsense
18 task1500_dstc3_classification Dialogue, Public Places
19 task1501_dstc3_answer_generation Dialogue, Public Places

Style Transfer 20 task927_yelp_negative_to_positive_style_transfer Reviews
Sentence Ordering 21 task1549_wiqa_answer_generation_missing_step Natural Science

Word Semantics 22 task459_matres_static_classification News
Text Categorization 23 task379_agnews_topic_classification News

Pos Tagging 24 task347_hybridqa_incorrect_answer_generation Wikipedia
Fill in The Blank 25 task1360_numer_sense_multiple_choice_qa_generation Commonsense

Program Execution 26 task1151_swap_max_min Mathematics
27 task636_extract_and_sort_unique_alphabets_in_a_list Mathematics

Question Generation 28 task301_record_question_generation News

29
task082_babi_t1_single_supporting

_fact_question_generation
Commonsense

Misc. 30 task306_jeopardy_answer_generation_double Knowledge Base
31 task1427_country_region_in_world Countries

Coherence Classification 32 task298_storycloze_correct_end_classification Story
Question Answering 33 task864_asdiv_singleop_question_answering Mathematics

34 task598_cuad_answer_generation Law
Summarization 35 task1553_cnn_dailymail_summarization News

Commonsense Classification 36 task1203_atomic_classification_xreact Commonsense

Wrong Candidate Generation 37
task967_ruletaker_incorrect_fact

_generation_based_on_given_paragraph
Commonsense

Toxic Language Detection 38 task1607_ethos_text_classification Social

Table 4.1: List of tasks selected from SuperNI [250]

4.5.1 Setup

Model. We use the LM-adapted version of T5-small [206], which is further trained with a

language modeling objective. We initialize a T5 model from HuggingFace4. Since it is costly

to fine-tune on all 718 tasks, we randomly select 100 tasks from Tinit and fine-tune T5 to

obtain an instruction-tuned model finit (§4.4.2), which has learned to understand some in-

structions and can act as a good starting point to conduct subsequent learning. Note that

the 100 randomly selected training tasks do not overlap with InstrDialog and InstrDia-

log++, but their task categories might overlap with the categories in InstrDialog++.

4https://huggingface.co/google/t5-small-lm-adapt
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Train/Dev/Test Splits. Since the number of instances in each task is imbalanced and a

large number of training instances do not help generalization in IT [250], we follow [250]

use a fixed size of 500/50/100 instances per task as the train/dev/test set for the InstrDialog

stream. For InstrDialog++, since it has a longer task sequence, to save computational cost,

we use 100/50/100 instances per task instead. For Tinit, we use 100/50/100 instances per

task and 100 instances per task for Tunseen. We study the effect of different numbers of

training instances in §4.6.3.

4.5.2 Baselines and Compared Methods

We implement widely adopted CL methods from three categories [12] to benchmark CIT.

Regularization-based methods rely on a fixed model capacity with an additional loss

term to consolidate previously gained knowledge while learning subsequent tasks. We use

L2 and EWC [128], which uses a fisher information matrix to reduce forgetting by regular-

izing the loss to penalize the changes made to important parameters of previous tasks.

Replay-based methods store a small subset of training instances from previous tasks in

memory. The data are replayed later to reduce forgetting. We adopt Replay, which saves

random instances from each task in memory and then jointly trains the model on new

task data and the old data in the memory; AGEM [25], which adds a constraint to prevent

parameter update from increasing the loss of each previous task. The loss of previous tasks

is calculated using the instances stored in the memory.

Architectural-based methods introduce task-specific parameters to the base model to

prevent subsequent tasks from interfering with previously learned parameters. We adopt

AdapterCL [167], which freezes the pre-trained model and trains a residual Adapter [86] for

each task independently.

Instruction-based apart from the three categories of CL, we also implement instruction-

based baselines because all previous CL methods are not designed for CIT. No prior work

had tried to fine-tune an instruction-tuned model sequentially without any mechanism for

preventing forgetting or encouraging knowledge transfer. However, it is commonly consid-

ered a performance lower bound in CL literature.

To this end, we propose to continually fine-tune the initial instruction-tuned model

(§4.5.1) on subsequent tasks, named as FT-init. As a direct comparison, we initialize a new
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T5 model, which is not tuned on any instruction data, and we continually fine-tune it (FT-

no-init). In addition, we also report the performance of the initial instruction-tuned model

(Init), which is the starting point before subsequent learning. Lastly, we jointly fine-tune

a T5 model using all the data, including the training data used in stage 1 and the training

data of all subsequent tasks in the stream (Multi). This is often regarded as the performance

upper bound in CL and does not have catastrophic forgetting and knowledge transfer.

4.5.3 Implementation Details

For both InstrDialog stream and InstrDialog++ stream, we conduct continual instruction

tuning using the same initial instruction-tuned model for all methods except FT-no-init,

AdapterCL, and Multi. For these methods, we initialize a new T5 model. Since AdapterCL

needs to train a task-specific adapter for each task, it is too costly to train the 100 adapters

for it, therefore we initialize it from a T5 model. For AdapterCL, we use a bottleneck of 100.

The initial instruction-tuned model (§4.5.1) is trained on 100 tasks with 100 instances per

task (in total 10,000). We use a maximum of 15 epochs with a learning rate of 1e-05. We

perform checkpoint selection using the development set.

For L2 and EWC, we tune the regularization term from [0.001,0.01,0.1], and use 0.01.

For AdapterCL, we use a learning rate of 1e-3. For other methods, we use 1e-5. For the In-

strDialog stream, we use a batch size of 4 for EWC and 8 for all other methods; for the

InstrDialog++ stream, we use a batch size of 16. For all experiments except AdapterCL, we

train a maximum epoch of 15 and perform early stopping with 3 patience to avoid overfit-

ting; for AdapterCL, we use a larger epoch of 20 with patience of 5. For AGEM and Replay,

we experiment on a memory size of 10 and 50, i.e., we set the memory size Minit to 10 and

50, same as Mseq. We jointly train the data in Minit, Mseq, and the new task data for these

two methods.

The selected tasks for task stream InstrDialog and InstrDialog++ are listed in Table 4.1.

The task orders are listed in Table 4.2. Due to limited computing resources, we randomly

permute the task streams and run all experiments using three random seeds. We refer to

this as task order 1. We study the effect of task orders in §4.6.3. All experiments are done in

an RTX3090 Ti with 24GB VRAM.

Task Order Task’s IDs in order

Order1 848 611 565 1714 574 1590 1730 294 576 1600 1500 639 1729 1501 1713 766 1603 1384 573
Order2 848 1603 1714 565 611 1590 1600 639 294 1500 1384 1713 1501 576 574 1729 766 573 1730
Order3 1713 576 1384 294 573 611 1729 1600 574 1590 848 639 766 1501 565 1603 1730 1500 1714

Table 4.2: Task orders for three runs of the InstrDialog Stream.
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InstrDialog Tinit Tunseen

Method AR FWT BWT FR FR Mem. +P (Tun) Time

FT-no-init 29.62.1 8.00.2 −10.82.3 17.30.5
† 16.51.3

† 0 0 (1) 0.50.02

AdapterCL 8.10.1 9.40.7 −21.90.9 - - 0 T*0.02 (0.02) 0.40.03

Init 22.5† - - 43.5 36.5† - - -
FT-init 35.70.2 18.50.7 −4.60.2 38.60.3 32.30.6

† 0 0 (1) 0.60.01

L2 35.60.1 17.50.5 −3.81.2 39.40.4 34.91.2
† 0 1 (1) 0.60.1

EWC 34.50.6 16.80.4 −6.81.5 37.00.1 32.50.5
† 0 2 (1) 1.10.2

AGEM (10) 33.20.4 19.10.1 −7.31.0 38.61.1 32.40.0
† (T+M)*10 0 (1) 1.10.1

AGEM (50) 34.90.9 18.11.0 −6.00.9 37.70.1 32.61.0
† (T+M)*50 0 (1) 1.30.1

Replay (10) 38.40.7 23.70.0 −1.30.5 42.70.7 32.40.4
† (T+M)*10 0 (1) 1.40.04

Replay (50) 40.40.0 22.90.1 1.61.2 47.10.5 31.81.0
† (T+M)*50 0 (1) 3.20.5

Multi 42.10.6 - - 44.71.3 32.80.9
† 0 0 (1) 1.10.2

Table 4.3: Performance of different methods on the InstrDialog stream. Means and stan-
dard deviations are reported.

4.6 Results & Analysis

In this section, we report the performance of various baselines discussed in §4.5.2 on our

benchmark.

4.6.1 Results on InstrDialog Stream

Table 4.3 shows each method’s overall performance and resource requirement after con-

tinually learning the InstrDialog stream. † means zero-shot performance. "Mem." means

the number of instances stored in the memory for each task; T is the total number of tasks

in the stream and M is the number of tasks used for initial training. "+P" means the per-

centage of additional parameters added for each task, measured by the total parameters of

the base model; "Tun" is the portion of tunable parameters during training. "Time" is the

average hours for each method to complete the task stream.

We have the following observations:

First, all methods except AdapterCL have improved AR, compared to the zero-shot per-

formance (22.5) of the starting point model Init. This shows CIT can extend a model’s knowl-

edge. In contrast, although AdapterCL is parameter-efficient and does not rely on memory,

it performs even worse than Init. We conjecture that AdapterCL fails to learn instructions

effectively because it is initialized from a non-instruction-tuned model (T5), and the few

tunable parameters restrict it from learning complex instructions.
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Second, among all baselines, Replay generally have the best performance. All methods

except Replay (50) have negative BWT, meaning that they all suffer from catastrophic for-

getting. Furthermore, forgetting on Tinit and Tunseen is even worse, which demonstrates

that the ability of the initial instruction-tuned model Init has deteriorated after learning

new dialogue tasks. We also find storing more examples in memory improves Replay but

does not significantly help AGEM. It might be because the constraints added to the loss are

roughly the same, no matter how many instances are stored. Despite used additional pa-

rameters, regularization-based L2 and EWC perform similar to other baselines. Multi over-

all performs well, with the highest AR and improved FR on Tinit, however, it also forgets

tasks in Tunseen. Replay (50) has a higher FR on Tinit than Multi because the 5,000 instances

stored in Minit are jointly trained multiple times when learning subsequent tasks (§4.5.3),

leading to better data fitting.

Third, FT-init performs surprisingly well on all metrics and is competitive with L2, EWC,

and AGEM. This finding contradicts the common sense in CL that simply fine-tuning a

model sequentially would lead to catastrophic forgetting because all parameters can be

freely updated in learning new tasks [128]. Even for FT-no-init, which is not tuned on any

instruction data, shows increased AR after learning the 19 dialogue tasks. This raises a ques-

tion: do various CL methods truly mitigate forgetting and promote knowledge transfer in

CIT? We hypothesize that the rich natural language instructions lead to the remarkable per-

formance of the baselines (§4.6.3).

4.6.2 Results on InstrDialog++ Stream

The performance of all methods after learning the InstrDialog++ steam is shown in Ta-

ble 4.4. We observe most of the same findings as in §4.6.1, except that:

First, Init has a higher (30.5 vs. 22.5) zero-shot performance on this long stream than on

InstrDialog, as in Table 4.3. We analyze that the categories of the selected 100 training tasks

(§4.5.1) overlap with the categories in the stream, which enables more knowledge transfer

of tasks between the same category because of the similar natural language instructions.

For example, both sets have tasks related to sentiment analysis and toxic language detec-

tion. In contrast, Init did not learn dialogue tasks, thus showing lower generalization on

InstrDialog.

Second, we can see improved performance for almost all methods compared to Ta-

ble 4.3, especially on Tinit and Tunseen. For FT-init and FT-no-init, the improvements of

FWT and BWT are particularly significant, reaching the best among all CL methods.
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InstrDialog++ Tinit Tunseen

Method AR FWT BWT FR FR

FT-no-init 31.32.4 26.80.3 −5.21.4 28.90.6
† 31.22.1

†

AdapterCL 20.70.2 14.30.9 −7.31.1 - -

Init 30.5† - - 43.5 36.5†

FT-init 34.80.3 29.80.5 −2.80.6 40.80.2 35.90.5
†

L2 36.10.2 27.90.3 −4.01.2 41.10.4 34.91.1
†

EWC 38.60.4 28.60.5 −4.01.8 41.30.3 34.00.7
†

AGEM (10) 39.30.6 28.90.2 −3.81.1 40.30.9 34.10.3
†

Replay (10) 43.10.7 29.00.4 −3.60.8 44.00.5 30.10.6
†

Multi 44.90.5 - - 44.60.9 33.90.5

Table 4.4: Performance of different methods on the InstrDialog++ stream. † means zero-
shot performance.

Combining the results on the two streams from Table 4.3 and Table 4.4, we find that

catastrophic forgetting exists in CIT. However, learning a longer task stream and diverse

tasks of different types leads to better knowledge transfer and lower forgetting.

4.6.3 Ablation Studies

In this section, we investigate the reason why instruction-based baselines (FT-init and FT-

no-init) perform as well as or even better than conventional CL methods (§4.6.1 & §4.6.2).

We also explore different aspects that might affect CIT.

Rich instructions enable knowledge transfer and reduce forgetting in CIT. We use the

same setup as in Table 4.4, except for using different instruction templates. Results in Ta-

ble 4.55 confirm our hypothesis that the remarkable performance of FT-init and FT-no-

init comes from the rich natural language instructions. When only using the task Id (e.g.,

task565_circa_answer_generation) as instruction without descriptive task definition

or in-context examples, simply fine-tuning the model sequentially yields low AR, FWT,

and BWT, which aligns with the findings in CL literature. Additionally, providing in-context

examples (2p or 2p+2n) generally improves performance. However, although task perfor-

mance (AR) is improved with two additional negative examples, we witness decreased knowl-

edge transfer (FWT and BWT). For the model that is not fine-tuned on any instruction data

5"id": only use the short task id; "def": only use descriptive task definitions; "def+2p": use task definition
and two positive examples; "def+2p+2n": use additional two negative examples.
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(FT-no-init), we find it worse than FT-init, showing the benefits of the initial multi-task

training on instruction data.

FT-init FT-no-init

Instr. AR FWT BWT AR FWT BWT

id 13.9 10.0 -30.3 11.5 8.0 -27.7
def 38.0 21.7 -6.9 33.8 16.1 -7.3
def+2p 34.8 29.8 -2.8 31.3 26.8 -5.2
def+2p+2n 40.4 28.1 -7.1 33.8 22.3 -7.3

Table 4.5: Effect of instruction templates on InstrDialog++.

Similar observations are found on Tinit and Tunseen in Table 4.6, where the model catas-

trophically forgets its initial abilities after learning a long stream of tasks. Providing descrip-

tive task definitions significantly boosts task performance as well as facilitates knowledge

transfer. Moreover, it also maintains the model’s generalization ability on unseen tasks.

Combining the results in Table 4.3, Table 4.4, Table 4.5, and Table 4.6, we find that those

conventional CL methods do not fully leverage the instructions to reduce forgetting and

facilitate knowledge transfer while learning continuously because the naive FT-init and FT-

no-init can also achieve the same. This calls for novel CL methods designed for CIT.

FT-init FT-no-init

Instr. Tinit Tunseen Tinit Tunseen

id 3.6 2.8 1.0 1.7
def 25.8 23.6 20.3 22.4
def+2p 40.8 35.9 28.9 31.2
def+2p+2n 37.7 35.7 27.2 33.1

Table 4.6: Effect of instruction templates on Tinit and Tunseen.

Task types and learning order matter to CIT. To explore how task types and orders in a

stream affects CIT, we randomly permute the InstrDialog stream to get two new task orders

and conduct the same learning as Table 4.3. We present the intermediate learning trends

of all 19 tasks in Fig. 4.3 Fig. 4.4, and Fig. 4.5. One can see from the plots that all baselines

are highly affected by task orders, fluctuating dramatically when different tasks are learned

first. We argue that it is because the task difficulties and similarities vary a lot. Learned

tasks transfer knowledge through the instructions to new tasks of the same type, facilitat-

ing learning. For example, the last task in order 1 (Fig. 4.3) is a type of dialogue generation,
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Figure 4.3: AR of each method during learning the InstrDialog stream (task order 1).
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Figure 4.4: AR of each method during learning the InstrDialog stream (task order 2).
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Figure 4.5: AR of each method during learning the InstrDialog stream (task order 3).
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Figure 4.6: Effect of training instances per task on FWT.
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Figure 4.7: Effect of training instances per task on BWT.

which is the dominant task type in the stream (11/19, §4.4.4), therefore all baselines are im-

proved. However, all baselines reach below Multi after learning all 19 tasks, demonstrating

knowledge forgetting will eventually appear if learning longer enough tasks.

A large number of training instances do not help knowledge transfer. We vary the num-

ber of instances per task used for learning the InstrDialog stream from [10,20,100,200,500].

As shown in Fig. 4.6 and Fig. 4.7, FWT and BWT gradually decrease when the number of

training instances is scaled to large values. It aligns with the findings by [250] in standard

IT, where a large number of instances do not help generalization to unseen tasks; we also

find it is true in CIT. Additionally, we find that instruction-tuned models (FT-init) have bet-

ter generalization to new tasks (FWT) than the model not fine-tuned on any instruction

data (FT-no-init). This shows that, after learning a few tasks, the model have learned how

to follow instructions to complete tasks, thus fewer training instances are required for new

tasks.

4.7 Summary

In this chapter, we present approaches to continually adapting language models to these

new tasks while minimizing the impact on their existing capabilities. We establish a bench-
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mark for continual instruction tuning, with two 19 and 38 long task streams to be learned

sequentially. We implement and compare various continual learning methods of different

types using the benchmark to study their effectiveness under this new domain. We conduct

extensive ablation studies to analyze the lack of current practices, and propose a future di-

rection.

Limitations. We identify our limitations as follows. First, due to limited resources, all ex-

periments in this work use T5-small (LM-adapted) as the backbone, which might not en-

tirely reflect continual instruction tuning in general. As [250] points out, there is a sizable

gap between the smaller models and the 11B or 3B models in generalizing to new tasks.

Second, when creating the two CIT task streams, we only use English tasks from the Su-

perNI dataset [250]. In future, it can be extended to multilingual task streams to study

cross-language continual instruction tuning. Third, we follow the SuperNI dataset to use

ROUGE-L as an aggregated metric to evaluate all tasks. Although it acts as a good proxy for

the model’s overall performance, it might not serve as an effective measurement for some

specific tasks. Fourth, while we selected diverse tasks to form the InstrDialog and InstrDia-

log++ task streams, we did not analyse the characteristics of these tasks [125]. In future, we

consider selecting better source tasks and studying how source tasks affect CIT.
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5
LEARNING KNOWLEDGE VIA ADAPTIVE

RETRIEVAL-AUGMENTED GENERATION

In Chapter 3 and Chapter 4, we explored how to adapt language models to emerging skills

and knowledge through fine-tuning. However, with the advent of LLMs (Large Language

Models), which often contain hundreds of billions of parameters, fine-tuning has become

prohibitively expensive. Additionally, fine-tuning is not feasible for closed-source models.

In this chapter, we present a solution that preserves the general capabilities of LLMs while

being efficient and eliminating the need for costly fine-tuning. This chapter is based on

one published paper at Findings of ACL 2024 – RetrievalQA: Assessing Adaptive Retrieval-

Augmented Generation for Short-form Open-Domain Question Answering [287].

5.1 Introduction

Retrieval-augmented generation (RAG) [73, 138, 209] that augments large language models

(LLMs) with retrieval of relevant information has become increasingly popular in knowledge-

intensive tasks, including open-domain question-answering (QA) [290, 115, 38, 284]. How-

ever, standard RAG methods conduct retrieval indiscriminately, irrespective of the input

query, which may result in suboptimal task performance and increased inference costs

[62]. On the one hand, LLMs encode vast knowledge in parameters through large-scale pre-

training, enabling them to effortlessly handle straightforward 1 queries without retrieval

1Here, straightforward refers to the questions that LLMs can easily answer correctly using their paramet-
ric knowledge.

67



CHAPTER 5. LEARNING KNOWLEDGE VIA ADAPTIVE RETRIEVAL-AUGMENTED
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[168]. On the other hand, the retrieved context may contain noise and irrelevant informa-

tion, and augmenting noisy context can potentially distract LLMs, thereby impeding task

performance [227].

To alleviate the limitations of RAG mentioned above, recent studies advocate for adap-

tive RAG (ARAG), which dynamically determines retrieval necessity and relies only on LLMs’

parametric knowledge when deemed unnecessary [58]. However, the effectiveness of these

methods is understudied, as there is no suitable benchmark and evaluation. ARAG ap-

proaches can be categorized into calibration-based and model-based judgement. Calibration-

based methods [168, 102, 8], while effective, trigger retrieval only when a metric surpasses

a pre-defined threshold. For example, [168] heuristically retrieve when the popularity of

an entity on Wikipedia is below a certain threshold; [102] trigger retrieval if any token in

the temporarily generated sentence has low confidence. Clearly, these ad-hoc calibration-

based methods are suboptimal, as we need to tune thresholds for different datasets and

models to balance task performance and inference overheads. To obviate the hyperparam-

eter threshold, model-based methods [57, 212] directly prompt LLMs for retrieval deci-

sions, given the observation that LLMs can acknowledge their knowledge boundaries to

some extent [108, 273]. These methods undergo separate evaluations, and their effective-

ness remains ambiguous due to the limited scope of the assessments.

In this work, we investigate to what extent LLMs can perform calibration-free adap-

tive retrieval via prompting. To answer this question, we need to evaluate whether LLMs

retrieve only when necessary. This requests a benchmark that distinguishes between ques-

tions that can be answered using LLMs’ parametric knowledge and those that require exter-

nal information through retrieval. Nevertheless, commonly used open-domain QA datasets

[207, 106, 130, 168] fail to fulfil this purpose, as various LLMs have distinct sizes and levels of

pre-trained knowledge, making them inadequately assess the necessity of external retrieval

for LLMs.

To fill this gap, we create RetrievalQA, a short-form QA dataset, covering new world

and long-tail knowledge and spanning diverse topics. We ensure the knowledge neces-

sary to answer the questions is absent from LLMs. Therefore, LLMs must truthfully decide

whether to retrieve to be able to answer the questions correctly. RetrievalQA enables us

to evaluate the effectiveness of ARAG approaches, an aspect predominantly overlooked in

prior studies and recent RAG evaluation systems [27, 215, 55], which focus only on task

performance, the relevance of retrieval context or the faithfulness of answers.

Using RetrievalQA as a testbed, we benchmark both calibration-based and model-

based methods with varying sizes of LLMs. As shown in Fig. 5.1, we find calibration-based

68



5.1. INTRODUCTION

TinyLlama (1.1B) Phi-2 (2.7B) Llama-2 (7B) Self-RAG (7B) GPT-3.5 GPT-4
0

10

20

30

40

50

No Ret. Adaptive Ret. Always Ret.
M

a
t
c
h

 a
c
c

Yes

627

No

644

Correct

264

Incorrect

1007

False answer

574

"I don't know"

433

Retrieval? Prediction? Error Type

Figure 5.1: Above: QA accuracy on our RetrievalQA w/, w/o retrieval, and adaptive re-
trieval. Below: an error analysis for GPT-3.5.

Self-RAG requires threshold tuning to balance QA performance and retrieval efficiency,

while vanilla prompting is insufficient in guiding LLMs to make reliable retrieval decisions.

As an initial effort, we propose Time-Aware Adaptive REtrieval (TA-ARE), a simple yet ef-

fective method to improve ARAG via in-context learning (ICL; [16]), obviating the need for

calibration or additional training.

To sum up, this work makes the following contributions:

• We create a new dataset RetrievalQA to assess adaptive retrieval-augmented gener-

ation for short-form open-domain QA.

• We benchmark existing methods and conduct extensive analysis, finding that vanilla

prompting is insufficient in guiding LLMs to make reliable retrieval decisions.

• We propose TA-ARE, a simple yet effective method to help LLMs assess the necessity

of retrieval without calibration or additional training.

We release our code, data, and model to facilitate future research at https://github

.com/hyintell/RetrievalQA.
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Please answer the question based on the provided context. Only include the answer
in your response and try to be concise. If you do not know the answer, just say "I don’t
know".

Paragraph:
{retrieved documents}

Question: {question}
Answer:

Figure 5.2: Instruction prompt template for QA with retrieved documents.

5.2 Preliminaries

This section formalises adaptive retrieval-augmented generation (ARAG) for open-domain

QA tasks.

Standard RAG. Given a question x, a retriever R , and an external document corpus D

such as Wikipedia, the retriever first retrieves a list of relevant documents Dx =R(x), then

an LLM needs to generate answer y = LLM(I ,Dx , x) conditioned on a prompt instruction I ,

retrieved documents Dx , and the question x. The instruction prompt template for standard

RAG is shown in Fig. 5.2.

Adaptive RAG. Standard RAG always retrieves regardless of the input question, while adap-

tive retrieval only retrieves when necessary. Calibration-based methods generally intro-

duce a pre-defined hyperparameter t and only do retrieval when a metric surpasses t :

y =
{

LLM(I ,Dx , x), metric ≥ t

LLM(I , x), otherwise

For Model-based methods, we follow [57] and [212] to instruct LLMs to decide whether

to retrieve via prompting, obviating the threshold. Specifically, we ask a yes/no question:

r = LLM(Ivanilla, x), where Ivanilla = "Given a question, determine whether you need

to retrieve ... answer [Yes] or [No]". Retrieval is performed only when LLMs an-

swer yes. We denote this as Vanilla prompting. The vanilla prompting template for model-

based adaptive RAG is shown in Fig. 5.3.

y =
{

LLM(I ,Dx , x), r = Yes

LLM(I , x), otherwise
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Given a question, determine whether you need to retrieve external resources, such as
real-time search engines, Wikipedia, or databases, to answer the question correctly.
Only answer "[Yes]" or "[No]".

Question: {question}
Answer:

Figure 5.3: Vanilla prompt template for adaptive retrieval.

5.3 RetrievalQA: New Dataset for Open-Domain QA

5.3.1 Design Choice

In this section, we discuss the design choice and rationale of our dataset construction. Our

goal is to evaluate adaptive RAG (ARAG) methods and see how good they are at deciding

when to retrieve. Therefore, we need the ground truth labels for each question’s retrieval

necessity. Ultimately, there are three kinds of questions here:

• Case 1: for all LLMs, questions that can be answered using only their parametric

knowledge

• Case 2: for all LLMs, questions that can not be answered using only the parametric

knowledge, therefore requiring external retrieval

• Case 3: questions that can be answered with their parametric knowledge for some

models but can not be answered for some other models

We do not consider Case 3 because those questions cannot fairly measure whether re-

trieval is required for different LLMs. For Case 1, it is not trivia to collect questions that can

be answered only using the parametric knowledge of LLMs. This is because different LLMs

have different levels of pre-trained knowledge, and it is hard to measure [196, 108]. For

example, given a question, GPT-3.5 may fail to answer and need the help of external knowl-

edge, while Llama-2 may answer correctly using its own knowledge because it has seen the

question in the training data. The pre-training corpora are sometimes unavailable, espe-

cially for proprietary models, and we can not guarantee that the collected questions can be

100% answered with their own knowledge, as shown in below Table 5.4.

However, different from Cases 1 and 3, for Case 2, theoretically, it is possible to collect

data that guarantees the knowledge to answer the questions is not present in the models.

For instance, new world knowledge occurred after model training and long-tail knowledge

that did not (or rarely) appear in the training corpora. Therefore, by default, we primarily

collect and evaluate questions (Case 2) that are guaranteed cannot be answered without
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external information.

5.3.2 Method

Data Collection. Inspired by [304], we aim to collect data such that the knowledge neces-

sary to answer the questions is absent from LLMs. Therefore, LLMs must consult external

resources to answer correctly. Specifically, we mainly collect data from two categories:

1 New world knowledge that is out of the scope of the LLMs’ pre-training corpora.

LLMs are static after training and can quickly be outdated due to the ever-changing world

[290]. To ensure the knowledge is novel to most LLMs, we select 397 QA pairs ranging from

1 October 2023 to 12 January 2024 from RealTimeQA [115]. These data comprise weekly

quizzes extracted from news websites, encompassing broad topics, including politics, busi-

ness, and entertainment. In addition, we collect 127 fast-changing questions from FreshQA

[247], where the answers may change frequently, thereby challenging LLMs’ parametric

memorization.

2 Long-tail knowledge that is rarely learned during pre-training. Previous studies [110]

have shown that LLMs struggle to learn less common knowledge and perform poorly with-

out the help of retrieval. Following [8], we use the long-tail subset of PopQA [168], which

consists of 1,399 rare entity queries with monthly Wikipedia page views below 100, and

the test split of unfiltered TriviaQA [106], which has 7,313 factual QA pairs. Lastly, we col-

lect 100 personal agenda questions from ToolQA [304], which are synthesized with virtual

names and events. We provide more details about the abovementioned datasets in §5.3.3.

Filtering Questions. As discussed in §5.1, we conduct strict filtering to ensure the ques-

tions cannot be answered without external knowledge. To save manual work, we prompt

GPT-4 for answers in a closed-book QA setting without access to external knowledge (see

prompt template Fig. 5.4). Then, we calculate the token-level F1 scores [207] and remove

questions that have shared tokens between the prediction and the ground truth, i.e., only

keep questions with F1 = 0. Our rationale is that weaker LLMs are also highly likely to fail if

state-of-the-art GPT-4 cannot answer correctly without retrieval. Finally, after filtering, we

have obtained 1,271 out of 9,336 questions, covering new world and long-tail knowledge

and spanning diverse topics.

To avoid potential bias in the evaluation towards methods that retrieve more often, we

additionally collect 1,514 questions (Case 1, §5.3.1) that can be answered using GPT-2’s

parametric knowledge from the discard set. Specifically, we use GPT-2 (small, 124M) in the

zero-shot closed-book QA setting to evaluate the discard set. We only keep questions that

72



5.3. RETRIEVALQA: NEW DATASET FOR OPEN-DOMAIN QA

Please use your own knowledge to answer the questions. Only include the answer in
your response and try to be concise. If you do not know the answer, just say "I don’t
know".

Question: {question}
Answer:

Figure 5.4: Instruction prompt template for QA without retrieval.

can be answered using GPT-2’s parametric knowledge (when the loose match score = 1),

assuming that larger and stronger LLMs are also highly likely to succeed if small and weak

GPT-2 can answer correctly without retrieval. We also use the entire PopQA dataset (the rest

of the long-tail split), which has 12,883 data instances that are more common on the web.

We found that GPT-2 cannot answer any new-world questions from the discard set, which

is reasonable.

5.3.3 Dataset Description & Statistics

In this section, we provide more details about the original data sources. The RetrievalQA

dataset statistics (questions need retrieval) are shown in Table 5.1. # Avg. Q, Ans, Doc To-

kens means the average number of tokens of questions, answers, and top-5 retrieved docu-

ments, respectively. We use the tiktoken python library to calculate the number of tokens.

The examples of data instances are in Table 5.2.

RealTimeQA [115] A dynamic question-answering (QA) based on weekly-published news

articles, which challenges static LLMs. We select data from 1 October 2023 to 12 January

2024. These data comprise weekly quizzes extracted from news websites, encompassing

broad topics, including politics, business, and entertainment.

FreshQA [247] A QA benchmark with 600 questions that cover a wide range of questions

and answer types. We use the fast-changing subset so that the knowledge memorized in

LLMs can potentially be outdated, thus requiring external new information.

ToolQA [304] A benchmark to faithfully evaluate LLMs’ ability to use external tools. We

use questions from the Personal Agenda domain, which consists of 100 synthesized ques-

tions with virtual names and events.
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PopQA [168] An entity-centric open-domain QA dataset about entities with a wide variety

of popularity. We use the long-tail subset of the data.

TriviaQA [106] A reading comprehension dataset containing question-answer-evidence

triples. We follow [8] and use the test split of the unfiltered version.

Category Data Source # Original
# After

Filtering
# Avg.

Q Tokens
# Avg.

Ans Tokens
# Avg. Doc Tokens

(Top-5)

New world
knowledge

RealTimeQA
[115]

397 188 19.0 3.1 216.7

FreshQA
[247]

127 54 13.8 3.9 227.5

Long-tail
knowledge

ToolQA
[304]

100 75 21.7 3.5 425.3

PopQA
[168]

1,399 659 8.8 4.0 540.1

TriviaQA
[106]

7,313 295 17.3 5.9 703.3

Total/Average RetrievalQA 9,336 1,271 13.2 4.3 510.1

Table 5.1: Data statistics of RetrievalQA (questions need retrieval).

Category Data Source Question Answer

New world
knowledge

RealTimeQA
[115]

Which 2024 Republican presidential contender
announced that he is ending his campaign? Former Texas Rep. Will Hurd

FreshQA
[247]

What is the latest highest-grossing
movie of the week at the Box office? Mean Girls

Long-tail
knowledge

ToolQA
[304]

What time did Grace attend Broadway
Show on 2022/02/17? 8:00 PM

PopQA
[168] What is Henry Feilden’s occupation? politician

TriviaQA
[106]

Which bird, that breeds in northern Europe
in pine and beech forests, has a chestnut

brown back, grey head, dark tail, buff
breast and a striped black throat?

fieldfare

Table 5.2: Data examples of RetrievalQA (questions need external retrieval).

5.3.4 Quality Control

To validate RetrievalQA, we perform a sanity check using a simple QA template (Fig. 5.4)

without retrieval. We use various sizes of recent strong LLMs (more setup details in §5.4).

We set threshold t = 0.5 for calibration-based Self-RAG [8] and use model-based Vanilla

prompting for others (§5.2). As shown in Table 5.3 and Fig. 5.1, all models achieve very
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poor match and F1 scores on RetrievalQA, indicating that it is extremely hard for models

to answer the questions without consulting external resources. We find that Self-RAG re-

quires threshold tuning to balance QA performance and retrieval efficiency, while vanilla

prompting is insufficient in guiding LLMs to make reliable retrieval decisions (§5.4.3).

Model Match F1

TinyLlama (1.1B) 4.2 1.3
Phi-2 (2.7B) 7.2 3.9
Llama-2 (7B) 2.0 0.7
Self-RAG (7B) 6.0 1.5
GPT-3.5 1.2 1.0
GPT-4* 2.4 2.3

Table 5.3: Match and F1 scores of models on RetrievalQA (1,271) without retrieval. * indi-
cates that we evaluate GPT-4 using 250 examples to reduce API costs.

We notice that TinyLlama, Phi-2, and Self-RAG perform slightly better than larger mod-

els. Considering that these models were trained recently (as shown in Table 5.5), they might

have learned some new knowledge and can answer some questions correctly. Addition-

ally, we conducted human checking on the questions answered correctly and found that

some questions were mismarked due to multiple possible ground truths. For example,

for the question: "Where will NeurIPS be located this year (2024)?", the model

answers: "NeurIPS will be held in Montreal, Canada.", and the ground truth is an

array of ["Vancouver, Canada", "Vancouver", "Canada"]. This answer was marked

correct since the model prediction contains Canada. However, LLMs themselves still do

not truly know the answer. The outdated knowledge stored in their parameters makes

them hallucinate.

Since these questions only take a tiny portion of the entire dataset (as an example shown

in Fig. 5.1, the tiny red line from Retrieval=No to Prediction=Correct), and early-trained

models such as Llama-2 and GPT-3/4 perform worse, we still keep them in our dataset.

We also run the sanity check on the 1,514 questions that do not need retrieval. As shown

in Table 5.4, even strong models like GPT-3.5 and GPT-4 can not reach 100% match accuracy

using their parametric knowledge. This further validates our rationale in §5.3.1 that it is not

trivia to collect questions that can be answered only using the parametric knowledge of

LLMs.
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Model Match

TinyLlama (1.1B) 88.1
Phi-2 (2.7B) 87.7
Llama-2 (7B) 89.8
Self-RAG (7B) 88.2
GPT-3.5 91.1
GPT-4* 88.4

Table 5.4: Match scores of models on 1,517 questions that do not need retrieval. * indicates
that we evaluate GPT-4 using 250 examples to reduce API costs.

5.4 Pilot Experiments: RetrievalQA Challenges Adaptive

RAG

In this section, we conduct pilot experiments, evaluate existing adaptive RAG (ARAG) ap-

proaches on RetrievalQA, and discuss and analyse results. Unless otherwise noted, we

evaluate all experiments on the questions that need retrieval (1,271) by default.

5.4.1 Setup

Baselines. For Model-based ARAG baselines (§5.2), we evaluate strong instruction-tuned

models with a varying scale of model size: TinyLlama (1.1B) [283], Phi-22 (2.7B) [68, 143],

Llama-2 (7B) [243], GPT-3.5 [184], and GPT-4 [185]. For Calibration-based method (§5.2),

we evaluate the most recent state-of-the-art Self-RAG (7B, [8]). Self-RAG fine-tunes Llama-2

using special reflection tokens to allow the model to introspect its outputs. The model ac-

tivates retrieval when the probabilities of the generated special tokens exceed a threshold.

We download the models from HuggingFace3. The model details, including downloading

URLs, model size, and release date, can be found in Table 5.5.

Evaluation Metric. We use retrieval accuracy to evaluate how well LLMs can perform

adaptive retrieval. Since all questions in our dataset need retrieval, the higher the retrieval

accuracy, the more effective the method. Following [217, 168, 8], we evaluate QA perfor-

mance using match accuracy, which measures whether gold answers are included in the

model predictions instead of strict exact matching.

2We acknowledge that Phi-2 has not been instruction fine-tuned; however, we find it performs decently
well in understanding instructions.

3https://huggingface.co/models
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Model Name Model Size Release

TinyLlama/TinyLlama-1.1B-Chat-v1.0 1.1B Dec 2023
microsoft/phi-2 2.7B Dec 2023
meta-llama/Llama-2-7b-chat-hf 7B Jul 2023
selfrag/selfrag_llama2_7b 7B Oct 2023
gpt-3.5-turbo – Nov 2022
gpt-4-turbo-preview – Mar 2023

Table 5.5: Model used in the experiments.

5.4.2 Implementation Details

For fair comparisons, we use the same setting following Self-RAG for all experiments. The

detailed hyperparameters are summarized in Table 5.6.

For Self-RAG, we set the retrieval threshold t = [0.25,0.5,0.75,None]. Lower thresholds

encourage more frequent retrieval, while None means the model itself decides when to re-

trieve by generating the specific [Retrieval] token. Since the quality of the retrieved doc-

uments is not the focus of this work, we use the off-the-shelf Contriever [95] and author-

provided top-5 documents extracted from Wikipedia where possible for long-tail knowl-

edge questions. For questions from ToolQA, we use the author-provided vector database for

retrieval of synthesized agendas. Otherwise, we use top-5 documents returned by Google

search4 for new world knowledge questions. To reduce API costs, for GPT-4, we randomly

select 50 data instances from each source for evaluation, resulting in 250 questions. We ask

LLMs to respond "I don’t know" if they cannot answer the question (Fig. 5.2 and Fig. 5.4).

For instruction-tuned LMs, we use the official system prompt or instruction format used

during training if publicly available. We use vLLM [131] for accelerated inference.

We primarily evaluate the 1,271 questions that need retrieval in this section (§5.4) and

provide the overall results on RetrievalQA in §5.5. The total cost of Open AI API is about

137 US dollars for dataset creation and 57 dollars for inference.

5.4.3 Results & Analysis

Main Results. Table 5.7 (top & middle) shows the retrieval accuracy and answer match

accuracy for calibration-based and model-based methods. We also present the results of

standard RAG, Always Retrieval, which can be seen as the upper bound of the baselines. We

observe that:

4We use SerpApi for Google search.
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Parameters Values

temperature 0.0

top_p 1.0

max_tokens 100

Retrieved docs top-5

Threshold (Self-RAG, §5.4.1) [None,0.25,0.5,0.75]

# demonstrations (TA-ARE, §5.5) 4

Eval metric match/retrieval accuracy

Table 5.6: Implementation hyperparameters.

1 RAG generally improves QA performance. As the knowledge necessary to answer

the questions is not present in LLMs, the more frequently retrieval occurs, the higher the

answer accuracy becomes for all models. However, GPT-4 possesses the highest QA accu-

racy despite retrieving only 67.6% of the time, indicating that fully utilizing retrieved con-

text is also crucial for generating correct answers [7].

2 The effectiveness of Self-RAG largely depends on threshold tuning. As shown in

Table 5.7 (top), Self-RAG achieves high performance when setting a low retrieval threshold

(t = 0.25) while never retrieving when the threshold is high (t = 0.75). This indicates that

calibration-based methods require threshold tuning to find the best trade-off between task

performance and retrieval efficiency.

3 The effectiveness of vanilla prompting varies and does not scale with model sizes.

Surprisingly, Table 5.7 (middle) shows larger models (GPT-3.5/4) perform worse than smaller

yet strong models (Phi-2/Llama-2) in retrieval accuracy, suggesting that LLMs possess a

certain degree of ability to perceive their knowledge boundaries [273, 212]. Yet, vanilla

prompting is insufficient in guiding LLMs to make reliable retrieval decisions.

Error Analysis. To investigate why vanilla prompting performs poorly for ARAG, we con-

duct an error analysis for GPT-3.5 and plot Fig. 5.1. Red area indicates more than half of

the time, GPT-3.5 overconfidently perceives no external information is required to answer

the questions, leading to mostly incorrect predictions. Conversely, Blue area shows that,

without additional information, GPT-3.5 "knows" it does not know the answer, therefore

responding "I don’t know". Together, this reveals that LLMs can potentially discern the

need for resource retrieval. We further find in Fig. 5.5 that all LLMs can better recognize

their lack of knowledge about the new world, leading them to actively request retrieval.

However, they tend to be weak in handling long-tail questions, as depicted in Fig. 5.5 (yel-
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Baselines (1,271)
Adaptive Retrieval

Always
Retrieval

Retrieval Match Match

Calibration-based
Self-RAG (7B)

t = 0.25 100.0 31.9

31.9
t = 0.5 23.0 10.6
t = 0.75 0.0 6.0
t = None 0.4 6.0

Model-based
Vanilla §5.2
TinyLlama (1.1B) 39.1 14.7 28.2
Phi-2 (2.7B) 94.1 35.0 36.4
Llama-2 (7B) 80.3 26.1 36.0
GPT-3.5 49.3 20.8 38.2
GPT-4* 67.6 37.6 46.0
Ours TA-ARE §5.5
TinyLlama (1.1B) 54.1(+15.0) 19.0(+4.3) 28.2
Phi-2 (2.7B) 95.5(+1.4) 36.0(+1.0) 36.4
Llama-2 (7B) 86.0(+5.7) 30.7(+4.6) 36.0
GPT-3.5 86.3(+37.0) 35.8(+15.0) 38.2
GPT-4* 83.2(+15.6) 46.4(+8.8) 46.0
Average gain +14.9 +6.7 –

Table 5.7: Retrieval and match accuracy on RetrievalQA. * indicates using 250 examples
for testing to reduce API costs. Best scores in Bold and second best in underline.

TinyLlama (1.1B) Phi-2 (2.7B) Llama-2 (7B) GPT-3.5 GPT-4
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Figure 5.5: Retrieval accuracy between long-tail vs. new world knowledge (i.e., dotted vs.
slash) using Vanilla and ours TA-ARE (i.e., yellow vs. blue).

low).

5.5 Improving Adaptive RAG Prompting

This section presents an improved model-based ARAG method and evaluates its effective-

ness.
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Yes

1097

No

174

Correct

455

Incorrect

816

False answer

651

"I don't know"

165

Retrieval? Prediction? Error Type

Figure 5.6: Error analysis of ours TA-ART for GPT-3.5.

5.5.1 Method

Based on our findings in §5.4.3, we propose Time-Aware Adaptive REtrieval via ICL (TA-

ARE), a simple yet effective method to improve ARAG without calibration or additional

training. Given that new world knowledge questions often contain time-sensitive informa-

tion (e.g., "last week", "recent"), we include "Today is current_date()" in the instruc-

tion to enhance models’ awareness of time. For long-tail knowledge, we use SimCSE [61]

to select top-2 semantically closest long-tail questions answered incorrectly from the dis-

carded set in §5.3, denoted as [Yes] demonstrations. For [No] demonstrations, we manu-

ally create another two questions, ensuring no extra information is required for most LLMs

to answer (e.g., What is the capital of France? ).

Time Example Avg. Retrieval Avg. Match

1 65.8 24.8
2 ✔ 72.4 27.0
3 ✔ 78.9 29.3
4 ✔ ✔ 80.6 31.1

Table 5.8: Ablation study for current date and demonstration examples. Results are aver-
aged for all models.

5.5.2 Results & Analysis

Results on 1,271 questions that need retrieval. Table 5.7 shows TA-ARE significantly im-

proves all baselines, with an average gain of 14.9% and 6.7% for retrieval and QA accuracy,

respectively. Fig. 5.5 illustrates the improvement for all long-tail questions and most new

world questions. As shown in Fig. 5.6, we plot the error analysis on GPT-3.5 using our pro-
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posed TA-ARE. Compared to Fig. 5.1 which uses vanilla prompting, we can see that the

areas of Red and Blue significantly reduce, indicating that GPT-3.5 has improved aware-

ness of when it needs retrieval, demonstrating our approach successfully elicits this ability.

In addition, our plotting enables us to conduct fine-grained error analysis for RAG. We

can see that part of the LightYellow area (when Retrieval=Yes and Prediction=Incorrect)

generally represents two cases: First, the retrieved documents are noisy and might not con-

tain relevant information to answer the questions. Thus, LLMs cannot make correct predic-

tions; Second, the retrieved documents contain necessary information, but LLMs cannot

fully utilize them and make correct predictions. While this is out of the scope of this work,

future works are required to make RAG systems more robust and effective [7, 275].

Overall results on RetrievalQA. In Table 5.7, we only evaluate 1,271 questions that need

retrieval. Here, we evaluate the entire 2,785 data, with 1,271 labelled as required retrieval

and 1,514 labelled as do not require retrieval. Besides retrieval accuracy, we also report

retrieval macro precision, recall, and F1. Table 5.9 shows the overall results. Using questions

that do not need retrieval and questions that need retrieval, we comprehensively evaluate

ARAG methods. We have the following findings:

1 Using questions that do not need retrieval and questions that need retrieval, we now

have a comprehensive evaluation of ARAG methods.

2 The results still mostly match our work. The effectiveness of calibration-based Self-

RAG depends on threshold tuning to find the best trade-off between QA performance and

retrieval efficiency. When setting a lower threshold, it retrieves more often. Despite having

higher QA accuracy, retrieval accuracy is lower, and inference costs are increased.

3 Vanilla prompting still has large room to improve - with the best performing GPT-4

only reaching 76% retrieval accuracy.

4 Our TA-ART, while gaining less improvement than evaluating only the questions that

need retrieval in the work, still consistently improves all metrics, including QA and retrieval

accuracy, demonstrating that TA-ARE does not simply tend to retrieve more frequently. In

addition, our method pushes the QA match accuracies to the upper bound (Always Re-

trieval).

The overall results further demonstrate that our proposed method, TA-ARE, can effec-

tively guide LLMs when to retrieve and, therefore, improve retrieval efficiency and task per-

formance.
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Baselines (2,785)
No Retrieval Adaptive Retrieval

Always
Retrieval

Match Match Retrieval Acc Precision Recall F1 Match

Calibration-based
Self-RAG (7B)

t = 0.25

50.7

64.3 45.6 50.0 22.8 31.3

64.3
t = 0.5 53.2 53.6 51.2 51.7 51.5
t = 0.75 50.7 54.4 50.0 27.2 35.2
t = None 49.3 54.5 50.1 62.9 55.8

Model-based
Vanilla §5.2
TinyLlama (1.1B) 49.8 54.4 49.3 48.5 48.4 48.5 59.9
Phi-2 (2.7B) 51.0 64.9 48.0 51.7 55.8 53.7 65.7
Llama-2 (7B) 49.7 60.4 44.3 47.2 45.0 46.1 65.8
GPT-3.5 50.1 58.7 61.3 60.3 60.9 60.6 65.7
GPT-4* 45.4 64.4 76.0 76.0 76.8 76.4 64.2
Ours TA-ARE §5.5
TinyLlama (1.1B) 49.8 56.1 44.7 45.4 45.3 45.4 59.9
Phi-2 (2.7B) 51.0 65.6 54.1 57.4 66.8 61.8 65.7
Llama-2 (7B) 49.7 63.3 44.3 47.6 44.2 45.8 65.8
GPT-3.5 50.1 65.3 67.1 68.6 70.6 69.6 65.7
GPT-4* 45.4 67.6 76.6 76.6 77.1 76.8 64.2
Average gain – +3.0 +1.6 +2.4 +3.4 +2.8 –

Table 5.9: Retrieval and match accuracy on RetrievalQA (overall). * indicates using 500
examples for testing to reduce API costs.

5.5.3 Ablation Studies

In this section, we conduct ablation studies to validate our proposed TA-ARE method.

First, we remove different components in our TA-ARE prompting, i.e., time-sensitive

information and in-context demonstrations. The results in Table 5.8 demonstrate the over-

all results across all models. It validates the effectiveness of TA-ARE: time awareness and

relevant in-context demonstrations help LLMs decide the necessity of retrieval for new

world and long-tail questions. It reaches the highest task performance and retrieval ac-

curacy when both information are applied.

Further, we provide fine-grained results for each model in Table 5.10 and Table 5.11,

illustrating the results without time information and in-context demonstrations, respec-

tively. It can be seen that, while performance drops for some models, the overall gains are

positive compared to the vanilla promoting.

We further evaluate the number of in-context demonstrations in Fig. 5.7. We vary the

number of positive and negative examples from {0, 1, 2, 4} pairs of demonstrations. As

shown in Fig. 5.7, 4 demonstrations, comprising 2 [Yes] and 2 [No] examples, have the

best performance.
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Baselines
Adaptive Retrieval

Retrieval Match

TinyLlama (1.1B) 90.9 (+51.8) 27.5 (+12.8)

Phi-2 (2.7B) 88.7 (-5.4) 33.8 (-1.2)

Llama-2 (7B) 47.0 (-33.3) 16.7 (-9.4)

GPT-3.5 87.6 (+38.3) 36.2 (+15.4)

GPT-4 86.0 (+18.4) 46.0 (+8.4)

Average gain +14.0 +5.2

Table 5.10: Ablation: our TA-ARE without the current date. (-red) means performance losses
compared to Vanilla prompting in Table 5.7.

Baselines
Adaptive Retrieval

Retrieval Match

TinyLlama (1.1B) 73.8 (+34.7) 23.1 (+8.4)

Phi-2 (2.7B) 89.5 (-4.6) 32.2 (-2.8)

Llama-2 (7B) 90.0 (+9.7) 31.4 (+5.3)

GPT-3.5 36.7 (-12.6) 18.9 (-1.9)

GPT-4 70.0 (+2.4) 39.6 (+2.0)

Average gain +5.9 +2.2

Table 5.11: Ablation: our TA-ARE without demonstration examples.
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Figure 5.7: Effect of different numbers of demonstrations. Averaged for all models.

5.6 Summary

In this chapter, we present a solution that preserves the general capabilities of LLMs while

being efficient and eliminating the need for costly fine-tuning. We first present a new dataset

RetrievalQA to assess adaptive RAG for short-form open-domain QA. Then, our analysis

finds vanilla prompting is insufficient in guiding LLMs in making reliable retrieval deci-

sions. As an initial attempt, we propose TA-ARE, a simple yet effective method to help LLMs

assess the necessity of retrieval, obviating the need for calibration or additional training.

83
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GENERATION

Limitations. We identify the limitations of our work as follows:

First, we mainly collect data from existing data sources and use GPT-4 to filter out an-

swerable questions. While we have done preliminary human checking in §5.3.4, it is pos-

sible that some questions in the dataset do not require additional information for LLMs

to answer. Future work could develop advanced algorithms to perform more efficient and

rigorous filtering.

Second, this work primarily focuses on short-form QA and does not assess long-form

generation tasks. It should be noted that methods, including [102, 8], are capable of long-

form generation tasks. Self-RAG can also perform sophisticated self-reflection, which goes

beyond adaptive retrieval.

Third, we acknowledge that some of the retrieved documents may not contain the an-

swers or the information needed to answer the questions. While improving retrieval rele-

vance and accuracy is out of the scope of this work, noisy context may interfere with LLMs

and hurt the QA performance.

Fourth, while we find our prompt templates work well, we do not perform prompt tun-

ing in this work. We acknowledge that prompt templates can be sensitive to LLMs, and

there are methods to find optimal prompts [230, 45]. We believe optimal prompts can be

found to improve performance further. We leave this as a future work.
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CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this thesis, we explore approaches to efficiently and effectively extend the knowledge of

language models beyond pre-training. Our aim is to minimize the negative effects on pre-

viously acquired skills while maximizing the performance of tasks that require new knowl-

edge, thereby enhancing various downstream NLP tasks. We summarise our thesis as fol-

lows.

Chapter 1 introduced the research background information and motivation, research

questions, and outlined the structure of the thesis.

Chapter 2 provided the necessary background on pre-trained language models and

reviewed related work in various approaches to updating LMs’ knowledge after the pre-

training stage.

Chapter 3 presented our proposed approaches to address RQ1: How can we efficiently

and effectively label raw data to aid in training new task-specific language models? To an-

swer this question, we focused on the dialogue state tracking (DST) task and proposed a

novel model-agnostic turn-level Active Learning (AL) framework, which provides a more

efficient way to annotate new dialogue data for training new LMs. Our method significantly

reduces the amount of annotation data required while achieving improved performance in

DST under a weakly-supervised setting, thereby efficiently integrating new knowledge into

language models beyond pre-training.

Chapter 4 outlines our answers to RQ2: How can we adapt language models to emerg-
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ing tasks while minimizing catastrophic forgetting and maximizing knowledge transfer? To

address this question, we formulated the problem of continual instruction tuning (CIT)

to continuously fine-tune LMs on emerging tasks and established a benchmark suite con-

sisting of learning and evaluation protocols. In addition, to thoroughly evaluate CIT, we

curated two long task streams comprising various types to study different setups. Finally,

to alleviate catastrophic forgetting and facilitate knowledge transfer, we implemented var-

ious continual learning (CL) baselines across different categories and conducted extensive

experiments and ablation studies.

Chapter 5 tries to answer RQ3: How can we efficiently incorporate new knowledge into

language models without compromising their existing knowledge? To tackle this question,

we first developed a meticulous question-answering (QA) dataset for retrieval-augmented

generation (RAG) tasks and identified the limitations of existing adaptive RAG approaches.

We conducted extensive experiments to analyze these limitations and proposed an im-

proved method for incorporating new knowledge into LMs adaptively and efficiently with-

out altering the original parameters, thereby eliminating negative effects.

These contributions collectively show the potential for incorporating new knowledge

into LMs beyond the pre-training stage. From three aspects–—efficient data annotation for

training new LMs, continual adaptation of LMs to emerging knowledge, and adaptive aug-

mentation of LMs at inference without interfering with the original parameters—–we have

demonstrated the potential to enhance the performance and capabilities of LMs, providing

valuable insights for various NLP tasks. Overall, our research findings address the central

research question of how can new knowledge be incorporated into language models beyond

the pre-training stage? by presenting novel approaches and analyses for various NLP tasks.

6.2 Future Work

In this section, we discuss potential future directions to facilitate research in this field.

RAG currently appears more promising for near-term practical applications, particu-

larly for use cases requiring frequent knowledge updates. It’s more mature technologically

and has clear paths to deployment. However, continual learning remains an important re-

search direction that could potentially offer superior results in the long term if its technical

challenges can be overcome. The most promising path forward might be a hybrid approach

that combines both methods - using RAG for rapidly updating factual knowledge while de-

veloping improved continual learning techniques for deeper integration of new capabilities

and understanding. This could leverage the strengths of both approaches while mitigating
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Figure 6.1: An example of knowledge conflict of ChatGPT [184].

their respective weaknesses.

Robust and Efficient Knowledge Editing. KE offers fine-grained knowledge updating,

which is desirable in some scenarios. Despite promising, KE is still in its infancy stage. 1

Various knowledge. It is challenging to renew the internal knowledge stored in the param-

eters of LLMs, and existing efforts have only explored updating relational knowledge while

overlooking other knowledge [173]; 2 Edit dataset. Current KE methods assume edited

knowledge pairs exist, which must be annotated beforehand. In reality, how do LLMs know

what knowledge is outdated and thus needs to be updated [282, 274]? 3 Memorization

mechanism. [77] argue that the localization of specific knowledge via casual tracing may

not be reliable, calling for a better understanding of the internal memorization of LLMs

[240, 20]; 4 Generalization. Recent studies [183, 296] find that existing KE methods show

little propagation of edited knowledge, meaning the LLM cannot make further reasoning

based on the newly acquired knowledge; 5 Effectiveness and efficiency. Although early

efforts have been made [83, 93, 76], methods to effectively, efficiently, and continually re-

new the knowledge of LLMs at scale have yet to be thoroughly explored.

Efficient Continual Learning of LLMs. A continual pre-trained LLM can update its in-

ternal knowledge and adapt to the changing world, but maintaining the general knowl-

edge required for downstream tasks without forgetting is challenging [120]. Moreover, ex-

isting methods are limited to small-scale LMs, leaving CL of LLMs rarely studied. While

parameter-efficient tuning [48] may be beneficial, it remains under-explored to align an

LLM with the dynamic world via CL.

Solving Knowledge Conflicts. Replacing old knowledge with new ones can cause knowl-

edge conflicts regardless of using implicit or explicit methods. For implicit methods, these

side effects are only evaluated in specific settings, and there is no idea of how the general

skills of LLMs are impacted [15]. For retrieval-based methods, knowledge retrieved from the
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world can contradict the knowledge memorized inside LLMs, and LLMs sometimes favour

their internal knowledge rather than the provided context during generation (an example

in Fig. 6.1; [181, 139, 26]). Even if the correct context is provided, ChatGPT still favours its in-

ternally memorized knowledge. The screenshot was taken in May 2023 for GPT-3.5 without

web browsing. While initial attempts have been made [169, 299, 262], they are still limited.

Robust and Efficient Retrieval. Interacting with external resources can cause interrup-

tions during generation, significantly increasing inference overheads, especially for multi-

stage methods that involve multiple retrievals or revisions. Potential remedies may be effi-

cient memory management [193, 111, 34] or selective retrieval that only consults external

resources when necessary [169]. On the other hand, the retrieved context can be irrelevant

and noisy, which may distract LLMs [226, 161], or too long, which exceeds the input limits

and renders high cost [229].

Comprehensive Evaluation and Benchmarks. Although approaches of different cate-

gories can align the trained LLMs with the changing world without re-training, their effec-

tiveness is primarily evaluated on synthetic datasets in specific settings, which might not

be comprehensive [97, 98, 84]. Moreover, although efforts have been made to evaluate KE

[260, 37, 107], there is no quantitative comparison of methods of different categories (i.e.,

comparing KE vs. CL vs. retrieval-based methods), hindering their application in different

scenarios. Lastly, existing benchmarks are too static to measure the dynamic world, which

calls for real-time evaluation benchmarks [157, 114].
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