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Abstract

This thesis addresses the critical challenge of developing trustworthy and reliable

Natural Language Processing (NLP) systems, specifically the newly emerged Large

Language Models (LLMs). As LLMs become increasingly prevalent in various

domains, the need for transparent, interpretable, and controllable AI systems has

never been more pressing. However, the complexity of LLMs, the compositional

nature of language, and the potential for hallucinations pose significant obstacles

to achieving these goals.

To increase user trust of AI systems in real-life deployment, we hope to enhance

the trustworthiness and reliability of LLMs without requiring model revisions or

compromising performance. Motivated by this overarching goal, we delve into two

main goals that enhance trustworthiness, providing user-friendly explanations of

the LLM’s decisions and controlling the LLM’s behaviors. Specifically, we raise

three main research questions: How can we disentangle the true reasons behind

LLM decisions from the complex architecture and vast number of parameters?

How can we provide user-friendly explanations for LLM generations? How can we

increase LLM controllability with minimal interventions?

Motivated by these questions, we proposed several novel frameworks and con-

ducted a comprehensive survey. Firstly, to provide users with more transparent

insights into LLM decision-making processes, we introduce the High-Impact Con-

cepts framework, which addresses the need for causal and interpretable expla-

nations of LLM behaviors, moving beyond correlational explanations to provide

more faithful interpretations. Then, besides simply explaining the LLM decisions,

we further propose the Verify-and-Edit framework, which enhances LLM control-

lability using the explanations. To increase user confidence in LLM output, it

tackles the challenge of factual correctness in LLM output for knowledge-intensive

tasks, improving reliability without modifying the underlying model. To improve

the Verify-and-Edit framework to include various formats of knowledge and fur-

ther improve reliability, we propose the Chain of Knowledge (CoK) framework,
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which focuses on reducing hallucinations and improving LLM controllability by

dynamically incorporating grounding information from diverse sources. Finally,

recognizing the growing importance of multimodal interactions, we present a com-

prehensive survey on retrieving multimodal information for augmented generation.

This survey is motivated by the need to understand how diverse modalities can be

used to increase LLM controllability and groundness, thus improving its robustness

and reliability.

Experimental results demonstrate the effectiveness of these approaches in improv-

ing the interpretability, factual accuracy, and controllability of LLMs across various

tasks and domains. This thesis hopes to not only advance our theoretical under-

standing of LLMs, but also offer practical tools to improve their trustworthiness

and reliability. As AI systems continue to evolve and permeate various aspects of

society, the methodologies and insights presented in this thesis pave the way for

the responsible and effective deployment of LLMs, ensuring that these powerful

technologies can be harnessed to their full potential while maintaining the trust

and confidence of users and stakeholders.
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Chapter 1

Introduction

The rapid advancement of Natural Language Processing (NLP) systems, particu-

larly large language models (LLMs), has revolutionized various domains of artificial

intelligence (AI). However, as these systems become increasingly sophisticated and

widespread, the critical need for trustworthiness and reliability in AI has reached

the forefront of research and public discourse. We define trustworthy and reli-

able AI systems as those that consistently perform as intended, adhere to ethical

principles, and maintain transparency in their decision-making processes.

In this thesis, the term “Trustworthy” focuses on the end users, while the term “Re-

liable” focuses on the NLP systems’ outputs. Specifically, we define a trustworthy

NLP system to be a system that can be trusted by the end users. A typical user

places more trust in systems whose decision-making mechanisms are understand-

able. Therefore, we could pin down trustworthiness to include two main aspects:

“interpretablity” and “faithfulness”. As mentioned in Miller [3], “interpretability

is the degree to which a human can understand the cause of a decision.” To make

sure that the human-understood causes are aligned with model’s internals, we also

consider faithfulness. As defined in Jacovi and Goldberg [4], “a faithful interpre-

tation is one that accurately represents the reasoning process behind the model’s

prediction.” Moreover, we define a reliable NLP system to be a system that pro-

duces consistent and accurate responses. Therefore, reliability is closely related to

metrics such as high accuracy, low hallucination percentages, and consistency.

1
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The importance of developing such systems cannot be overstated, as they are cru-

cial for ensuring the responsible deployment of AI technologies across diverse appli-

cations, from healthcare and finance to autonomous systems and beyond. To illus-

trate the importance of trustworthy AI, consider the following scenario. Imagine a

hospital that implements an advanced LLM assistant to help physicians diagnose

patients according to their symptoms, medical history, and test results. This AI

assistant processes vast amounts of medical literature, clinical data, and patient

records to suggest potential diagnoses and treatment plans, reaching high accuracy

in academic experiments. However, when implemented in real life, the AI assistant

recommends invasive surgeries to a specific patient with mild symptoms. In this

case, without understanding the reasons for the AI’s decision, the doctors will find

it hard to trust its recommendation as misguided choices would result in serious

consequences. Even though the system may reach higher accuracy compared to

humans, it lacks controllability, raising concerns about its reliability in such high-

stake scenarios. Therefore, developing reliable and trustworthy AI systems is of

critical importance in real-life AI deployment.

Current approaches to enhance the trustworthiness and reliability of NLP systems

focus on improving interpretability and increasing controllability. These meth-

ods can be broadly categorized into three main areas: intrinsically interpretable

models, post-hoc visualizations and explanations, and language-based approaches.

Intrinsically interpretable models aim to design AI systems that are inherently

transparent in their decision-making processes such as linear regression models,

often sacrificing some performance for clarity. Post-hoc visualization techniques

and explanations attempt to elucidate the internal workings of complex models

after they have been trained, offering insights into feature importance and decision

boundaries. Language-based approaches, such as Chain-of-Thought (CoT) prompt-

ing, leverage the linguistic capabilities of LLMs to generate step-by-step reasoning,

providing a more human-interpretable explanation of the model’s thought process.

Despite these advancements, significant challenges persist in establishing trustwor-

thy and reliable NLP systems, particularly in the context of LLMs. Firstly, it is

difficult to explain LLM decisions using traditional approaches due to the large

number of parameters and complex structure. The vast number of parameters

often leads to spurious correlations, obscuring the true causal relationships that

are crucial for meaningful explainability. In other words, it is difficult to find the
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truly causal factors that caused a decision as many parameters could be corre-

lated. Moreover, the high dimensionality of LLMs renders traditional visualization

approaches impractical, as the number of neurons and connections far exceeds what

can be effectively represented using current techniques. Secondly, it is hard to con-

trol the LLM’s behaviors because of the generative nature of such models, which

inevitably leads to hallucinations (plausible but factually incorrect information)

and results in user skepticism. This distrust further leads to unreliability, as LLM

outputs can be highly context-dependent and sometimes unpredictable. The lack

of intuitive methods for visualizing LLM decision processes compounds this issue,

leaving users with limited means to scrutinize or validate the model’s outputs.

In light of these challenges, this thesis aims to address the fundamental question:

How can we improve current NLP systems, particularly LLMs, to become reliable

and trustworthy without model revisions or performance harm? By exploring novel

methodologies for model interpretation, developing robust techniques for mitigating

hallucinations, and proposing innovative approaches to enhance user trust, this

research seeks to bridge the gap between the remarkable capabilities of modern

LLMs and the critical need for their responsible and transparent deployment.

The remaining part of the introduction is structured as follows: We first introduce

the current challenges in the field that motivated our research in Section §1.1.
Then, we list out the main contributions of the research papers in Section §1.2,
where we clearly summarize the main objectives, methodologies, and findings for

each research project. Finally, we illustrate the structure and organization of the

thesis in Section §1.3.

1.1 Motivations

The pursuit of trustworthy and reliable artificial intelligence systems has become

increasingly critical as Large Language Models (LLMs) continue to advance and

permeate various aspects of society. However, the unique characteristics of LLMs

present formidable challenges to achieving this goal, necessitating innovative ap-

proaches and methodologies.
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• Complex Structure of LLMs: The sheer scale and complexity of LLMs

pose significant obstacles to understanding their internal mechanisms. Mod-

ern LLMs often contain billions of parameters with complicated interconnec-

tions. Firstly, this complexity renders traditional visualization techniques in-

adequate, as they struggle to capture and represent the multifaceted decision-

making processes occurring within these models. Secondly, as the factors are

highly correlated, it is difficult to uncover the truly causal reasons for an

LLM decision. As the goal of interpretability is to uncover the causal chains

that lead to specific predictions or generations, the inability to distinguish

between mere correlations and genuine causation hampers our capacity to

build trust in these systems and the explanations derived by conventional

methods.

• Open-ended Generative Nature of LLMs: The open-ended generative

capabilities of LLMs, while immensely powerful, introduce unique challenges

in terms of trustworthiness and reliability. The potential for hallucinations

erodes user confidence and poses risks in critical applications. Moreover, the

difficulty in controlling LLM outputs makes them less reliable in real-world

scenarios where consistency and predictability are critical.

In light of these challenges, the overarching objective of this thesis is to address a

fundamental question: How can we enhance current NLP systems, partic-

ularly LLMs, to become more trustworthy and reliable without neces-

sitating model revisions or compromising performance? This ambitious

goal seeks to develop methodologies and frameworks that can be applied to exist-

ing models, thereby offering practical solutions that can be implemented without

the need for resource-intensive retraining or architectural changes. To pursue this

objective, we articulate three key research questions that guide our investigation:

RQ1: How can we interpret the decisions of language models in a causal manner,

identifying the true reasons behind their outputs rather than relying on correla-

tional parameters? In other words, how can we disentangle the complex web of

interactions within LLMs to reveal the causal pathways that lead to specific pre-

dictions.



Chapter 1. Introduction 5

RQ2: Can we interpret language model predictions using a user-friendly unit of

explanation that is intuitive and easily comprehensible to end-users, instead of

traditional heatmaps or word importance scores?

RQ3: How can we enhance LLM controllability through minimal interventions,

improving the reliability and predictability of LLM outputs without requiring ex-

tensive modifications to the underlying model architecture or the training process?

By addressing these research questions, this thesis aims to make contributions to

the field of trustworthy and reliable NLP systems. The outcomes of this research

have the potential to not only advance our theoretical understanding of LLMs but

also to provide practical tools and methodologies for improving their trustworthi-

ness and reliability in real-world applications. Ultimately, this work seeks to pave

the way for the responsible and effective deployment of LLMs, ensuring that these

powerful technologies can be harnessed to their full potential while maintaining the

trust and confidence of users and stakeholders.

1.2 Major Contributions

In the following sections, we present our contributions to the field of trustwor-

thy and reliable NLP systems, particularly focusing on Large Language Mod-

els (LLMs). To increase the reliability of LLMs with minimal revisions to the

LLM itself, we propose methodologies covering various domains, including using

interpreter models to explain LLM’s internals, verbalizing the LLM’s decision pro-

cesses using prompt techniques, and grounding LLM generations using retrieval

augmented generation (RAG). Each contribution addresses specific aspects of our

research questions, advancing our understanding and providing practical solutions

to enhance the interpretability, explainability, and controllability of LLMs.

• To address RQ1 and RQ2, we introduce the High-Impact Concepts (HI-

Concept) framework in Chapter 3, an innovative approach for deriving causal

and user-friendly explanations for Large Language Models (LLMs). This

method extracts predictive high-level features, i.e., concepts, from the model’s

hidden layer activations and optimizes for concepts whose existence substan-

tially influences output predictions. Our approach moves beyond correla-

tional explanations, addressing the challenges posed by the compositional
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nature of language. Extensive experiments on real and synthetic tasks demon-

strate that High-Impact Concepts achieve superior results in predictive im-

pact, explainability, and faithfulness while maintaining the original model

performances compared to baseline methods. By using concepts as a user-

friendly unit of explanation, this framework significantly advances our ability

to interpret LLM decisions causally.

• To address RQ2 and RQ3, we present the Verify-and-Edit framework in Chap-

ter 4, a novel approach to enhance the factual correctness and controllability

of Large Language Models (LLMs) in knowledge-intensive tasks. This method

extends the Chain-of-Thought (CoT) prompting technique by incorporating

a post-editing mechanism that leverages external knowledge sources. By veri-

fying and editing the generated reasoning chains, our framework significantly

improves the factual accuracy of LLM outputs without requiring model mod-

ifications. Experimental results demonstrate notable improvements in accu-

racy across various open-domain question-answering tasks when applied to

GPT-3. This contribution not only enhances the reliability of LLM-generated

content but also provides a user-friendly approach to increase model control-

lability, thereby fostering greater trust in LLM applications.

• To further address Research Question 3, we introduce Chain of Knowledge

(CoK) in Chapter 5, a framework designed to further enhance LLM control-

lability and reduce hallucinations in knowledge-intensive tasks. Compared to

Verify-and-Edit that only uses textual information, CoK dynamically incor-

porates grounding information from heterogeneous sources, including both

unstructured and structured knowledge bases. The framework operates in

three stages: reasoning preparation, dynamic knowledge adapting, and an-

swer consolidation. A key innovation is the adaptive query generator, which

enables access to diverse knowledge sources through various query languages.

By progressively correcting rationales and leveraging reliable factual infor-

mation, CoK significantly improves the factuality and consistency of LLM

outputs. Experimental results demonstrate consistent performance improve-

ments across different domains, showcasing CoK’s effectiveness in enhancing

LLM controllability and reliability without necessitating model revisions.

• To further address RQ3 in a multimodal context, we present a comprehensive

survey on Retrieving Multimodal Information for Augmented Generation in
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Trustworthy and Reliable LLMs
without Model Revisions

Literature (Chapter 2)

Explain LLM Decisions Control LLM Generations

RQ1 RQ2 RQ3

HI-Concept
(Chapter 3)

Verify-and-Edit
(Chapter 4)

Chain-of-Knowledge
(Chapter 5)

Multimodal RAG
(Chapter 6)

Figure 1.1: Overview of the Thesis.

Chapter 6. This survey synthesizes and analyzes the emerging trend of us-

ing multimodal information to enhance the controllability of Large Language

Models (LLMs). By examining methods that incorporate diverse modalities

such as images, code, tables, graphs, and audio, we provide a unified per-

spective on the stages and approaches for integrating multimodal knowledge.

The survey highlights how these techniques can improve factuality, reason-

ing, interpretability, and robustness in LLM outputs. This contribution offers

valuable insights into the current state of multimodal augmentation for LLMs,

providing researchers and practitioners with a foundation for developing more

controllable and reliable multimodal AI systems.

1.3 Outline of the Thesis

In this section, we provide a brief overview of the structure of this thesis, which is

illustrated in Fig. 1.1.

• Chapter 2 presents a comprehensive literature review on NLP interpretability

methods and approaches to increasing the trustworthiness of Large Language
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Models (LLMs). This includes an examination of techniques for reducing hal-

lucinations and enhancing LLM groundedness, providing a solid foundation

for the research presented in subsequent chapters.

• To disentangle causal explanations and increase user trust for LLMs, Chap-

ter 3 introduces the High-Impact Concepts framework. This novel approach

extracts causal and user-friendly explanations for LLM decisions by identify-

ing influential features from hidden layer activations. The chapter details the

methodology and presents experimental results demonstrating improvements

in predictive impact, explainability, and faithfulness.

• To increase the reliability of LLM systems and reduce hallucinations, Chap-

ter 4 describes the Verify-and-Edit framework. This method enhances the

factual correctness of LLM outputs in knowledge-intensive tasks by post-

editing Chain-of-Thought reasoning chains using external knowledge sources.

The chapter presents the framework’s implementation and its performance

improvements in open-domain question-answering tasks.

• To further increase LLM reliability by grounding the generations in mul-

tiple knowledge formats, Chapter 5 briefly introduces Chain-of-Knowledge

(CoK) as a follow-up extension. This framework dynamically incorporates

grounding information from heterogeneous sources to improve LLM controlla-

bility and reduce hallucinations. The chapter outlines the three-stage process

and highlights the adaptive query generator for accessing diverse knowledge

sources.

• To improve LLM reliability by grounding their generations in multimodal con-

texts, Chapter 6 presents a comprehensive survey on Retrieving Multimodal

Information for Augmented Generation. This chapter reviews methods for

incorporating various modalities to enhance LLM capabilities, providing in-

sights into improving factuality, reasoning, interpretability, and robustness in

multimodal AI systems.

• Chapter 7 concludes the thesis, summarizing the key findings and contribu-

tions. It also discusses future research directions and potential applications

of the developed frameworks in advancing trustworthy and reliable NLP sys-

tems.



Chapter 2

Literature Review

To better understand the current landscape of trustworthiness research, we now

present literature reviews that survey approaches that advance the trustworthiness

and reliability of LLMs (or AI in general). We divide the approaches based on their

motivations into 2 sections: explaining LLM’s decisions, making LLM generations

more factual, and making LLM predictions more controllable.

2.1 Explaining LLM’s decisions

Explainable AI (XAI) is an established field of study that attempts to explain

the Artificial Intelligence systems’ internal decision processes. To define it more

formally, Miller [5] gives the following definition: “Interpretability is the degree to

which a human can understand the cause of a decision.” Kim et al. [6] defines it

as: “Interpretability is the degree to which a human can consistently predict the

model’s result.” From the definitions, we can see that XAI is a critical aspect of

the deployment of models in real-life scenarios.

Illustrated in Doshi-Velez and Kim [7], causality is an important consideration

for interpretable ML. It implies whether the predicted change in output due to

a perturbation will occur in the real system. However, it is an often overlooked

attribute in XAI methods. Motivated by RQ1, we survey XAI methods in two

families below: general explanability (non-causal) methods and causal explanability

methods.

9
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2.1.1 General Explainability Methods

Below, we will discuss XAI methods either for AI in general or with a specialization

in NLP.

2.1.1.1 XAI methods for AI in General:

The need for explainable AI has grown with the increasing complexity and widespread

adoption of AI systems across various domains. Doshi-Velez and Kim [7] provide

a comprehensive overview of the motivations behind XAI, emphasizing its impor-

tance for building trust, enabling system debugging, and ensuring compliance with

legal and ethical standards. Overall, explainability methods can be classified based

on different criteria. We list the commonly used criteria below:

• When the explainability method is applied:

– Intrinsic: Intrinsic approaches design simple model structures that can

be directly interpreted. Rudin [8] argues for the superiority of such in-

trinsically interpretable models over complex ”black-box” models used

with post-hoc explanations. Examples of such interpretable models in-

clude decision trees [9], rule-based systems [10], and sparse linear mod-

els. These models offer transparency in their decision-making process,

allowing for a direct interpretation of their predictions.

– Post-hoc: Post-hoc methods are those applied to explain a model’s de-

cision after the model has been trained. They are particularly used for

more complex models, such as deep neural networks. Ribeiro et al. [11]

introduced LIME (Local Interpretable Model-agnostic Explanations),

which approximates the behavior of complex models locally around spe-

cific predictions using simpler and more interpretable models. This ap-

proach has gained significant attention because of its model-agnostic

nature and the ability to provide intuitive explanations. Another influ-

ential method in the field of XAI is SHAP (SHapley Additive exPlana-

tions), proposed by Lundberg and Lee [12]. SHAP unifies several previ-

ous approaches to feature importance, providing a framework based on

game theory to assign importance values to each feature for a particular

prediction.



Chapter 2. Literature Review 11

• What format the derived explanation is:

– Feature visualizations: Simonyan et al. [13] introduced saliency maps

for explaining image classification models, highlighting the regions of

an input image that are most critical for the model’s decision. This

approach has then been extended and refined by numerous researchers,

leading to more sophisticated visualizations for diverse types of neural

networks.

– Counterfactual explanations: Local data points consist of another im-

portant format of XAI explanations. Wachter et al. [14] proposed a

framework for generating counterfactual explanations, which provide

insight into how a model’s prediction would change if certain input fea-

tures were different. This approach offers actionable insights in domains

such as finance and healthcare.

– Besides the formats introduced above, we can also derive explanations in

the form of feature summary statstic such as feature importance scores,

model internals such as specific neurons pinpointed to be responsible for

a decision, and interpretable models that approximate the AI system’s

behaviors.

• What models the explanations are for:

– Model-agnostic explanations can be used for any ML model in a post-hoc

way. Ribeiro et al. [15] analyzes the motivations and strengths of such

methods. Their key advantage is the provided flexibility in the choice

of models and representations. The previously introduced LIME [11] is

an example of such method.

– Model-specific tools are for a specific model class. For example, expla-

nations using the sparse linear models are always model-specific.

• What the explanations explain:

– Global explanations explain how the model functions as a whole. For

example, it explains the ”mindset” of the model and how it thinks. For

example, concept-based methods such as CAV [16] (Concept Activation

Vectors) discover global ”concepts” that are key elements of how the

model functions. It discovers concept vectors that divide the decision

boundaries of a model’s classifications.
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– Local or instance-specific explanations explain why the model made a

specific decision on an individual instance. For example, counterfactual

explanations [14] derive perturbations to local instances that would lead

to different decisions.

Specifically, we dive into a group of methods that are most closely related to the

research presented in Chapter 3, concept-based methods, which are a family of

post-hoc and model-specific methods that discover global explanations. Concept-

based methods have been a popular group of interpretability methods as they derive

user-friendly, high-level concepts as explanations. Kim et al. [16] first introduces

Concept Activation Vectors (CAV) that align with user-defined concepts. It trains

a linear classifier between examples and random counterexamples and takes the

orthogonal vector to the decision boundary as concepts. Koh et al. [17] further

learns high-level concepts and experiments with how the user could interact to edit

concepts during test time. The most recent method, ConceptShap [18], discovers

concepts in the intermediate layer with a bottleneck-shaped extraction model and

proposes an adapted Shapley value metric to evaluate completeness scores.

Current Challenges: Traditional explainable AI (XAI) methods face signif-

icant challenges in uncovering true causal relationships, as they primarily identify

correlations rather than causation. While these techniques excel at interpreting

model behavior by highlighting feature importance or decomposing predictions,

they often fail to distinguish between spurious associations and genuine causal

mechanisms. This limitation stems from their reliance on statistical patterns within

training data, which may not reflect underlying causal structures. The research gap

lies in bridging the divide between post-hoc interpretability and causal reasoning.

Consequently, practitioners risk drawing misleading conclusions, especially in high-

stakes domains where understanding causality is critical.

For example, as we will show in Chapter 3, because existing concept-based meth-

ods do not differentiate between correlational and causal information, their perfor-

mance on NLP tasks is problematic: the concepts discovered often have little im-

pact on the predictions of the final model. Especially in complex transformer mod-

els with stronger confounding effects brought by pretraining, their performances

may further decrease.
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2.1.1.2 XAI methods specialized in NLP:

In the NLP domain, the need for explainable AI is particularly acute due to the

complexity and ambiguity inherent in human language. The rise of LLMs fur-

ther intensified this need, as these models are black-box in nature and often make

decisions based on intricate patterns derived from vast amounts of text data.

Attention mechanisms, introduced by Chorowski et al. [19] for speech recognition

and later adapted for transformers, have become a cornerstone of explainability

in NLP. Although originally designed to improve model performance, attention

weights can also pinpoint which parts of the input text the model focuses on

when making predictions. However, [20] caution against overinterpreting atten-

tion weights as explanations, demonstrating that attention weights may not always

correlate with gradient-based measures of feature importance. Addressing the chal-

lenge of faithfulness in explanations, Wiegreffe and Pinter [21] further introduced

attention regularization, which aims at aligning attention weights more closely with

model behavior. This approach seeks to make attention-based explanations more

reliable and indicative of the model’s true decision-making process.

For text classification tasks, Wallace et al. [22] introduces input triggers, which

are a short sequence of words that can successfully trigger the target. It discov-

ers such triggers by Input Reduction, a method that iteratively removes the least

important words from the input while maintaining the model’s prediction. This

approach helps identify the minimal set of words crucial for the model’s decision.

Another notable line of work derives feature importance scores, which highlight the

degree of importance of each word or feature in an LLM decision. Croce et al. [23]

proposes using Layerwise Relevance Propagation on a Kernel-based Deep Architec-

ture to generate transparent, analogy-based explanations for NLP system decisions,

demonstrating effectiveness in tasks like question classification and semantic role

labeling while addressing the need for accountability in increasingly pervasive NLP

systems.

In the context of LLMs, the possibility of the LLM articulating the reasons be-

fore generating the final output has also provided an alternative explanation unit,

which is a textual rationale. The trend started with the Chain-of-Thought or CoT

[1] method, which is a prompting method for improving the reasoning abilities
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of LLMs, which enables LLMs to decompose complex problems into multiple in-

termediate steps. CoT provides interpretability and has been proven to be more

capable of solving complex problems than standard prompting methods. Besides

the improved performance, the generated textual rationales also make the LLMs

more transparent and interpretable.

For more structured explanations in NLP, Camburu et al. [24] proposed e-SNLI, a

dataset of human-written explanations for natural language inference. This work

paved the way for training models to generate human-like explanations alongside

their predictions, enhancing interpretability. Rajani et al. [25] introduces the Com-

mon Sense Explanations (CoS-E) dataset and the Commonsense Auto-Generated

Explanation (CAGE) framework, which uses human-provided and automatically

generated explanations to improve the performance of deep learning models on

commonsense reasoning tasks, demonstrating significant improvements in natural

language understanding and generalization. To train models using these collected

rationales, Ling et al. [26] proposes using answer rationales as indirect supervision

for program learning to solve algebraic word problems, demonstrating improved ex-

plainability and effectiveness in natural language processing for arithmetic tasks.

Some researchers design inherently explainability-aware architectures, which try to

alleviate the black-box nature of language models.

Current Challenges: In conclusion, while significant progress has been made

in developing XAI techniques for both general AI and NLP-specific applications,

many challenges remain. These include improving the faithfulness and robustness

of explanations, developing methods that scale to very large models, and bridging

the gap between technical explanations and human understanding. As AI systems

become increasingly integrated into decision-making processes in various domains,

the continued advancement of XAI research will be crucial to ensure their respon-

sible and reliable deployment.

2.1.2 Causal explainability methods

Causal explainable AI (XAI) methods have emerged as a powerful approach to

understanding and interpreting complex AI systems. By focusing on causal rela-

tionships rather than mere correlations, these methods aim to provide more robust
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and meaningful explanations.

2.1.2.1 Causal XAI methods for AI in General

The integration of causal reasoning into explainable AI has gained significant at-

tention in recent years, driven by the need for more reliable and actionable expla-

nations. Pearl [27] laid the foundation for this line of research, emphasizing the

importance of causal models in AI and introducing the ”ladder of causation” frame-

work, which distinguishes between associational, interventional, and counterfactual

reasoning.

Building on top of this foundation, Chattopadhyay et al. [28] proposed a frame-

work for developing causal neural network attributions. Based on structural causal

models (SCM), they aim to identify the causal effect of input features on model

predictions, providing a more nuanced understanding of feature importance than

traditional correlation-based methods.

For tabular data, Karimi et al. [29] surveys algorithmic recourse methods through

contrastive explanations. Such methods provide actionable recommendations for

changing an unfavorable outcome, grounded in causal reasoning about the effects

of interventions on model predictions.

In the domain of reinforcement learning, Madumal et al. [30] proposed a framework

to derive causal explanations of the behavior of model-free reinforcement learning

agents. By learning structural causal models (SCM) during reinforcement learn-

ing, their approach generates explanations based on counterfactual analysis of the

causal models.

For the domain of computer vision, Goyal et al. [31] introduced counterfactual vi-

sual explanations. They hope to find minimal changes to an input image that would

alter the model’s prediction, which then offers intuitive and causally-grounded ex-

planations for image classification decisions.

To develop post-hoc explanations for neural networks, Harradon et al. [32] attempt

to intervene in an unsupervised way on the hidden space by constructing several

even-spaced Variational Autoencoders (VAEs) throughout a CNN, but they only
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train with a reconstruction loss instead of explicitly optimizing for impact. In addi-

tion, there have been attempts to generate counterfactual inputs using disentangled

VAEs, such as [33].

Another line of work uses probing and Causal Mediation Analysis (CMA) to explain

black-box models. Probing methods [34–36] train an external model - a probe - to

predict properties from the latent representations. However, it suffers from inherent

flaws [37, 38], such as poor generalization. However, subsequent work [37, 38] shows

that such methods generalize poorly to unseen samples and features may not be

utilized in the original model’s prediction task. To further investigate the causal

effects of the features learned from probing, Elazar et al. [36] assess the influence of

a causal intervention by removing a feature. However, subsequent work [37] shows

that such methods generalize poorly to unseen samples. Moreover, as Belinkov

[38] points out, the disconnect between the probing model and the original model

may result in the properties not being utilized in the original model’s prediction

task. Causal Mediation Analysis (CMA) [39, 40] measures the change in output

following a counterfactual intervention in an intermediate variable, or mediator.

Both methods can be viewed as supervised concept discovery algorithms.

Current challenges: Despite significant advances in causal XAI methods,

several challenges and research gaps remain. The application of causal reasoning

in explainable AI often struggles with scalability issues when dealing with high-

dimensional data and complex model architectures. Many current approaches rely

on simplified causal models that may not fully capture the intricate dependencies

in modern AI systems. There is also a notable gap between theoretical causal

frameworks and their practical implementation, particularly in domains with lim-

ited domain knowledge for constructing accurate causal graphs. The evaluation of

causal explanations presents another challenge, as there are few standardized met-

rics to assess their quality and utility. Furthermore, most existing methods focus

on static causal relationships, overlooking the dynamic nature of many real-world

systems where causal relationships evolve over time. Research is also needed to

address the trade-off between the sophistication of causal explanations and their

interpretability for non-expert users. Methods such as mediation analysis heavily

rely on human-constructed features, which requires expertise and creates limita-

tions. Thus, it may be beneficial to develop unsupervised explanation features.

Finally, there remains limited work on integrating causal XAI approaches with
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other explanation methods to provide more comprehensive and robust explana-

tions across different AI contexts and applications.

2.1.2.2 Causal XAI methods specialized in NLP

In the field of NLP, causal XAI methods have been adapted to address the unique

challenges posed by textual data and language models. According to Feder et al.

[41], causality shows a promising path forward for NLP research, which can offer

insights into the model’s inner workings.

During pretraining, Feder et al. [42] introduced CausaLM, a framework for inject-

ing causal knowledge into language models during pre-training. This approach

aims to improve both the performance and interpretability of language models in

causal inference tasks, demonstrating the potential for integrating causal reasoning

directly into model architectures.

Addressing the challenge of identifying causal relationships in text, Li et al. [43]

proposes a conditional text generation framework that posits sentential expressions

of possible causes and effects. They first developed CausalBank, a large-scale col-

lection of English sentences expressing causal patterns. Then, they use CausalBank

to perform continued training to support causal reasoning.

In the context of bias mitigation, Vig et al. [40] developed a causal mediation

analysis (CMA) framework to examine gender bias by changing pronouns in the

input. By tracing the flow of information through the model, their method identifies

specific components responsible for generating biased outputs, offering insights for

targeted debiasing interventions. Prabhakaran et al. [44] develops methods to

uncover and quantify various types of biases in word embeddings and downstream

NLP tasks. This work highlights the importance of XAI techniques in ensuring

fairness and ethical deployment of NLP systems.

Most causal XAI methods in NLP seek to develop counterfactuals as a form of ex-

planation, Alvarez-Melis and Jaakkola [45] use a Variational Autoencoder (VAE)

to generate counterfactuals and conduct causal analysis. Veitch et al. [46] conduct

stress tests by perturbing input words. Wu et al. [47] construct a low-cost counter-

factual generator for downstream applications. Such counterfactual explanations,
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however, require extra caution to hold rigorously in causality, as causal and corre-

lational relationships exist among input features and we cannot explicitly obtain

such casual graphs or correlations in practice. To overcome this challenge, we pro-

pose to perturb on the intermediate hidden layer, thus assuming the independence

between latent concepts.

Current challenges: While significant progress has been made in developing

XAI techniques for both general AI and NLP-specific applications, many challenges

remain. These include improving the faithfulness and robustness of explanations,

developing methods that scale to very large models, and bridging the gap between

technical explanations and human understanding. As AI systems become increas-

ingly integrated into decision-making processes in various domains, the continued

advancement of XAI research will be crucial to ensure their responsible and trust-

worthy deployment.

2.2 Making LLM Generations More Factual

The rise of Large Language Models (LLMs) has revolutionized natural language

processing, enabling impressive performance across a wide range of tasks. How-

ever, a significant challenge that has emerged is ensuring the factual accuracy of

LLM-generated content. Because of their vast vocabulary and open-generative na-

ture, hallucination has become a prominent concern for LLMs, which has drawn

significant attention from research communities. The decoding process of LLMs

is auto-regressive, which unavoidably makes it output nonfactual content without

controlled generation [48, 49]. This issue is commonly referred to as hallucina-

tions [50].

Reducing Hallucinations in Text Generations: One of the primary ap-

proaches to enhancing factuality in LLMs is by using external knowledge sources.

Lewis et al. [51] introduced the Retrieval Augmented Generation (RAG) model,

which combines a neural retriever with a sequence-to-sequence model. RAG re-

trieves relevant documents from a large corpus and conditions its generations on

these documents, leading to more factual and specific outputs. Building on this

work, Borgeaud et al. [52] developed RETRO (Retrieval-Enhanced Transformer),
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which uses chunked cross-attention to incorporate information from retrieved neigh-

bors efficiently, demonstrating improved performance on language modeling bench-

marks while maintaining factual consistency.

Another line of research focuses on improving the internal knowledge represen-

tation of LLMs. Guu et al. [53] proposed REALM (retrieval augmented language

model), which is a method for pre-training language models with a latent knowl-

edge retriever. This approach allows the model to learn to retrieve and use relevant

information during pre-training, leading to improved performance on knowledge-

intensive tasks. Similarly, Roberts et al. [54] combined T5 with SSM (Salient Span

Masking), which is a pre-training approach that encourages the model to focus on

and retain factual information by masking salient spans of text. Results show that

this method scales well with model size and performs competitively with models

that have access to external knowledge.

Fact-checking and verification strategies have been explored as another approach to

enhancing LLM factuality. Thorne et al. [55] introduced the FEVER dataset and

task, which involves verifying claims using evidence from Wikipedia. This work

has spurred further research into automated fact verification systems that can be

integrated with LLMs. Building on this, Nakano et al. [56] developed WebGPT, a

model trained to use web browsing to answer questions. WebGPT demonstrates

improved factual accuracy by leveraging real-time web information and providing

citations for its responses. Recent work has also focused on developing more robust

evaluation metrics for factual consistency. TRUE [57] implements a group of factual

consistency metrics. The metrics are for existing tasks where the authors have

manually collected factual consistency annotations.

Addressing the challenge of factual consistency in dialogue systems, Shuster et al.

[58] explores the use of neural-retrieval-in-the-loop architectures for knowledge-

based dialogue, which has been shown to significantly reduce hallucinations in

conversations. Similarly, Rashkin et al. [59] explored enhancing truthfulness in

dialogues by introducing novel evaluation metrics to categorize responses based on

their information content. They incorporated these metrics as supplementary data

during the model’s training phase. Subsequently, these added inputs served as

style controls, guiding the model towards producing more accurate responses when

deployed. This controlled output approach resulted in dialogue generation that

demonstrated improved objectivity and reliability compared to standard methods.
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Reducing Hallucinations in CoTs: In addition to the methods above for

general hallucination alleviation during text generation. In reasoning-intensive

tasks. Researchers has noted that the lack of supporting facts during the generation

process of CoT could largely undermine the validity of the final answer [60]. Ye and

Durrett [48] demonstrate that the accuracy of the final answers largely correlates

with the factuality and consistency of the reasoning explanations. The commonly

proposed methods to improve the factuality of the CoT reasoning process can be

grouped into two categories: prompt engineering and result calibration.

Prompt engineering methods are usually applied to guide LLMs to generate better

intermediate reasoning explanations. ReAct [61], which is the most comparable to

our work, synergizes reasoning and acting in LLMs, where reasoning steps help the

model induce and update actions, while action steps allow the model to consult

additional information from Wikipedia for a factuality check. Compared to ReAct,

we generate more natural and conversational CoTs for better interpretability and

easier learning. As such, our framework requires a much shorter prompt to learn.

Press et al. [62] propose self-ask by instructing the LLM to explicitly ask itself (and

then answer) follow-up questions before answering the initial question. One natural

way of solving a complex problem is to decompose the problem into subproblems

and solve them sequentially. Zhou et al. [63] adopt the idea and propose least-to-

most prompting. However, both self-ask and least-to-most prompting still rely on

repetitively retrieving internal knowledge learned by the LLM instead of connecting

to external knowledge. Thus, their ability to improve factuality is limited.

Result calibration functions on the output of the LLMs. Ye and Durrett [48] train

a calibrator to calibrate the weights of the final answers based on the factuality

and consistency of the generated explanations, which efficiently improves the re-

sults. The decoding method in CoT is naive greedy, which simply outputs the

next token with the highest probability. Wang et al. [2] propose a self-consistency

decoding method. This technique generates multiple potential reasoning paths

and then evaluates the consistency of these various pathways to determine the

most reliable one, effectively filtering out inconsistent or less probable outcomes.

Selection-Inference (SI) [64] framework is another state-of-the-art method that ex-

ploits LLMs as general processing modules. Out of all the methods, it is also the

first to systematically improve the factual correctness of CoTs in order to predict
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more accurately. It alternates between selection and inference to generate a se-

ries of interpretable causal reasoning steps leading to the final answer, which is

proven to be efficient. However, it is not designed for answering open-domain or

common-sense questions.

Existing Challenges: Despite these advancements, there are still challenges

in making LLM predictions consistently factual across diverse domains and tasks.

Maynez et al. [65] highlighted the persistent issue of hallucination in abstractive

summarization, emphasizing the need for continued research in this area. Addi-

tionally, LLMs could struggle with up-to-date information and evolving facts due

to temporal knowledge cutoffs.

In conclusion, while significant progress has been made in improving the factual-

ity of LLM predictions through various techniques such as retrieval augmentation,

improved pre-training strategies, and fact-checking integration, there is still sub-

stantial room for improvement. As LLMs continue to be deployed in increasingly

critical applications, ensuring their factual accuracy remains a paramount concern

for the NLP research community.

2.3 Making LLM Generations More Controllable

In recent years, the rapid advancement of Large Language Models (LLMs) has

revolutionized natural language processing tasks, demonstrating remarkable capa-

bilities in text generation, question answering, and complex reasoning. However,

as these models grow in size and complexity, controlling their outputs has become

an increasingly critical challenge. Beyond the factuality element, controllability

stresses conformity to the user’s intended goals, topics, styles, and contents.

Controlling LM Outputs: The concept of controlled text generation has been

further refined through the development of specialized frameworks. Before the age

of LLMs, Keskar et al. [66] introduced CTRL, a conditional transformer language

model that allows for control over style, content, and task-specific behavior through

the use of control codes. This approach enables a more precise steering of the

generation process, allowing users to specify attributes such as domain, style, or
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topics. To ensure consistent persona or style in language generation, Zhong et al.

[67] proposed a new task towards persona-based empathetic conversations. They

first collect a dataset for persona-based empathetic conversations and then propose

CoBERT, a response selection dataset trained on this new task. It then allows for

the generation of responses that are consistent with a given persona. Following

this line of work, Roller et al. [68] developed BlenderBot, which incorporates per-

sona consistency mechanisms, allowing for more controlled and coherent multi-turn

dialogues.

In the realm of story generation and long-form text production, Fan et al. [69]

introduced a hierarchical story generation model that allows for control over plot

elements. Goldfarb-Tarrant et al. [70] further expanded on this with a plan-and-

write approach, providing more fine-grained control over narrative structure and

content.

Controlling LLM Outputs: To the end of controlling LLM outputs, one

of the fundamental approaches to controlling LLM outputs is through prompt

engineering. GPT-3 [71] demonstrated the power of in-context learning, where

the model’s behavior can be significantly influenced by the content and structure

of the input prompt. Building on this, Reynolds and McDonell [72] conducted a

comprehensive study on prompt design strategies, highlighting the importance of

clear instructions, examples, and context in guiding model outputs.

Besides non-training approaches, a significant advancement in controllability came

with the introduction of instruction tuning. Wei et al. [73] demonstrated that fine-

tuning language models on a diverse set of tasks described via instructions leads

to models that are better at following open-ended instructions. This approach,

exemplified by models like InstructGPT [74] and FLAN-T5 [75], has significantly

improved the ability of LLMs to adhere to specific user instructions, enhancing

their controllability across a wide range of tasks.

The development of parameter-efficient fine-tuning methods has opened new av-

enues for customizing LLM behavior. Houlsby et al. [76] introduced adapter

modules, which permit task-specific modifications without altering the entire pre-

trained model. Hu et al. [77] further refined this with LoRA (Low-Rank Adapta-

tion), offering an efficient method for adapting LLMs to specific domains or tasks,

thereby enhancing controllability.
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To eliminate the need of expensive re-training or fine-tuning, Plug-and-play lan-

guage models, introduced by Dathathri et al. [78], offer a flexible approach to

controlled text generation. This method allows for the adjustment of text gener-

ation towards specific attributes without retraining the entire model, providing a

powerful tool for customizing LLM outputs.

In addition to controlling LLM outputs in style, recent work has also focused

on controlling the ethical aspects of LLM generations. Solaiman and Dennison

[79] introduced Process for Adapting Language Models to Society (PALMS), a

methodological framework for modifying the conduct of language models to align

with societal expectations. This iterative approach involves the creation and sub-

sequent utilization of a specially curated dataset that embodies a predefined set

of desired attributes. By fine-tuning models on this carefully constructed corpus,

researchers hope to enhance the controllability of large language models, partic-

ularly in their adherence to ethical standards and social conventions. Bai et al.

[80] presents an innovative approach to developing an LLM with enhanced eth-

ical behavior through Reinforcement Learning from AI Feedback (RLAIF). This

method initially generates outputs from a base model, followed by automated self-

evaluation and refinement processes. The original model is then fine-tuned using

these improved responses. Subsequently, the research employs a comparative anal-

ysis phase, wherein an AI evaluator assesses the relative quality of outputs from

the refined model. This assessment data is utilized to train a preference model,

effectively capturing AI-derived quality metrics. This novel methodology offers the

potential for more precise control over AI behavior while significantly reducing the

need for human-annotated data.

Existing challenges: While significant progress has been made in enhancing

the controllability of LLM generations through techniques such as prompt engi-

neering, instruction tuning, persona-based models, and plug-and-play approaches,

there is still considerable room for improvement. As LLMs continue to be inte-

grated into various applications, the ability to reliably and precisely control their

outputs remains a critical area of research in the NLP community.





Chapter 3

Explaining Language Model

Predictions with High-Impact

Concepts

To encourage fairness and transparency, there exists an urgent demand for deriving

reliable explanations for large language models (LLMs). One promising solution

is concept-based explanations, i.e., human-understandable concepts from inter-

nal representations. However, due to the compositional nature of languages, cur-

rent methods mostly discover correlational explanations instead of causal features.

Therefore, we propose a novel framework to provide impact-aware explanations for

users to understand the LLM’s behavior, which are robust to feature changes and

influential to the model’s predictions. Specifically, we extract predictive high-level

features (concepts) from the model’s hidden layer activations. Then, we innova-

tively optimize for features whose existence causes the output predictions to change

substantially. Extensive experiments on real and synthetic tasks demonstrate that

our method achieves superior results on predictive impact, explainability, and faith-

fulness compared to the baselines, especially for LLMs.

25
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Concepts: How LLM thinks?
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Figure 3.1: Illustration of concept-based explanations that result in high im-
pact (green line) or not (red line) when explaining the LLMs in a sentiment
classification task.

3.1 Chapter Background

Over the past few years, large language models (LLMs) have achieved tremendous

progress, leading them to be widely applied in sensitive applications such as person-

alized recommendation bots and recruitment. However, Explainable AI (XAI) has

not witnessed the same progress, making it difficult to understand LLMs’ opaque

decision processes [81]. Therefore, many users are still reluctant to adopt LLMs

in high-stake applications due to transparency and privacy concerns. In this work,

we aim to increase user trust and encourage transparency by deriving explanations

that allow humans to better predict the model outcomes.

To understand what happens inside an LLM, previous studies [82] show that dense

vector representations in high layers of a language model tend to capture semantic

meanings that are useful for solving the underlying task. However, such vector

representations are not understandable to humans. To solve it, concept-based

explanations attempt to map the hidden activation space to human-understandable

features. For example, Koh et al. [17] provides the concept bottleneck model, which

first predicts an intermediate set of human-specific concepts, and then uses them to

predict the target. As illustrated by purple boxes in Fig. 3.1, for the movie review
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classification task, concept-based explanations are semantically meaningful word

clusters [82] corresponding to abstract features such as “acting” and “directing”.

However, existing concept-based methods do not consider of the explanation impact

on output predictions, leading to inferior explanations. By impact, we mean the

causal effect of removing a feature on output predictions [83, 84]. As Moraffah et al.

[85] points out, these non-impact-aware methods derive correlational explanations

that cannot answer questions about decision-making under alternative situations

and are thus unreliable. An example is illustrated in Fig. 3.1. Due to the conven-

tional expression “hot mess”, the word “hot” often co-occurs with “mess”, which

is usually used to classify negative sentiment. Traditional concept-based methods

that do not consider impact may falsely use the correlational feature “weather”

(i.e.,, “hot”) to explain why the model classifies something as negative. However,

excluding the “weather” concept does not cause the output prediction to change

at all, resulting in zero impact (red line). Thus, low-impact explanations such as

“weather” are less valid as users cannot utilize them to consistently predict the

model’s behaviors when a feature changes.

To tackle this bottleneck and incorporate impact into traditional concept-based

models, in this work, we propose High-Impact Concepts (HI-concept), a complete

concept explanation framework with causal impact optimization (§3.3.2). Specifi-

cally, we design a causal loss objective, stemming from the treatment effects in the

causality literature [86]. Moreover, previous causality evaluations [83, 87] primarily

focused on assessing the causal effect via local (i.e.,, instance-level) change and re-

moval intervention (i.e.,, eliminating words/concepts from the source), leading to

potentially biased evaluation results. To this end, we further propose a novel global

(i.e.,, model-level) accuracy change metric and insertion operation to effectively

diagnose the causality measurement (§3.3.4).

As a result, our method can consistently prioritize more influential features (green

line in Fig. 3.1) while disregarding correlational ones.

Extensive experiments with multiple language models, both established and newly

proposed evaluation metrics, and rigorous human studies fully validate the ef-

fectiveness of HI-concept in finding high-impact concepts compared to baselines,

especially for LLMs. Our contributions are summarized as follows1:

1Our codebase is available at https://github.com/RuochenZhao/HIConcept.

https://github.com/RuochenZhao/HIConcept
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• To alleviate the problem of correlational explanations, we propose HI-concept,

a framework for deriving explanatory features with high impacts by innova-

tively optimizing a causal objective.

• Towards comprehensive evaluations, we propose a theoretically grounded

metric, namely reconstruction accuracy change, and devise an insertion study,

which serves as a complement to the traditional removal intervention.

• Extensive experiments show that HI-concept is impactful, explainable, and

faithful, with especially outstanding improvements on LLMs (e.g.,, improving

the causal effect on accuracy from 2.83% to 27.79% on Llama-7B).

3.2 Preliminaries

We first introduce what concept-based explanations are, what properties they

should satisfy, and our key baseline, concept bottleneck models.

3.2.1 Concept-based Explanations

Concept-based explanations is a well-established method [16–18] that extracts

human-understandable concepts from the model’s hidden space. As stated in Kim

et al. [16], the activation space of an ML model can be seen as a vector space Em

spanned by basis vectors em which correspond to input features. Humans work in

a different vector space Eh spanned by implicit vectors eh corresponding to an un-

known set of human-understandable concepts. Then, concept-based explanations

g : Em −→ Eh aim to translate from high-level representations into task-relevant

and human-understandable concepts.

Ideally, concept-based explanations should satisfy the following properties [7]. Faith-

fulness: The explanations can be able to accurately mimic the original model’s

prediction process [11]. Causality: When the feature is perturbed in real life, the

output predictions should change accordingly. This causal impact ensures that

explanations are reliable under alternative situations. Explainability: The expla-

nations should be understandable to humans and able to assist users in real-life

tasks. These three properties will be the guiding principles for our model design

and evaluation.
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3.2.2 Concept Bottleneck Models

Original Path

New Path

Mapping back

Figure 3.2: The overall concept generation process of a concept bottleneck
model.

To derive concept-based explanations, one classic architecture is concept bottle-

neck models [18], shown in Fig. 3.2. The pretrained model f can be viewed as

a composite of two functions, divided at an intermediate layer: f = ψ ◦ ϕ. Af-

ter initializing the concepts C = {c1, . . . , cn} ∈ ϕ( · ) uniformly, ϕ(x) is encoded

into concept probabilities pC(x), calculated as pic(x) = TH((ϕ(x)⊤ci), β)
2 Then,

the bottleneck-shaped network reconstructs ϕ(x) with a 2-layer perceptron gθ such

that gθ(pC(x)) ≈ ϕ(x). Intuitively, the hidden space ϕ( · ) corresponds to the

vector space Em. The concept probability space pC( · ) corresponds to the human-

understandable space Eh. To train the concept model in an end-to-end way, two

losses are used:

• Reconstruction loss: To faithfully recover the original model’s predictions, a

surrogate loss with cross-entropy (CE) is optimized3:

Lrec(θ, C) = CE
(
ψ
(
ϕ(x)

)
, ψ

(
gθ(pC(x))

))
= −

∑
b∈B

ψ
(
ϕ(x)

)
b
log

(
ψ(gθ(pC(x)))b

)
.

(3.1)

2TH is a threshold function that forces all inputs smaller than β to be 0.
3B is the set of class labels and ψ(.)b denotes the prediction score corresponding to label b.
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Figure 3.3: Illustration of the causal graph indicating the confounding associ-
ation in explanation models. Blue is a real-life example. Green is the correspon-
dence in a movie review classification task.

• Regularization loss: To make concepts more explainable, a regularization loss

forces each concept vector to correspond to actual examples and concepts to be

distinct from each other4:

Lreg(C) =− λ1

∑n
i=1

∑
xt∈Tci

c⊤i ϕ(xt)

nN

+ λ2

∑
i1 ̸=i2

c⊤i1ci2

n(n− 1)
.

(3.2)

3.3 Methodology

Then, we propose HI-concept, which aims to fill the current research gap on ex-

planatory impact.

3.3.1 Defining Impact

As stated earlier, not considering impact could result in confounding and correla-

tional explanations. The failure cases can be theoretically explained by causality

analysis in Fig. 3.3. To achieve sentiment prediction Y , the hidden activation space

4Tci as the set of top-k neighbors of ci
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in pretrained LLMs consists of both correlated features E and predictive features

Z. Although only Z truly affects the prediction Y , E and Z may be correlated

due to the confounding effects brought by input X. However, a traditional concept

mining model does not differentiate between E and Z and considers both as valid.

Thus, it may easily use the confounding association as an explanation instead of

the true causal path. The resulting concepts would be problematic as they do not

facilitate a robust understanding of the model’s behaviors.

To tackle this challenge, we enforce explanations to be predictive by considering

their “impact”. To formally define the impact of a feature, we utilize two impor-

tant definitions in causal analysis: Individual Treatment Effect (ITE) and Average

Treatment Effect (ATE), which measure the effect of interventions in randomized

experiments [86]. Given a binary treatment variable T that indicates whether a

do-operation is performed (i.e.,, perturb a feature), ATE and ITE are defined as

the change in expected outcome with treatment T = 1:

ITE(x) := E[y|X = x, do(T = 1)]

− E[y|X = x, do(T = 0)];

ATE := E[ITE(x)].

(3.3)

In our case, a concept ci is discovered as a direction in the latent space, corre-

sponding to a feature in the input distribution. As f is fixed, its prediction process

is deemed deterministic and reproducible, allowing us to conduct experiments with

treatments [17]. Therefore, we propose to remove a specific concept [83]5 as the

do-operation and define impact I of a concept ci on an instance (x, y) as:

I(ci,x) = E[y|X = x, ci = 0]− E[y|X = x, ci = ci]. (3.4)

3.3.2 Optimizing for Impact

In order to incorporate consideration for impact into the concept discovery process,

we introduce two new losses to the original framework:

5We assume that, as the concept vectors coexist in the hidden embedding space, there is no
causal relationship among the concepts {c1, . . . , cn} themselves.
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• Auto-encoding loss: To guarantee that the intervened representations are still

meaningful, we optimize an auto-encoding loss to learn a proxy task that recon-

structs the hidden representations. With this loss, the concept model becomes

Auto-encoder-like and can mimic a generation process of the real distribution of

ϕ(x). Therefore, concept vectors can then be seen as key factors in the generation

process of ϕ(x). Then, we can perform valid interventions on the concept vectors,

such as the removal intervention. Formally:

Lenc(θ, C) = MSE
(
ϕ(x), gθ(pC(x))

)
=

1

d
||ϕ(x)− gθ(pC(x)||22.

(3.5)

• Causality loss: Directly optimizing for causality is a challenging objective as

causal impact is difficult to estimate during training. Therefore, we approximate

impact (Eq. (3.4)) by randomly removing a set of concepts S ⊆ C and calculating

the expectation of impact on the training set. Then, we could disentangle concept

directions that have a greater impact by optimizing the following loss:

Lcau(θ, C) = −
∑
ci∈S

∑
xj∈D

∣∣∣ψ(gθ(pC(xj)|ci = 0)
)

− ψ
(
gθ(pC(xj)|ci = ci)

)∣∣∣ ≈ −|Iavg(C)|. (3.6)

As all inputs xj ∈ D are perturbed, the training dataset D serves both as the

treatment group and the nontreatment group, ensuring no divergence.

Finally, the overall loss function becomes:

L(θ, C) =Lrec(θ, C) + Lreg(C)

+ λeLenc(θ, C) + λcLcau(θ, C),
(3.7)

where λe, λc are the weights for the auto-encoding loss and the causal loss respec-

tively. In practice, the hyperparameters require minimal tuning. Specifically, we

recommend fixing λ1 = 0.1 and λ2 = 0.5 for regularizer loss in Eq. (3.2), and λe = 1

for reconstruction loss. The only hyperparameter to tune is λc, whose optimal level

can be found within a few steps.
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3.3.3 Visualizing Concepts via Impact

As a concept ci ∈ ϕ( · ) is a hidden space vector, previous concept discovery methods

face difficulties in mapping concept vectors to semantic meanings. They mainly

relied on naively clustering the high-frequency words [18, 82]. To address this issue,

we use established visualization techniques to translate it to human-understandable

concepts (i.e.,, word clusters and highlights).

For models where the hidden representation is token-level, we simply use the indi-

vidual token’s concept probability pC(xi) as token importance scores. For models

with sequence-level representations such as BERT, we employ the well-established

transformer visualization method proposed in Chefer et al. [88] to map back from

the [CLS] activation concepts to input tokens. As an adaption of Grad-CAM [89]

to transformers, it visualizes classifications with layer-wise propagation, gradient

backpropagation, and layer aggregation with rollout. As a result, for each sam-

ple x with tokens x1, . . . , xT , we go from having only one concept similarity score

pic(x) to a list of normalized token importance scores s1(ci), . . . , sT (ci). Therefore,

we derive both global/model-level concepts (i.e.,, word clusters) and their corre-

sponding local/instance-level explanations (i.e.,, token importance scores for an

instance) that result in high impact. Both forms of generated explanations can

complement each other while conforming to the model’s ‘mindset’.

3.3.4 Evaluating Impact of Concepts

Quantitatively, traditional causality evaluation metrics focus on local (i.e.,, instance-

level) perturbations [87], which may be biased to global (i.e.,, model-level) perfor-

mance evaluations. Thus, we innovatively propose Recovering Accuracy Change

(∆Acc). Following the causality definition Doshi-Velez and Kim [7] and human

intuition, if a concept ci is a crucial factor used by the model to make predictions,

omitting it should disrupt the ability to faithfully recover predictions. Formally, it

is defined as:

∆Acc(C) = 1

|C|
∑
ci∈C

|Acc(C)− Acc(C \ {ci})|,

where Acc denotes the recovering accuracy [18].
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Dataset Train Test Label dim. Avg. size

Toy (image) 48k 12k 15 (240, 240)
IMDB (text) 37.5k 2.5k 2 215
AG (text) 120k 7.6k 4 43

Table 3.1: A summary of the datasets.

Moreover, we follow previous work to use Causal Concept Effect (CACE) [83] to

evaluate the causal effect of the set of concepts C. Formally, it is defined as:

CACE(ci) :=
∑

xj∈Dtest

|ψ
(
gθ(pC(xj))

)
− ψ

(
gθ(pC\{i}(xj))

)
|;

CACE(C) = 1

|C|
∑
ci∈C

CACE(ci)

Qualitatively, existing evaluations mostly assess concepts’ impact C via feature re-

moval [83]. We argue that obtained concepts should also be generalizable to cases

of insertion. Thus, we propose a novel insertion operation. Intuitively, when insert-

ing explanation features one by one, gradual improvement of recovering accuracy

should be observed, indicating incremental impact of each concept.

3.4 Experiment Setup

3.4.1 Datasets and Models

We test the effectiveness of our method with two standard text classification

datasets: IMDB [90] and AG-news [91]. IMDB consists of movie reviews labeled

with positive or negative sentiments, while AG-news is a dataset of news articles

categorized into 4 topics. Table 3.1 gives a dataset summary.6 We explain four

classification models: (i) a 6-layer transformer encoder trained from scratch, (ii) a

pre-trained BERT with finetuning, (iii) a pre-trained T5 model [92] with finetun-

ing, (iv) 7B Llama [93] with in-context learning. The details on how we use these

models are as follows:

6IMDB and AG-news are both licensed for non-commercial use.
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Self-trained transformer: The self-trained transformer model used during text

experiments follows a simple structure: the input text is truncated to max length

512 and passed to an embedding layer of dimension 200. Then, the embeddings

are passed through a positional encoding layer with a dropout rate of 0.2. Then,

6 transformer layers follow with a hidden dimension of 200 and 2 heads. Finally,

we mean-pool the transformed embeddings and pass through a linear classifier

head. The linear outputs are activated with a Sigmoid function to produce class

probabilities.

To train the transformer model, we use either the IMDB or AG-News dataset. We

train for 10 epochs with a batch size of 128 and an Adam optimizer with learning

rate 3e− 4. We also use a learning rate step scheduler with step size 1 and gamma

of 0.95.

Dataset AG-News IMDB

LR 5e− 5 3e− 4
train BS 8 8
eval. BS 16 16
seed 42 42
optimizer Adam Adam

betas = (0.9, 0.999) betas = (0.9, 0.999)
epsilon = 1e− 8 epsilon = 1e− 8

LR scheduler linear linear
warmup steps 7425 1546
training steps 74250 15468

Table 3.2: Hyperparameters for finetuning BERT model.

Pretrained and finetuned BERT model For AG-News, we take the fine-

tuned version of bert-base-uncased model on huggingface: “fabriceyhc/bert-base-

uncased-ag news”. For IMDB, we fine-tuned by ourselves on the bert-base-uncased

model. The hyperparameters used for both finetuning are reported in §3.4.1, where
LR stands for learning rate and BS stands for batch size.

The huggingface code and models are all licensed under Apache 2.0, which allows

for redistribution and modification. Similarly, the codebase used to replicate the

visualization method [88] and the baseline method [94] are licensed under the MIT

license, which allows for redistribution of the code.

T5 and Llama As T5 and Llama are both generative models, when calculating

impact, we simplify outputs by filtering to only the classification classes (e.g., words
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“Positive”, “Negative” for IMDB) and summing all other vocab probabilities as

“Other”.

For T5, we finetune on IMDB and AG-News separately using the same hyperpa-

rameters: max seq length of 512, learning rate of 3e− 4, weight decay of 0.0, adam

epsilon of 1e − 8, warmup steps of 0, train batch size of 10, eval batch size of 10,

num train epochs of 2, and gradient accumulation steps of 8.

The T5 model is licensed under Apache 2.0, which allows for redistribution and

modification. For Llama, we use the 7B model licensed under GPL 3.0, which

allows for redistribution and modification.

3.4.2 Metrics

We evaluate the explanation methods quantitatively and qualitatively with com-

prehensive metrics based on the three important considerations described in §3.2.1.
Faithfulness: To ensure that the surrogate model can accurately mimic the origi-

nal model’s prediction process, we evaluate whether the captured concept probabil-

ities pC(x) can recover the original model’s predictions ψ
(
ϕ(x)

)
with the established

metrics below:

(i) Recovering Accuracy (Acc): As defined in Yeh et al. [18], for the set of concepts

C, RAcc measures the prediction reconstruction accuracy using concept scores:

RAcc(C) = 1

|Dtest|
∑

xj∈Dtest

1

(
ψ
(
ϕ(xj)

)
= ψ

(
gθ(pC(xj))

))

(ii) Precision, Recall, F1 : To provide a thorough study, we also include common

metrics including precision, recall, and F1 [95].

(iii) Completeness : As defined in Yeh et al. [18], completeness measures whether C
is sufficient in recovering predictions. Denoting supgPx,y∈Dtest [y = argmaxy′ ψy′(gθ(pC(xj)))]

as the best accuracy by predicting the label just given the concept scores, and ar

as the accuracy of random prediction, completeness is formulated as:

Completeness(C) =
supgPx,y∈Dtest [y = argmaxy′ ψy′(gθ(pC(xj)))]− ar

Px,y∈Dtest [y = argmaxy′ fy′(x)]− ar
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Causality is the key of the XAI model evaluation. As mentioned in §3.3.4, we
use the CACE metric [83], a novel accuracy change metric (∆Acc), and insertion

operations to provide a more comprehensive overview. Explainability. With the

concepts generating a high impact on predictions, we expect that it can allow end-

users to better understand the model’s decisions. We include visualizations and

human studies to test it qualitatively.

Causality: To systematically evaluate causality, we conduct synthetic experi-

ments, derive qualitative examples, draw trend graphs, and conduct human studies.

In quantitative experiments, we use the following quantitative metrics:

(i) Causal Concept Effect (CACE): As defined in Goyal et al. [83], CACE for a

concept c is the change in prediction after removing it. Then, we compute the

average CACE to evaluate a set of concepts C:

CACE(ci) = E
[
ψ
(
gθ(pC(xj))

)
− ψ

(
gθ(pC\{i}(xj))

)]
(ii) Recovering Accuracy Change (∆Acc): Doshi-Velez and Kim [7] state: “Causal-

ity implies that the predicted change in output due to a perturbation will occur in

the real system”. Therefore, if a concept ci is a crucial factor used by the model

to make predictions, omitting it should disrupt the ability to faithfully recover

predictions:

∆Acc(C) = 1

|C|
∑
ci∈C

|RAcc(C)− RAcc(C \ {ci})|

3.4.3 Baselines and Hyperparameters Used

For baselines, we use other unsupervised dimension reduction methods to dis-

cover concepts on the hidden space: (i) PCA [96] and K-means [97] are popular

non-parametric clustering techniques that reduce high-dimensional datasets into

key features to increase interpretability. (ii) β-TCVAE [94] is a disentanglement

VAE method that explicitly considers causal impact while reducing dimensionality.

(iii) ConceptSHAP [18] represents the traditional concept bottleneck models that

do not consider impact.



38 3.4. Experiment Setup

For all concept experiments, the following parameters are universally applied as

a selected default, which demonstrated better performances during experiments:

For regularizer losses, λ1 = 0.1 and λ2 = 0.5. In TH( · , β) function, threshold is

set to be β = 0.1 = 1
n
, where n is the number of concepts selected. For the top-N

neighborhood, N = 1
4
BS, where BS is the effective batch size, which we have set

as 128 during the experiments. For the masking strategy, we always recommend

masking random concepts with a probability of 0.2 as the optimal strategy, as

masking the maximum concepts may lead to a highly uneven distribution of I(C)
among discovered concepts.

As all dataset class sizes are small (2 in IMDB/toy or 4 in AG-News), the number

of concepts is chosen to be 10 for all experiments. When the number of classes is

larger, we recommend choosing a larger number of concepts to ensure a faithful

reconstruction of the original input.

For training the concept model, we always use an Adam optimizer with a learning

rate of 3e − 4. All models are all trained using 100 epochs. In the HI-concept

models, causal loss is always turned on at half of the overall number of epochs.

After turning on causal loss, all parameters are set to untrainable except for the

concept vectors, which ensures that the reconstruction ability is not forgotten.

The same hyperparameters are set for the conceptSHAP models, which are also

found to generate the optimal performances. The threshold is set to be β = 0.3,

as recommended by the original paper on NLP datasets.

The causal loss regularizer λc is set depending on the level of confounding in the

dataset. λc = 1 is set for all experiments, except for λc = 3 in the case of IMDB

with BERT. A higher λc will usually lead to a higher output change (I(C) and

∆Acc), accompanied by a decrease in faithfulness (RAcc).

To reproduce, all experiments were run with a random seed of 0. All experiments

are conducted on the penultimate layer. The hyperparameters are chosen as an

optimal default through grid search. To make the comparison fair, all methods

use 10 dimensions to encode. During training, perturbation is performed on the

concept that is the most similar to the input.
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Dataset β-TCVAE kmeans PCA conceptSHAP HI-concept

IMDB 475.9 37.7 0.8 199.3 227.2
AG 1525.6 15.51 2.5 1749.65 2242.1

Table 3.3: A summary of runtime (in seconds) on datasets for BERT.

3.4.4 Training details

In practice, we only turn on the causal loss after a certain number of epochs (usually

half of the overall number of epochs) to make sure that the surrogate model first

learns to faithfully reconstruct from the set of concepts before optimizing for the

impactful ones. This is because learning the two conflicting objectives at once will

usually result in low accuracy. We also note that some contextual information is

still needed to maximize the accurate reconstruction of hidden activations ϕ(x).

Thus, the causality loss is enforced on all concepts except the last one cn, which

is used as a ‘context concept’. During model inference, the last (non-impactful)

concept is unused.

After training, we post-process discovered concepts to filter out unused ones. While

the number of concepts n is user-selected, as in many topic models, it is an inherent

flaw as it requires a certain level of domain expertise. For example, in a movie

review dataset with only 2 output classes, if an unfamiliar user sets n to 200, the

model will naturally discover many noisy concepts and only a few useful ones.

To ensure that the noisy concepts are eliminated, we post-process the concepts

and filter out the unused ones (with an impact Iind(ci) close to 0). Thus, a more

desirable number of concepts is returned even if the user provides an overestimate

of n. In our experiments, we see that, after filtering, the model always achieves

a better or the same prediction-reconstruction performance as before. However,

even with this post-processing, specifying too large a number of concepts can still

be dangerous as it harms the concept model’s training process.

3.4.5 Run-time

As our model additionally optimizes for causality loss, the run-time is slightly longer

than the baseline method ConceptSHAP [18], but remains acceptably efficient for
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practical applications. A summary of the run-time is shown in §3.4.5. All models

shown are run on the GTX 1080Ti graphic card with 12 GB memory.

The computational overhead introduced by our causality optimization is primarily

attributed to the additional gradient calculations required during training. How-

ever, this increase in computational cost is justified by the significant improvement

in explanation quality and causal fidelity. For instance, our approach adds only a

marginal 15-20% increase in training time compared to ConceptSHAP while deliv-

ering substantially more reliable causal explanations.

Generally, as post-hoc explainability methods, the runtimes are very light and,

therefore, a concern that is less important than the model quality. For example,

on a dataset of size 50k such as IMDB, it only takes 227.2 seconds (3.8 minutes)

to train our HI-concept model. This efficiency makes our approach viable even

for larger production models where explanation generation should not significantly

impact overall system performance. Furthermore, once trained, the inference time

for generating explanations remains comparable to other state-of-the-art methods,

making it suitable for real-time or near-real-time explanation requirements in prac-

tical applications.

3.5 Results and Analysis

pcor Cls.Acc Method Acc CACE ∆Acc

0.50 95.4%
ConceptSHAP 97.6% 0.070 6.1%
HI-concept 98.4% 0.102 9.4% (+3.3%)

0.65 99.0%
ConceptSHAP 99.7% 0.038 3.5%
HI-concept 99.3% 0.084 6.8% (+3.4%))

0.75 96.1%
ConceptSHAP 98.3% 0.069 6.0%
HI-concept 98.9% 0.123 12.2% (+6.2%)

Table 3.4: Faithfulness (Acc) and Causality (CACE, ∆Acc) evaluation on the
toy dataset. Cls.Acc denotes the original classification model’s accuracy.
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Dataset Model Method
Faithfulness Causality

Acc Precision Recall F1 Completeness CACE ∆Acc

IMDB

Transformer

β-TCVAE [94] 43.53% 50.23 50.03 33.08 27.36 0.037 1.50%
K-means [97] 83.64% 84.74 85.05 83.63 61.87 0.047 2.59%
PCA [96] 85.18% 85.56 86.20 85.15 62.36 0.001 0.01%
ConceptSHAP [18] 84.36% 85.04 85.56 84.34 62.05 0.031 1.30%
HI-concept 88.78% 90.07 87.50 88.24 58.10 0.150 11.06%

BERT

β-TCVAE [94] 93.86% 94.31 93.43 93.68 10.71 0.057 4.05%
K-means [97] 98.69% 96.16 96.23 96.19 15.69 0.037 0.97%
PCA [96] 96.68% 96.65 96.68 96.67 15.33 0.002 0.02%
ConceptSHAP [18] 95.84% 95.78 95.96 95.83 17.16 0.050 0.06%
HI-concept 92.97% 93.25 93.34 92.97 21.04 0.099 8.99%

T5

β-TCVAE [94] 0.00% 0.00 0.00 0.00 -23.70 0.000 0.00%
K-means [97] 75.85% 37.92 50.00 43.13 26.83 0.025 1.06
PCA [96] 98.86% 99.04 97.85 98.43 48.42 0.000 0.02%
ConceptSHAP [18] 0.00% 0.00 0.00 0.00 -23.70 0.000 20.21%
HI-concept 99.50% 99.65 98.98 99.31 48.87 0.153 62.47%

Llama

β-TCVAE [94] 20.56% 33.41 33.36 13.30 -14.29 0.001 0.15%
K-means [97] 15.31% 5.10 33.33 8.85 -21.82 0.019 0.00%
PCA [96] 95.15% 67.97 77.66 69.80 64.19 0.001 0.03%
ConceptSHAP [18] 18.83% 42.83 34.95 14.88 -1.78 0.005 1.60%
HI-concept 87.87% 53.27 68.60 55.29 59.83 0.042 28.69%

AG-News

Transformer

β-TCVAE [94] 98.91% 98.94 98.94 98.93 66.73 0.049 6.62%
K-means [97] 98.16% 98.32 98.11 98.18 65.99 0.044 0.07%
PCA [96] 99.99% 99.99 99.99 99.99 66.66 0.000 0.03%
ConceptSHAP [18] 73.01% 59.36 74.34 64.88 47.07 0.000 0.00%
HI-concept 99.50% 99.50 99.51 99.50 66.70 0.046 7.12%

BERT

β-TCVAE [94] 92.30% 94.93 91.89 92.91 57.25 0.044 5.32%
K-means [97] 86.83% 92.74 85.42 87.53 52.62 0.028 7.15%
PCA [96] 99.79% 99.82 99.77 99.79 61.04 0.001 0.01%
ConceptSHAP [18] 93.46% 93.70 94.62 93.66 62.69 0.025 4.44%
HI-concept 99.90% 99.89 99.90 99.89 61.12 0.058 10.54%

T5

β-TCVAE [94] 0.00% 0.00 0.00 0.00 -20.60 0.000 0.00%
K-means [97] 24.87% 6.22 25.00 9.96 4.40 0.011 1.49%
PCA [96] 97.38% 97.40 97.37 97.38 73.12 0.000 0.01%
ConceptSHAP [18] 0.00% 0.00 0.00 0.00 -20.60 0.000 0.01%
HI-concept 99.46% 99.46 99.46 99.46 73.70 0.075 72.37%

Llama

β-TCVAE [94] 1.27% 0.25 20.00 0.50 -23.89 0.000 0.01%
K-means [97] 37.00% 7.40 20.00 10.80 1.09 0.007 0.02%
PCA [96] 85.41% 65.78 67.98 66.73 51.46 0.000 0.03%
ConceptSHAP [18] 17.01% 35.37 35.20 15.87 -7.73 0.002 2.83%
HI-concept 81.52% 48.59 55.99 51.53 43.07 0.039 27.79%

Table 3.5: Faithfulness (Acc, Precision, Recall, F1, Completeness) and causal-
ity (CACE, ∆Acc) evaluation of different text classification methods. The best
result is bolded, and the second-best result is underlined.

3.5.1 Sanity Check

To first provide a sanity check for our method, we follow the toy experiment design

in Yeh et al. [18], which explains a CNN model trained on a synthetic graphic

dataset. To mimic the confounding effects (X −→ E) as in Fig. 3.3, we add corre-

lations (controlled by pcor) among ground truth concepts. Then, we compared the

concepts discovered by HI-concept with ConceptSHAP.
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Figure 3.4: Convolutional Neural Network used for classifying the toy dataset.

We conduct experiments on a synthetic (toy) image dataset with ground truth con-

cepts in order to test the validity of our method and confirm the claim that higher

confounding effects within the dataset lead to more correlational explanations, thus

calling for a more causal explainability approach. Specifically, we extend the toy

dataset design of Yeh et al. [18] to make it more realistic by inserting spurious

correlations.

Data generation. As a synthetic setup, at most 15 shapes are randomly scattered

on a blank canvas at random locations with random color selections (as noise). For

each image sample xj, z
j
{1:15} are binary variables of whether or not a shape is

present in xj with each zj
s sampling from a Bernoulli distribution with probability

0.5. Then, a 15-class target yj is constructed with respect to whether the first

5 shapes (zj
{1:5}) are present or not with human-designed rules. For example,

y1 =∼ (z1 · z3) + z4. A total of 60, 000 examples are generated as the toy dataset

using a seed of 0.

The setup mentioned above is, in fact, far away from realistic scenarios, as it

does not consider possible confounding. Thus, to make it more realistic, we insert

spurious correlations between the pairs (zj
{1:5}, z

j
{6:10}), (z

j
{6:10}, z

j
{11:15}) with a

correlation factor pcor. For example, when z1 = 1, z6 = Bernoulli(pcor); when

z1 = 0, z6 = Bernoulli(1− pcor).

CNN classification model used for the toy example. The CNN classification

model used for the toy dataset is shown in Fig. 3.4. Specifically, 3 convolutional

layers with a kernel size of 5 and 64 output channels were used, each followed by a

ReLU activation and max pooling layer. Then, the result is flattened into a linear

vector, followed by 2 linear layers and a sigmoid activation function. The output

is a 15-dimensional binary classification probability. The model is trained for 100
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Method CACE Keywords

CS 0.134 apple, NASA, Microsoft, new, sun, red, super, game
CS 0.000 one, two, gt, new, cl, lt, first, world, mo, last

HI-C 0.130 us, bush, u, eu, new, peoples, china, high, gt, world
HI-C 0.003 us, update, new, mo, two, first, knicks, last, one, hen

Table 3.6: Generated concepts with Average Impact (CACE) from AG-News
dataset, BERT model. CS is ConceptSHAP, HI-C is HI-concept. Each line is one
concept, represented by keywords, which are ordered by descending importance.

epochs with an Adam optimizer with learning rate 3e − 4. For reproducibility

purposes, the model is initialized and trained with a seed of 0.A PREPRINT - FEBRUARY 9, 2022

(a) Two random images and corresponding ground truth con-
cepts (with their legend on the left) – each object corresponds
to a ground truth concept solely via the shape information.

(b) Top nearest neighbors (each neighbor corresponds to a part
of the full image) of each discovered concepts. The ground
truth concepts, determined by their shape (with random colors),
are on the left.

Figure 1: Examples (left) and nearest neighbors of our method (right) on Synthetic data.

each sample, where the target of sample i, yi is a function that depends only on zi
1:5, which represents whether the

first 5 shape exists in xi. For example, y1 “„ pz1 ¨ z3q ` z4, y2 “ z2 ` z3 ` z4, y3 “ z2 ¨ z3 ` z4 ¨ z5, where „
denotes logical Not (details are in Appendix). We construct 48k training samples and 12k evaluation samples and use a
convolutional neural network with 5 layers, obtaining 0.999 accuracy. We take the last convolution layer as the feature
layer �pxq.
Evaluations: We conduct a user-study with 20 users to evaluate the nearest neighbor samples of a few concept
discovery methods. At each question, a user sees 10 nearest neighbor images of each discovered concept vector (as
shown on the right of Fig. 1b), and is asked to choose the most common and coherent shape out of the 15 shapes based
on the 10 nearest neighbors. We evaluate the results for our method, k-means clustering, PCA, ACE, and ACE-SP when
m “ 5 concepts are retrieved. Each user is tested on two randomly chosen methods in random order, and thus each
method is tested on 8 users. We report the average number of correct concepts and the number of agreed concepts
(where the mode of each question is chosen as the correct answer) for each method answered by users in Table 1.
The average number of correct concepts measures how many of the correct concepts are retrieved by user via nearest
neighbors. The average number of agreed concepts measures how consistent are the shapes retrieved by different
users, which is related to the coherency and conciseness of the nearest neighbors for each method. We also provide an
automated alignment score based on how the discovered concept direction classifies different concepts – see Appendix
for details.

Results: We compare our methods to ACE, k-means clustering, and PCA. For k-means and PCA, we take the
embedding of the patch as input to be consistent to our method. For ACE, we implement a version which replaces
the superpixels with patches and another version that takes superpixels as input, which we refer as ACE and ACE-SP
respectively. We report the correct concepts and agreed concepts from the user study, and an automated alignment
score which does not require humans. We do not calculate the alignment score of ACE-SP since it does not operate on
patches and thus is unfair to compare with others (which would lead to much lower scores.) Our method outperforms
others on corrected concepts and alignment score, is superior in retrieving the accurate concepts beyond the limitations
of others. The number of agreed concepts is also the highest for our method, showing how highly-interpretability it is to

Figure 2: Completeness scores on synthetic dataset (left) and completeness scores on AwA (right) versus different
number of discovered concepts m for all concept discovery methods in the synthetic dataset. Ours-noc refers to our
method without the completeness score objective as an ablation study.

6

concept     :

concept     :

concept     :

Figure 3.5: Examples from the toy dataset and concepts discovered.

Visualizations. As an example visualization, in Fig. 3.5, two random images from

the toy dataset are displayed on the left, while three example concepts discovered

by HI-concept are plotted on the right. We could observe that HI-concept is able to

derive meaningful clusters as concepts, which provide a sanity check for usability

of the latent concepts.

Results on toy dataset. From the results shown in Table 3.4, we could observe

that, as we increase pcor to mimic an increase in confounding levels in real life, our

method discovers concepts that consistently outperforms the baseline by deriving

more impactful features. As confounding levels (pcor) in the dataset increase, the

performance gap (∆Acc) also widens. At the same time, HI-Concept maintains the

best RAcc, indicating faithfulness to the original predictions. Therefore, HI-concept

successfully improves explanatory impact, especially for highly correlational tasks

and datasets. Moreover, we note that the improvement is even stronger in real

data experiments, as the added artificial confounding is more complicated in real-

life scenarios.
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3.5.2 Quantitative Results on Text Classification

The results of the experiment on the text classification datasets are presented in

Table 3.5. Overall, HI-Concept not only achieves the best performance in causality,

but improves on faithfulness as well. For faithfulness metrics (Acc, Precision, Re-

call, F1, and Completeness), HI-concept achieves the best or second-best results for

almost all datasets and models. Notably, for the cases achieving second-best per-

formance, the best model for faithfulness is PCA. PCA, however, as a completely

different group of methods, is often faced with the issue of low causal impact

(shows CACE close to 0 in Table 2). While considering causality metrics (CACE

and ∆Acc), our HI-concept exhibits a significantly greater superiority. Causality

metrics for baseline methods are mostly minimal, which implies that most ex-

planatory features discovered are correlational and unreliable. In comparison, the

concepts discovered by HI-concept show significant improvements in both causality

and faithfulness, especially for pretrained models such as BERT, Llama, and T5.

This validates the hypothesis that HI-Concept can result in more improvements for

larger pre-trained models with more complex architectures. With more parameters

and pretraining, these models could encode more correlational information and

contain more spurious correlations. As shown with the toy example in §3.5.1,
HI-Concept’s causality awareness would be more beneficial in highly correlational

scenarios.

3.5.3 Qualitative Analysis of Text Classification

We take a closer look at BERT for AG-News to qualitatively examine the concepts

discovered in terms of causality and explainability.

Causality. Table 3.6 visualizes the most and least causal concepts obtained from

both baseline ConceptSHAP and our HI-concept. The words are organized by

descending concept importance scores (described in §3.3.3). For the most causal

concept (i.e.,, larger CACE), the one by ConceptSHAP implies technological news,

but has some confounding keywords from the sports category (e.g.,, “red”, “super”,

“game”). The one by HI-concept clearly points to political news, without confound-

ing words that belong to other categories. While for the least causal concept, the
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Method Visualization

ConceptSHAP

dream team leads spain 44 - 42 at halftime
athens, greece - as expected, the u.s. men’s
basketball team had its hands full in a quar-
terfinal game against spain on thursday...

HI-concept

dream team leads spain 44 - 42 at halftime
athens, greece - as expected, the u.s. men’s
basketball team had its hands full in a quar-
terfinal game against spain on thursday ...

Figure 3.6: Qualitative comparison from AG-News: “World” news misclassi-
fied as “Sports” by BERT.

Accuracy Confidence Time Spent

Plain 72.5% 3.2 10.7
ConceptSHAP 68.5% 2.7 10.6
Polyjuice 73.5% 2.6 7.6
HI-concept 80.5% 3.5 9.3

Table 3.7: Human study for explainability evaluation.

ConceptSHAP only consists of purely correlational and non-semantically mean-

ingful words. Instead, HI-concept still contains class-specific words (e.g.,, “us”,

“knicks”), which result in non-zero CACE. Overall, HI-concept results in a set of

more task-relevant and semantically meaningful concepts.

Explainability. Fig. 3.6 shows the failure case (“World” news misclassified as

“Sports”) highlighted with the top concept discovered. ConceptSHAP discovers

a top concept related to the keywords “leads”, “as expected”, or “on thursday”,

which are not informative as to why the model classified this input as “Sports”.

On the contrary, HI-concept could precisely point out why: BERT is looking at

keywords such as “dream team”, “game”, and country names. Such examples

show the potential of HI-concept being used in understanding the model’s failure

processes, which we further investigate in §3.5.5 with a carefully designed human

study.

3.5.4 Generalization to Concept Insertion

As mentioned in §3.3.4, we study the causal impact of concepts by generalizing to a
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novel insertion operation. With the insertion of the found concepts one by one, we

expect to observe gradual improvement of the recovering accuracy of the concept

model. For example, we first evaluate the concept model (with 10 concepts) with

only the most important concept, while masking all other concepts. Then, we

evaluate the concept model with the two most important concepts, while masking

all other concepts. The process goes on until we mask 0 concepts. As we unmask

more and more concepts, the model performance is expected to gradually improve

in order for each concept to have some causal importance. Formally, at the step

m ∈ 1, . . . , n, the concept model reconstruction becomes gθ(pc(xj)|ci∈C\Cm = 0),

where Cm is the set of most important m concepts.

Fig. 3.11 shows the trend results on the AG-News dataset. The concept is inserted

in the order of descending importance. Obviously, our HI-concept, plotted as the

red line, is the only method that shows gradual improvement consistently for all

base models. While for other comparison methods, a single concept can already

result in maximum accuracy, e.g.,, all baselines on T5 and Llama, indicating less-

causal sets of concepts overall.

3.5.5 Human Study

Design and Baselines. To systematically test whether derived features are ex-

plainable to humans, we design a human study to test the degree to which “a user

can correctly and efficiently predict the method’s results”, which is the explain-

ability definition by Kim et al. [6]. Inspired by the forward simulation design from

Hase and Bansal [98], we carefully conduct the following human study: We first

show 100 randomly selected examples from AG’s test set to users and ask them to

predict the model’s news topic classification. Then, we show the same examples

again but with assistive information from HI-concept, including textual highlights

and topic keywords, and ask users to predict the model’s decision again. As a

comparison, we show examples augmented by ConceptSHAP instead. For each

question, we let users rate their confidence and record the time spent in seconds.

Moreover, to test against local counterfactuals, which is a popular group of ex-

plainability methods, we also include Polyjuice [99] as another baseline. Polyjuice

is a generator method that utilizes a finetuned GPT-2 model for producing diverse

local counterfactuals to a sentence. Thus, it enables an automated approach to
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Figure 3.7: Human study instructions for plain examples.

Figure 3.8: Human study instructions for HI-concept augmented examples.

derive token explanations with Shapley values. Ideally, good explanations could

help users better predict the model outcomes, thus increasing usability by resulting

in higher accuracy and higher confidence.

Details for Conducting Human Study. For the human study, 100 examples are

randomly selected from the test set Dtest. The questionnaire takes the format of a

self-constructed website. Firstly, we show the examples without any assistive infor-

mation, where the instructions are shown in Fig. 3.7 and an example question looks

like Fig. 3.9. Secondly, the same examples are shown with assistive information

derived from ConceptSHAP. Lastly, the examples are shown with assistive infor-

mation derived from HI-Concept. The instructions are shown in Fig. 3.8 and an

example question looks like Fig. 3.10. 4 volunteers (Ph.D. students) each answered

50 plain examples and 50 augmented examples. The volunteers are all proficient
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Figure 3.9: Human study question and answer.

Figure 3.10: Human study question and answer.

in English. The volunteers report an average time of approximately 30 minutes

for answering all 100 questions. As the volunteers are working also in AI-related

areas and are briefed about the purpose and usage of survey data beforehand, they

understand fully the data collection and usage. Thus, implicit consent is granted

by participation.

As one resulting concept is “a group of words that are meaningful” [82], which

could take some time for humans to read, we also employ an LLM (GPT-3.5) to

summarize the words into an assistive label. The resulting labels allow humans to

quickly grasp the gist of an abstract concept. Specifically, we used the GPT-3.5-

turbo model with the following prompt:

“You’re an expert in topic labeling. Please come up with a short word or phrase

that summarizes the topic with the keywords below:

[set of keywords]”

Human Study Results. As shown in Table 3.7, when the users are given assis-

tive information provided by HI-concept, their accuracy of predicting the model’s
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T5 NEWS
1 2 3 4 5 6 7 8 9 10

BCVAE 0 0 0 0 0 0 0 0 0 0
kmeans 0.2523684211 0.2486842105 0.2486842105 0.2486842105 0.2486842105 0.2486842105 0.2486842105 0.2486842105 0.2486842105 0.2486842105
PCA 0.9738157895 0.9735526316 0.9735526316 0.9736842105 0.9735526316 0.9736842105 0.9738157895 0.9738157895 0.9738157895 0.9738157895
conceptshap 0 0 0 0 0 0 0 0 0 0
HI-Concept 0 0 0 0 0 0.4972368421 0.9946052632 0.9946052632 0.9946052632 0.9946052632
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Figure 3.11: Effects of concept insertion on accuracy on AG-News dataset.
Each figure represents a different model where the number of inserted concepts
(x-axis) is plotted against accuracy (y-axis).

decisions improved from 72.5% to 80.5%. On average, users also report higher con-

fidence in their predictions and spend less time on the questions. When given cor-

relational explanations by ConceptSHAP, however, both prediction accuracy and

confidence decrease. Polyjuice, as a local counterfactual baseline, results in a hu-

man prediction accuracy of 73.5%. It surpasses the conceptSHAP baseline (68.5%)

but still lags behind HI-Concept (80.5%). Moreover, HI-Concept also maintains

the highest confidence score over all the baselines, outperforming Polyjuice by 1.1

(on a scale of 1-5). We note that users with Polyjuice spend less time (7.6s V.S.

9.3s of HI-Concept) for the decision. It could be because Polyjuice tends to as-

sign high importance to a selected few words, while giving minimal importance to

others. This leads to quicker decision-making by users but is also accompanied

by low accuracy and confidence. Overall, our study achieves the Cohen’s Kappa

agreement of 0.74, which is considered substantial agreement [100].

3.5.6 Ablation Study

To further investigate the effect of different loss objectives and various hyperpa-

rameters, we conduct multiple ablation studies.
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Method Acc CACE ∆Acc

Without Auto-Encoding Loss 93.46% 0.028 6.11%
Without Prediction Loss 68.00% 0.035 17.41%
Without Regularizer Loss 95.76% 0.041 6.23%
Without Causality Loss 99.92% 0.029 2.95%

HI-concept 99.90% 0.058 10.54%

Table 3.8: Ablation on BERT for IMDB with faithfulness (Acc) and impact
(CACE, ∆Acc) evaluation.

Loss objectives. To ensure that the designated 4 objectives behave as expected,

we conduct ablation studies for BERT on AG-News and report the results in Ta-

ble 3.8. As observed, each designed loss plays its own role. Specifically, eliminating

prediction loss leads to a large decrease in Acc, resulting in an unfaithful model.

Therefore, even though its model explanations are more causal (large ∆Acc), the

results cannot be trusted. Meanwhile, the auto-encoding and regularizer loss con-

tribute to both faithfulness and causality, while causality loss mostly helps to ensure

the causal metric. The full HI-concept method discovers a set of concepts with both

good causality and faithfulness.

Hyperparameters.The proposed method of HI-concept includes many tunable

hyperparameters, including the top-N neighborhood, threshold, etc. While these

parameters are set at the default mentioned in §3.4.3, there are two hyperparame-

ters that users can customize the most: the layer to interpret at and the number of

concepts. To better understand how these two parameters may affect the generated

concepts, we conduct comparisons on both. We evaluate in terms of impact and

topic quality. For impact, we have reported the number of effective concepts left

after post-processing, the recovering accuracy (RAcc), the Average Impact (I(C)),
and the induced change in accuracy (∆Acc). For topic quality, we have reported

coherence scores, including averaged Pointwise Mutual Information (PMI) (c uci

score), normalized PMI (c npmi score), c v score which measures how often the

topic words appear together in the corpus, and word2vec similarity [101].

The following comparisons are all conducted on the AG-news dataset with BERT,

where the other hyperparameters mentioned in §3.4.3 stay the same.

(i) Layer to Interpret. To compare what each layer discovered, as BERT has 12

layers, we experimented on the 3rd, 6th, 9th, and penultimate layer respectively,
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all with 10 concepts. Overall, the later layers tend to discover more class-coherent

concepts. The beginning layers, however, could discover more abstract features

and also lexical word clusters, such as concepts with only nouns or adjectives. This

finding is confirmed by a study of topic coherence metrics and findings from Dalvi

et al. [82], where they observe that BERT finds more lexical information in the

earlier layers.
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Figure 3.12: Layer-wise effective number of concepts, RAcc ↑, I(C) ↑, and ∆
Acc ↑.

Quantitatively, we plotted out the effective number of concepts, recovering accu-

racy, impact, and accuracy change in Fig. 3.12. All layers demonstrate similar

performances in recovering accuracy, which is close to 100%. The intermediate

layers, especially the 6th layer, produce a higher average impact and recovering

accuracy. This is because the intermediate layers discover concepts on the token-

level, while the penultimate layer concepts are sentence-level (on the [CLS] token).

Thus, the token-level concepts will have more fine-grained control.

Qualitatively, we plotted some wordclouds of the keywords in discovered concepts

in Fig. 3.13. We could see that, in the penultimate layer, concepts are more con-

centrated on each class. For example, the first concept would correspond to the

class “Sports”, the second to “Sci/Tech”, and the third to “World” news. The em-

phasis on events is also clearer, such as the third one talking about the Iraq War.

However, When we move to earlier layers, the concepts’ class labels are more mixed

together. In the 9th layer, the first concept concerns government, which includes

terms such as “government”, “internet”, “security”, “bomb”, “baseball”, etc. It

could, however, correspond to many class labels, such as “Sci/Tech”, “World”, or

even “Sports”. Similarity, the second concept talks about China, including “china”,

“billion”, “people”, “activitists”, “announcement”, etc. The third concept is in-

teresting as it covers mostly adjective words which do not seem to correlate too

much in semantic meanings, such as “low”, “big”, “closer”, and “third”. Similar
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(a) Layer 9 (b) Layer 12

Figure 3.13: Wordclouds of concepts generated on the 9th (left) and 12th
(right) layer. The 9th layer includes a government concept, a China concept,
and an Adjective (mostly) concept. The 12th layer includes a sports concept, a
technology concept, and a political concept.

observations are also confirmed in papers such as [82], which derives concepts using

agglomerative hierarchical clustering combined with human annotations in BERT

latent representations. They observe that BERT finds more lexical information in

the earlier layers.
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Figure 3.14: Layer-wise Topic Coherence Comparison.

In terms of topic quality, we evaluated the concept keywords using coherence met-

rics. As shown in Fig. 3.14, all coherence scores showed a general trend of concepts
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becoming more coherent as the layer number increases. The conclusion is consistent

with the wordcloud visualizations.

Thus, in real-life debugging scenarios, we recommend using the penultimate layer,

which will find more coherent topics. However, there could be continued work to

discover information learned in the prior layers and to investigate how information

flows through layers in a hierarchical way.

(ii) Number of Concepts. We experiment with 3, 5, 10, 50, and 100 concepts

on the penultimate layer. We find that a concept number close to the number of

output classes usually gives higher prediction changes, while increasing the num-

ber results in higher recovering accuracy. When the number of concepts becomes

larger, concepts usually become more coherent. However, with too large a number

of concepts, the performance will decrease, as more noise is introduced into the

training process.
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Figure 3.15: Concept-wise effective number of concepts, RAcc ↑, I(C) ↑, and
∆ Acc ↑.
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Figure 3.16: Concept-wise Topic Coherence Comparison.

From Fig. 3.15, we could see that the performance is very dependent on the num-

ber of concepts. The effective number of concepts, recovering accuracy, average

impact, and accuracy change all appear to be elbow-shaped. In this case, 5 con-

cepts provided the highest impact on output predictions, as it is close to the number

of classes (4) in the AG-News dataset. Increasing the number of concepts to 10

would yield a better recovering accuracy. As the number of concepts increases to
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50 and 100, we observe that the model fails to learn completely. In practice, we

have often observed the best number to be positively correlated with the number

of dataset classes. In other words, a dataset with more classes will require a higher

number of concepts for faithful reconstruction. In terms of topic coherence, we

could observe from Fig. 3.16 that the topic coherence scores usually oscillate, but

mostly display a generally upward trend of becoming more coherent as the number

of concepts increases.

3.6 Conclusions

We propose HI-concept to derive impactful concepts to explain the black-box lan-

guage model’s decisions. Our framework not only derives high-impact concepts

that mitigate the confounding issue with the proposed causal objective, but also

advances previous evaluations via both quantitative global accuracy change and

qualitative insertion study. Extensive experiments, visualizations, figures, and hu-

man studies prove that our HI-concept can produce semantically coherent and

user-friendly concept explanations.

HI-concept demonstrates the potential to play an important role in practical sce-

narios such as debugging and transparency. As AI ethics have become a major

concern in real-life applications, such explanations can help users better identify

bias and promote fairness. As a future venue to our work, we believe that our

framework will set a good foundation for future research on causal NLP explain-

ability methods, especially those that hope to derive human-friendly explanations.

As for potential concerns, HI-concept only encourages high impact in post-hoc

model explanations and should serve as an assistive tool instead of being accepted

as ground-truth. Thus, to improve it further, a similar causal objective could be

used to address spurious correlations during training. It also has the potential of

being carried over to other domains, such as vision or tabular tasks. The high-

level attributes in the hidden space can also be used in downstream applications

to provide better controllability for the users.



Chapter 4

Verify-and-Edit: A

Knowledge-Enhanced

Chain-of-Thought Framework

As large language models (LLMs) have become the norm in NLP, demonstrat-

ing good performance in generation and reasoning tasks, one of its most fatal

disadvantages is the lack of factual correctness. Generating unfactual texts not

only leads to lower performances but also degrades the trust and validity of their

applications. Chain-of-Thought (CoT) prompting improves trust and model per-

formance on complex reasoning tasks by generating interpretable reasoning chains,

but still suffers from factuality concerns in knowledge-intensive tasks. In this pa-

per, we propose the Verify-and-Edit framework for CoT prompting, which seeks

to increase prediction factuality by post-editing reasoning chains according to ex-

ternal knowledge. Building on top of GPT-3, our framework leads to accuracy

improvements in multiple open-domain question-answering tasks. For reproducing

our results and extending the framework further, we make our codebase available

at https://github.com/RuochenZhao/Verify-and-Edit.

4.1 Chapter Background

Large Language Models (LLMs) have become the new norm in many downstream

NLP tasks. In utilizing these LLMs, Chain-of-Thought (CoT) prompting [1] is
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found to improve performances for tasks that require complex reasoning, such as

math word problems, commonsense reasoning, and symbolic manipulation. At the

same time, it is able to generate interpretable reasoning chains. Recent work further

explored how to use these reasoning chains to select better predictions. However,

the primary focus of these methods has been to improve end-task performance by

utilizing generated CoTs as-is. For example, Ye and Durrett [48] trains a calibrator

that tunes prediction probabilities based on rationale scores; Wang et al. [2] samples

multiple reasoning paths to find the most common (consistent) prediction. Only a

few, such as Creswell et al. [64] and Zhou et al. [63], have explored ways to improve

the quality of CoTs themselves.

In fact, improving the CoT quality could be beneficial in enhancing both inter-

pretability and end-task performance. Ye and Durrett [48] point out that expla-

nations judged as good by humans often indicate more accurate predictions. Intu-

itively, a better set of CoT prompts could provide better grounding and logically

consistent thought processes, thus leading to more accurate predictions.

To improve generation quality, one important aspect is factual correctness, which

is currently one of the most fatal drawbacks of LLMs [102, 103]. In answering

user queries, LLMs such as GPT-3 [71] tend to make up facts and details, which

is now flagged as a primary warning in their API usage. As a major use case of

LLMs is the prospect of replacing traditional search engines and usage for more

direct information access through question-answering, factuality concerns could

largely undermine their validity and degrade users’ level of trust [104]. Fixing

this issue is challenging and the concerns still persist even after the models are

instruction-tuned with human feedback [74]. This is because the source of truth

can be unavailable during the finetuning process [102].

Thus, it is of urgent concern to better control the generation and increase the

factual correctness of predictions. As LLMs could fail to recall accurate details

when functioning as a knowledge base [48, 64], if possible, knowledge from external

sources could be introduced as assistance. Assisted thought process is also common

in human reasoning: when humans answer questions, they often search (or revisit)

external knowledge sources for supporting facts in order to refresh their (internal)

memory.
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StandardQuestion

Chain-of-thought

Self-Consistency:

less than majority agree

Verify

External Knowledge Retrieval

Edit Rationales New Prediction

Of all the teams
John Nyskohus
played for, which
team was known
as "the Black and
Whites?"

Newcastle United.

First,  John Nyskohus played for the Norwegian
football team Odd Grenland.  Second,  Odd
Grenland is known as "the Black and
Whites." The answer is Odd Grenland.

What team did John Nyskohus play for?

What team is known as "the Black and Whites?"


John Nyskohus ... is an Australian former soccer player who played club football for
USC Lion ... and Adelaide City in the National Soccer League ...

Adelaide City Football Club is an Australian football (soccer) club based in Adelaide,
South Australia. They are also known as "The Zebras" and "the Black and Whites.


First,  John Nyskohus played for Adelaide City in
the National Soccer League.  Second,  Adelaide
City Football Club is known as "the Black and
Whites".


The answer is
Adelaide City Football
Club.

Figure 4.1: The Verify-and-Edit framework consists of five steps: (1) pass
predictions with lower-than-average consistency to the next stages while leaving
highly consistent predictions as-is; (2) produce verifying questions; (3) retrieve
external knowledge; (4) edit rationales with informed answers; and (5) produce
new predictions.

Inspired by this, in this work we propose a Verify-and-Edit (VE) framework to

post-edit the reasoning chains for more factually aligned predictions. As shown in

Fig. 4.1, we first select uncertain instances to edit, which have a less-than-majority-

agree consistency. These instances, as implied by Wang et al. [2], often consist of

plausible-sounding statements, such as the sentence “John Nyskohus played for

the Norweigian football team Odd Greenland” in Fig. 4.1. When editing, we first

generate a question to verify this detail, such as “What team did John Nyskohus

play for?” Then, to answer this query, we introduce external knowledge through
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open-domain retrieval systems. For example, the fact “John Nyskohus ... played

for Adelaide City..” is retrieved in this instance. Then, the rationales are edited by

providing the retrieved facts in the prompts as memory refreshments. Thus, the

edited rationales could be updated corresponding to the retrieved facts (Fig. 4.1).

Given the edited rationales, the new prediction is generated, which considers more

factually aligned reasoning traces.

To our knowledge, our work is the first to post-edit CoT-style reasoning chains

to enhance prediction performance. We perform experiments on two open-domain

Question Answering (QA) tasks that require reasoning: Adversarial HotpotQA

[105] and 2WikiMultihop [106]. We also test its performance on the Fact Verifi-

cation task using Fever [55]. We find that the model is able to benefit from more

factual reasoning chains, thus generating more accurate predictions. For example,

for open-domain QA, our model demonstrates 3.8x accuracy improvement com-

pared to similar retrieval-augmented models on AdvHotpot. On 2WikiMultihop,

Verify-and-Edit reaches 33.6% accuracy with open-domain search, while CoT Self-

Consistency stands at 27.7%. As a post-training method, the framework comple-

ments traditional fine-tuning methodologies in further addressing knowledge gaps.

Given the appropriate knowledge source, the framework also has the potential of

replacing fine-tuning methods with a zero-shot manner.

4.2 Verify-and-Edit Framework

Our goal is to make LLMs generate more factual reasoning chains with CoT

prompting assisted with external knowledge, thereby also improving prediction

accuracy of the final answer. We hypothesize that this can enhance LLMs’ capa-

bility to solve complex knowledge-intensive tasks that require multiple reasoning

steps to arrive at an answer.

Generally, we hope to follow the human reasoning process: when a person answers

a question, if he/she is unsure, he/she would search for a supporting fact and

consider it before giving the final answer. Thus, we could separate the Verify-and-

Edit (VE) framework into 3 different stages: finding uncertain predictions, editing

their rationales by searching for supporting facts, and using the edited rationales

to generate final answers (Fig. 4.1). In designing the stages, we hope to maximally
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Algorithm 1 Verify-and-Edit

Require: The original question q; An n-shot CoT prompt pcot
Require: An LLM f( · );
LM number of completions n;
LM decoding temperature τ

Require: An external knowledge retrieval model g( · )
Require: n-shot prompts for verifying question generation (pvq);
n-shot prompts for answer generation (pva)
R,A← f(pcot, q, n, τ) ▷ Generate a set of reasonings (R) and answers (A).
s∗sc ← maxP (a|pcot, q), a ∈ A ▷ The highest self-consistency score among all
answers.
r∗, a∗ ← argmaxP (a|pcot, q), a ∈ A ▷ Reasoning and answer with highest
self-consistency.
if s∗sc < ⌈n2 ⌉ then ▷ Edit reasoning with a less-than-majority-agree consistency.

for oi ∈ r∗ do ▷ Edit each sentence in the reasoning.
u← f(pvq, q, oi) ▷ Generate verifying question.
v ← g(u) ▷ Retrieve external knowledge.
w ← f(pva, u, v) ▷ Generate verifying answer.
oi ← w ▷ Edit original reasoning sentence with verifying answer.

end for
a∗ ← f(pcot, q, r

∗) ▷ Generate final answer with edited reasoning.
return a∗

else if s∗sc ≥ ⌈n2 ⌉ then ▷ Answer with high consistency is left as-is.
return a∗

end if

preserve the LLMs’ biggest advantage: their open-generation and reasoning ability.

And we aim to design tasks and setups as natural and conversational as possible,

thus making it easy to understand for humans and LLMs which are trained with

natural texts.

4.2.1 Deciding when to edit

How can we identify when a model is unsure of its prediction? The self-consistency

method [2] provides a solution. In sampling diverse reasoning paths and answers,

self-consistency is found to be highly correlated with accuracy, suggesting that it

could provide an uncertainty estimate and confer abilities for the model to “know

when it doesn’t know”. Thus, we begin the VE framework by using the consistency

method to sample n diverse reasoning paths for a prediction task. The highly
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consistent predictions are left as-is. When consistency is lower than ⌈n/2⌉, i.e.,
the majority cannot agree on the same answer, we label it as “uncertain”.

4.2.2 How to edit a specific rationale

The rationale, i.e., the thought process (CoT), could be viewed in two parts: facts

and reasoning which combines facts to derive a new claim. Thus, we consider

improving the CoT from both aspects.

Facts.

To make the thought process more factually correct, we search for supporting facts

in external knowledge sources (e.g., Wikipedia).

First, to mimic a human’s query when searching for validating facts, a natural

question is generated to verify the rationale. For this, we use the in-context learning

capability of the same LLM. The original question and the rationale are both

provided in the prompt for verifying question generation to ensure that it asks for

the most relevant information required to answer the original question, instead of

other entities in the rationale. For example, if the rationale (wrong) is “the US

president born on 4 August 1961 is John Kennedy.” and the original question is

”who is the spouse of the US president born on 4 August 1961”, we expect the

generated verifying question to be: “Who is the US president born on 4 August

1961?” instead of “When is John Kennedy’s birthday?” By generating a relevant

question instead of directly querying with the generated rationale, we eliminate

potential noise brought by incorrect fact generation. In the example above, if

one retrieves using the wrong claim “the US president born on 4 August 1961 is

John Kennedy”, the incorrect entity “John Kennedy” may obfusticate the search

process.

In this paper, we use relevant contexts retrieved from 3 systems: (i) DrQA [107], an

open-domain question-answering system; (ii) Wikipedia search of relevant pages.

As the retrieved contexts from a retrieval system could be longer than desired, we

use a pre-trained LM to rank and select the top-k sentences most similar to the

verifying question query.

Reasoning
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While methods such as Selection-Inference [64] directly use retrieved facts as ra-

tionales, they are usually too verbose, longer than desired, or contain irrelevant

details. Ye and Durrett [48] have made similar observations: directly using sup-

porting sentences is usually too verbose and not sufficient.

To obtain more relevant and logical rationales, we again utilize a natural and gen-

erative approach, as reasoning abilities are believed to be already built into LLMs

[1]. In particular, by feeding in prompts in the format of “question, rationale, an-

swer”, the LLM learns to reason for a few steps before answer generation. Upon

investigating the original rationales, we observe that, even when they contain in-

correct facts, the logical reasoning component seems to be generally intact. Thus,

we use the verifying questions (as logic) and retrieved facts (as information) to

generate informed answers. The informed answers are then composed into a new

rationale, providing potentially a more factual CoT.

4.2.3 Answering again

Finally, with the post-edited CoT, new answers are generated by prompting the

LLM. A pseudocode of the overall procedure is given in Alg. 1, and illustrated

with an example in Fig. 4.1 . We can see that, by allowing the LLM to incorporate

external knowledge, our method could result in more factually-grounded rationales.

When prompted into the LLM as a CoT, it could bring in the information necessary

to make a new prediction, which was originally not remembered correctly by the

model.

Compared to specifically designed prompts such as ReAct [61], the Verify-and-Edit

framework is simple and arguably more natural. Its conversational nature could

allow humans to better understand the model’s thought processes and have the

potential for users to naturally interfere and revise at any stage of inference. In

the experiments presented next, we also observe that such a setup is effective in

mitigating factuality concerns and boosting end-task performances.



62 4.3. Experiment Setup

4.3 Experiment Setup

4.3.1 Reasoning tasks

As the Verify-and-Edit framework offers more knowledge-grounded reasoning steps,

it should benefit tasks that fulfill the following two properties: (i) reliant on multi-

hop reasoning to arrive at a later prediction, thus depending on rationale gener-

ation, and (ii) open-domain, thus needing to interact with an external knowledge

source.

Therefore, we validate the approach on three datasets: (i) Adversarial Hot-

potQA [105], a multi-hop question answering dataset. We use the challenging

subset proposed by Ye and Durrett [48], where the correct and incorrect predic-

tions are balanced using their model. (ii) 2WikiMultihop [106] a multi-hop

question-answering dataset exploiting the structured format in Wikidata and use

logical rules.1 (iii) Fever [55], a fact verification dataset that labels claims as “SUP-

PORTS”, “REFUTES”, or “NOT ENOUGH INFO” based on evidence paragraphs

from Wikipedia. Similar to the HotpotQA setup, we sample a challenging set by

balancing the samples where GPT3 CoT makes correct and incorrect predictions.

Specifically, we describe the processing procedures below:

Adversarial HotpotQA. The Adversarial HotpotQA subset is formed in Ye and

Durrett [48]. Compared to the original HotpotQA dataset, it underwent several

modifications to enhance its efficacy in evaluating in-context learning capabilities.

The alterations included truncating the context length and streamlining the set

of adversarial contexts. This refined set comprises two authentic supporting para-

graphs and two adversarial ones, a departure from the original eight distractors.

Each paragraph was further distilled to retain only the most pertinent sentences for

question-answering or misdirection purposes. A carefully curated test set of 250

examples was constructed, balancing instances where a specific language model

yielded both accurate and inaccurate predictions. This equilibrium was achieved

through an initial few-shot inference process on a larger sample set, followed by a

strategic selection of equal numbers of correctly and incorrectly predicted exam-

ples. The subsampled dataset is available publicly at the github for Ye and Durrett

1We randomly sample 1,000 samples out of 12,576 dev samples for cost considerations.
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[48]. The HotpotQA dataset is distributed under the CC BY-SA 4.0 license, which

allows for modification and research use.

2WikiMultihopQA. For cost concerns, we randomly subsample 1,000 out of the

dev set of 12,576 samples, which provides a reasonable estimate. We release the

sampled indices in our codebase for reproduction purposes. The 2wikimultihop

dataset is licensed under the Apache License 2.0, which allows for modification

and research use.

Fever. To mimic the Adversarial HotpotQA setup, we run the CoT baseline for

3,000 samples and randomly sample 1,000 by balancing the number of right and

wrong predictions. We release the sampled indices in our codebase for reproduction

purposes. Fever’s data annotations incorporate material from Wikipedia, which is

licensed pursuant to the Wikipedia Copyright Policy.

4.3.2 Compared methods

To provide the most state-of-the-art performance estimates, we utilize the GPT-

3 instruct series API text-davinci-003 [74], the strongest and most up-to-date

model at the time of experiments, as a backbone. For the experiments, we use

the API for text-davinci-003. The costs for inferencing the LLM is $0.02/1K
tokens. We spent in total 273$.

Adversarial HotpotQA and 2WikiMultihop experiments used 6-shot and Fever used

3-shot in-context learning, as Fever questions are shorter and easier to learn. We

use the manual annotations provided for HotpotQA by Ye and Durrett [48] and

manually annotate few-shot examples for 2WikiMultihop and Fever in a similar

format. Full prompts for baseline and our methods are provided in §4.6.

Baselines

To provide a more comprehensive overview of where our framework stands, we use

the following baselines:

• Standard Prediction (Standard): Directly predicting the label based on

input, given the same number of in-context learning examples.
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• Original CoT [1]: Using the same backbone model with a standard CoT

prompt. The model predicts the label after generating the explanation in a

zero-shot manner.

• CoT with Self-Consistency (CoT-SC) [2]: Sampling 5 CoT trajectories

with a decoding temperature of 0.7, which is recommended by the paper.

• Calibrator (Calib.) [48]: A calibrator that tunes the probabilities of a

prediction based on the score of its prediction.

• ReAct [61]: A reason-and-act framework that utilizes an external Wikipedia

API. The framework utilizes a prompt (no training involved) that enables

the LLM to decide whether to reason or act (call retriever tools). It is an

early adaption of LLM agents where the LLM can dynamically decide the

action based on its own internal knowledge. For this baseline, we use the

reported results in the original paper, which uses the PaLM model [108],

whose performance is similar to GPT-3.2 To add a more justified perspective,

we report its performance improvement gained on top of the CoT-SC baseline.
3

Verify-and-Edit (VE) In implementing the VE framework, the same consistency

baseline is employed to estimate when the model is uncertain. As stated in §4.2.1,
we edit all instances with a self-consistency score below ⌈n/2⌉, where n is the

number of sampled paths. Then, the verifying questions are produced using a 2-

shot4 setup with in-context learning. The verifying answers are produced using the

same number of examples in original answer generation and greedy decoding.

To study the effect of knowledge retrieval systems on the results, we use four

systems:

• Wikipedia-API (wiki): Searching for the query entities and selecting top

sentences from their Wikipedia pages.

2We could not use PaLM as it is not open-sourced.
3it is worth noting that ReAct conducted experiments on the entire dataset, where we used a

sampled version (see §4.3.1).
4As we observe that question generation quality does not vary too much as in-context examples

increase, we select the shortest prompt that is able to generate reasonable questions to reduce
cost.
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• DrQA [107]: A pre-trained open-domain QA model that combines bigram

hashing, TF-IDF matching, and a multi-layer recurrent neural network model.

We only utilize the contexts retrieved from it.5

• Dataset: Selecting from the set of paragraphs provided in Adversarial Hot-

potQA and 2WikiMultihopQA, which includes ground-truth supporting con-

texts and distractor paragraphs. This is similar to an oracle setup, which

provides an upper bound of the performance boost, assuming we have a good

retrieval system.

For 1, 2, and 4, after retrieving, we select the top 3 sentences most similar to the

query ranked by the pre-trained Sentence BERT model [110] as context.

4.4 Results and Analysis

4.4.1 Using Self-Consistency: know when it doesn’t know

For the first step in the Verify-and-Edit framework, consistency is used to mea-

sure the model’s confidence in a prediction. Aligned with the findings from Wang

et al. [2], we hypothesize that when the consistency is low, the model is more un-

certain and thus more likely to generate inaccurate predictions. To test whether

this hypothesis holds, we plot the kernal density estimation plots for consistency

distribution on the Adversarial HotpotQA dataset. As shown in Fig. 4.2, the in-

correct samples show a left-skewed consistency distribution, where most incorrect

predictions have low consistencies. On the other hand, the distribution of cor-

rect predictions shows a right-skewed tendency, where there are very few incorrect

samples with higher consistencies. This effectively validates our hypothesis.

In the main experiments, we use ⌈n/2⌉ as a majority threshold and edit all samples

below it, which is at 3. To show the effects of different thresholds on the framework’s

performance, we also provide an ablation study later.

5We selected DrQA by first conducting small-scale experiments with different open-domain QA
models, including DPR [109]. DrQA is found to yield better performance. Thus, we consistently
use it.
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Figure 4.2: Kernal density estimation plots for consistency on the Adversarial
HotpotQA dataset. With kernal estimation, the curve extends its true distri-
bution’s range, which is from 0 to 5 (as we sampled 5 paths).

4.4.2 Results on HotpotQA

Reported in Table 4.1, we observe that CoT improves on top of the Standard

few-shot setting. CoT-SC, on the other hand, does not demonstrate a good im-

provement on the baseline. Using the calibrator from Ye and Durrett [48], AUC is

improved as it learns to calibrate the answer weights based on ground-truth con-

texts provided in the dataset. Thus, it should be compared with the last setup of

VE, where we use dataset knowledge. In comparison, the calibrator results in a

lower AUC and cannot improve the accuracy as it does not generate alternative

answers in open-domain settings.

Using the Verify-and-Edit framework, the retrieval systems Wikipedia and DrQA

could generate an improvement of 4.5% and 4.8% respectively on top of the baseline,

which is 2x the highest EM improvement for ReAct (1.7%). This shows a promising
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Method knowledge EM ∆EM AUC
CoT-SC → ReAct Wiki. 34.2% +0.8% -
ReAct → CoT-SC Wiki. 35.1% +1.7% -
Standard - 23.1% - 43.24
CoT - 31.8% - 38.30
CoT-SC - 31.2% - 34.97
CoT-SC + Calib. Dataset - - 49.00
CoT-SC + VE Wiki. 35.7% +4.5% 45.62
CoT-SC + VE DRQA 36.0% +4.8% 46.06
CoT-SC + VE Dataset 56.8% +25.6% 60.94

Table 4.1: Results on the Adversarial HotpotQA dataset. The best result for
each model is underlined and the best result overall is bolded. ∆EM represents
the improvement on Exact Match from the CoT-SC baseline. The top two rows
uses the PaLM model and the rest uses the GPT-3 davinci-003 model.

method for combining search engines and LLMs, which is a popular direction now.

Search engines return factual results, but are less powerful in queries that require

reasoning. On the other hand, LLMs are powerful in reasoning and abstraction

but tend to generate plausible-sounding but incorrect statements [102, 103]. To

combine the best of both worlds, we could utilize the long memory of LLMs, as

many users have reported that GPT is able to remember inputs mentioned earlier

in the dialogue. By providing factual results from the search engines as a memory

refreshment, GPT is able to generate better and more factual predictions.

Then, when we use the adversarially augmented paragraphs provided in the dataset,

the model is able to demonstrate very high EM (56.8%) and AUC (60.94) at the

same time. This setup shows that, if we have a highly compressed set of contexts

and a nearly-ideal retrieval system, the Verify-and-Edit framework could poten-

tially result in very strong performances.

4.4.3 Results on 2WikiMultiHop

As shown in Table 4.2, our method demonstrates even stronger performances

on 2WikiMultiHop compared to HotpotQA. The Verify-and-Edit framework with

open-domain retrieval is able to generate a high accuracy improvement, ranging

from 3.4% to 5.9%. Selecting from paragraphs provided in the dataset, which

includes supporting evidences and irrelevant paragraphs, the accuracy improve-

ment is further increased to 9.5%. The calibrator, on the other hand, uses the
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Method knowledge EM ∆EM AUC
Standard - 16.9% - 35.89
CoT - 28.4% - 16.64
CoT-SC - 27.7% - 17.16
CoT-SC + Calib. Dataset - - 24.13
CoT-SC + VE Wiki. 33.1% +5.4% 28.32
CoT-SC + VE DRQA 31.1% +3.4% 27.75
CoT-SC + VE Dataset 37.2% +9.5% 32.28

Table 4.2: Results on 2WikiMultiHopQA dataset. ∆EM represents the
improvement on Exact Match from the CoT-SC baseline. All experiment uses
the GPT-3 davinci-003 model.

Method knowledge Accuracy ∆ Accuracy
CoT-SC → ReAct Wiki. - +4.2%
ReAct → CoT-SC Wiki. - +1.6%
Standard - 46.8% -
CoT - 50.0% -
CoT-SC - 52.0% -
CoT-SC + Calib. - 33.7%
CoT-SC + VE Wiki. 53.6% +1.6%
CoT-SC + VE DRQA 53.3% +1.3%

Table 4.3: Results on Fever dataset. ∆Accuracy represents the improvement
on Accuracy from the CoT-SC baseline. The top two rows use the PaLM model
and the rest of the rows use the GPT-3 davinci-003 model.

dataset-provided paragraphs but still lags behind all variations of our Verify-and-

Edit framework.

4.4.4 Results on fact verification

Results on the Fever dataset are shown in Table 4.3. As the reasoning required by

the Fever dataset is less multi-hop compared to HotpotQA and 2WikiMultiHop, we

anticipate that it should demonstrate lower improvements compared to the other

two.

In the Fever dataset, the calibrator method completely fails, decreasing to 33.7%:

it calibrates the prediction scores based on factuality estimates, which are produced

by examining the overlap between the reasoning path and the provided context.

However, in such Fact Verification datasets, there are no provided contexts. Thus,

we calibrate using the original claim, which results in bad performances. It shows
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here that one limitation of the calibrator method is that it only applies to cases

with provided relevant contexts.

Even though this task does not require much reasoning, employing the Verify-and-

Edit framework, we are able to observe consistent improvements over the baseline

method. Similar to before, the Wikipedia retrieval is able to result in a larger

improvement over DrQA.

Compared to our method, ReAct is able to demonstrate a larger improvement on

Fever. First of all, it has been mentioned before that Fever is less suited for the

Verify-and-Edit framework as it requires less reasoning to solve the task. Secondly,

ReAct prompts are much longer than our prompts, requiring more computational

costs.

4.4.5 Cost considerations

As cost reduction is a main concern when interacting with LLMs, our method

takes it into consideration and attempts to reduce computational costs from two

aspects: Firstly, Verify-and-Edit only makes edits for selected instances, whereas

others edit every time. Specifically, we only revise when the model is uncertain

(judged by consistency), which occurs 40% of the time. As a comparison, other

methods, such as ReAct, retrieve relevant information and edit for every single

instance, resulting in higher costs. Secondly, Verify-and-Edit designs tasks that

are natural and conversational, requiring only a few demonstrations and short

prompts to learn. For example, other methods usually learn non-natural calls,

such as [thought] and [action] tags in ReAct and API calls in Toolformer [111].

Therefore, the LLM requires longer prompts, more demonstrations, or even fine-

tuning to learn the format. On the other hand, we design Verify-and-Edit tasks

to be as natural as possible, requiring minimal effort to learn. Our tasks only

consist of asking and answering questions, with no synthetic tags or tasks to be

learned. As a comparison, with the GPT-3 API, for editing one Fever instance,

Verify-and-Edit costs $0.014, whereas ReAct costs $0.017.
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# Examples Cohen κ CoT-SC Ours Tie
50 0.25 17% 53% 30%

Table 4.4: Human study for factuality of CoTs on the HotpotQA dataset.
“Ours” refers to the Verify-and-Edit model with Google retrieval.

4.4.6 Evaluating the reasoning chains with human study

To closely examine the faithfulness of the generated reasoning chains, we also

conduct a small-scale human study experiment. During the experiment, two human

volunteers are shown 50 randomly selected questions with generated reasoning

chains from CoT-SC and Verify-and-Edit on the HotpotQA dataset. They are

then asked to select the more factually consistent one. Volunteers are encouraged

to use search engines as assistance.

To conduct the human study, we show the instructions in Fig. 4.3 to two human

volunteers. The volunteers are NLP Ph.D. students who are proficient in English.

The volunteers understand the use for the data collection and are in consensus.

The reasoning chains 1 and 2 are CoTs generated by the CoT-SC baseline and

the Verify-and-Edit shown in random order. On average, each volunteer took 1.25

hours to finish 50 samples.

Shown in Table 4.4, humans select the reasoning chains produced by Verify-and-

Edit as more factually consistent 53% of the time, compared to 17% for the CoT-

SC baseline. The Cohen κ is at 0.25, showing fair agreement between the two

annotators [112]. The annotators used Google search as an assistive tool 100% of

the time, which shows the necessity of introducing external knowledge.

Moreover, human annotations in this case require a lot of efforts. Annotators

report 1.5 minutes on average to validate one data point. Thus, automating the

Verify-and-Edit process is of benefits as an assistive tool to reduce human labor.

4.4.7 Ablation study: editing at different consistency thresh-

olds

In the Verify-and-Edit framework, the only hyperparameter to select is the con-

sistency threshold. Similar thresholds also exist in ReAct [61], where the CoT →
ReAct method is to employ ReAct-style prompting when “the majority answer
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Figure 4.3: Example Screenshot of Human Evaluation User Interface.

among n CoT-SC samples occurs less than n/2 times”. Using majority counts,

however, is less fine-grained compared to using the original consistency formulated

with log probablities. Thus, we employ the original score proposed by Wang et al.

[2], which is the unnormalized answer probabilities marginalized over the rationales’

log probabilities. To mimic a majority-vote threshold, we select ⌈n/2⌉, where n is

the number of sampled paths.

To study the effect of adjusting the consistency threshold in our framework, we

show the ablation results of Adversarial HotpotQA in Fig. 4.4. As the threshold
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Figure 4.4: Ablation study on the effect of various consistency thresholds on
task performances on Adversarial HotpotQA

increases, accuracy first increases, reaching a peak close to ⌈n/2⌉, which is 3, before

decreasing. The AUC scores demonstrate a similar trend.

As shown in Fig. 4.2, when consistency is larger than majority (⌈n/2⌉), there are

usually more correct predictions rather than incorrect predictions, and vice versa.

Thus, as we increase the consistency threshold from 0 to ⌈n/2⌉, more uncertain and

possibly incorrect samples are getting edited by introducing external knowledge. As

we go beyond the ideal threshold ⌈n/2⌉, we are mostly re-editing correct samples,

and the introduced noise may disrupt the original reasoning chains.

Thus, we recommend a consistency threshold at ⌈n/2⌉ as an ideal level.

4.5 Conclusions

In this paper, we introduce a Verify-and-Edit framework for open-domain question-

answering. It is a first attempt to post-edit CoT-style reasoning chains for bet-

ter end-task performance. By combining knowledge retrieval with reasoning, the

framework edits CoTs in a natural and conversational way, which enhances predic-

tion factuality.
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4.6 Prompts Used

4.6.1 HotpotQA

4.6.1.1 Few-shot prompt

Q: This British racing driver came in third at the 2014 Bahrain GP2 Series round

and was born in what year

A: 1991

Q: What band did Antony King work with that formed in 1985 in Manchester?

A: Simply Red

Q: How many inhabitants were in the city close to where Alberta Ferretti’s studios

was located?

A: 146,606

Q: TLC: Tables, Ladders & Chairs was a wrestling event featuring which American

wrestler and rapper in the main event?

A: John Felix Anthony Cena

Q: The person who received the Order of the Elephant on 31 January 1998 was

born on what date?

A: 27 April 1967

Q: III - Odyssey of the Mind is the sixth album by a German band formed in what

city?

A: Düsseldorf

Q: [Question]

A:
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4.6.1.2 CoT, CoT-SC prompt

Q: This British racing driver came in third at the 2014 Bahrain GP2 Series round

and was born in what year

A: First, at the 2014 Bahrain GP2 Series round, DAMS driver Jolyon Palmer came

in third. Second, Jolyon Palmer (born 20 January 1991) is a British racing driver.

The answer is 1991.

Q: What band did Antony King work with that formed in 1985 in Manchester?

A: First, Antony King worked as house engineer for Simply Red. Second, Simply

Red formed in 1985 in Manchester. The answer is Simply Red.

Q: How many inhabitants were in the city close to where Alberta Ferretti’s studios

was located?

A: First, Alberta Ferretti’s studio is near Rimini. Second, Rimini is a city of

146,606 inhabitants. The answer is 146,606.

Q: TLC: Tables, Ladders & Chairs was a wrestling event featuring which American

wrestler and rapper in the main event?

A: First, TLC: Tables, Ladders & Chairs was a wrestling event featuring John

Cena in the main event. Second, John Cena is an American wrestler and rapper.

The answer is John Felix Anthony Cena.

Q: The person who received the Order of the Elephant on 31 January 1998 was

born on what date?

A: First, on 31 January 1998, King Willem-Alexander received the Order of the

Elephant. Second, Willem-Alexander was born on 27 April 1967. The answer is

27 April 1967.

Q: III - Odyssey of the Mind is the sixth album by a German band formed in what

city?

A: First, III - Odyssey of the Mind is the sixth album by the German band Die

Krupps. Second, Die Krupps is formed in Düsseldorf. The answer is Düsseldorf.

Q: [Question]

A:
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4.6.1.3 Verifying Question Generation prompt

Write a question that asks about the answer to the overall question.

Overall Question: The Sentinelese language is the language of people of one of

which Islands in the Bay of Bengal?

Answer: The language of the people of North Sentinel Island is Sentinelese.

Question: What peopleś language is Sentinelese?

Overall Question: Two positions were filled in The Voice of Ireland b which

British-Irish girl group based in London, England?

Answer: Little Mix is based in London, England. Question: What girl group is

based in London, England?

Overall Question: [original question]

Answer: [rationale sentence to edit]

Question:

4.6.1.4 Verifying Answer Generation (Rationale Editing) prompt

Barnes House (born 20 January 1969) is a British racing driver, currently driving

for Renault Sport F1 Team in the Formula One World Championship.

Jolyon Palmer (born 20 January 1991) is a British racing driver, currently driving

for Renault Sport F1 Team in the Formula One World Championship.

Ming Xi (born 20 January 2015) is a British racing driver, currently driving for

Renault Sport F1 Team in the Formula One World Championship.

The 2014 Bahrain GP2 Series round was a pair of motor races held on 6 and 7 April

2014 at the Bahrain International Circuit in Sakhir, Bahrain as part of the GP2

Series. Julián Leal finished second for the Carlin team and DAMS driver Jolyon

Palmer came in third.

Q: This British racing driver came in third at the 2014 Bahrain GP2 Series round

and was born in what year

A: This British racing driver came in third at the 2014 Bahrain GP2 Series round

and was born in 1991..
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Antony King (born 1974) is a British live audio engineer for Depeche Mode and

Nine Inch Nails. He has also worked as front of house engineer for The Cure, Noel

Gallagher’s High Flying Birds, Band of Horses, Zayn, Beck, Marilyn Manson, The

Faces, and Simply Red.

Anthony Collett are a British soul and pop band which formed in 1985 in Manch-

ester.

Olé Olé (born 1974) is a British live audio engineer for Depeche Mode and Nine

Inch Nails. He has also worked as front of house engineer for The Cure, Noel

Gallagher’s High Flying Birds, Band of Horses, Zayn, Beck, Marilyn Manson, The

Faces, and Christopher Trumbo.

Simply Red are a British soul and pop band which formed in 1985 in Manchester.

Q: What band did Antony King work with that formed in 1985 in Manchester?

A: Antony King work with the band Simply Red, which was formed in 1985 in

Manchester..

Alberta Ferretti (Cattolica, 1950) is an Italian fashion designer and dressmaker.

Her showroom is in Milan, Italy but her studio is in the village of Cattolica, near

Rimini, Italy.

Rimini (] ; Romagnol dialect: ”Rémin”; Latin: ”Ariminum”) is a city of 146,606

inhabitants in the Emilia-Romagna region of northern Italy and capital city of the

Province of Rimini.

Queequeg (] ; Romagnol dialect: ”Rémin”; Latin: ”Ariminum”) is a city of 546606

inhabitants in the Emilia-Romagna region of northern Italy and capital city of the

Province of Queequeg.

Chinatown (] ; Romagnol dialect: ”Rémin”; Latin: ”Ariminum”) is a city of 346606

inhabitants in the Emilia-Romagna region of northern Italy and capital city of the

Province of Chinatown .

Q: How many inhabitants were in the city close to where Alberta Ferretti’s studios

was located?

A: 146,606 inhabitants were in the city close to where Alberta Ferretti’s studios

was located..

[contexts]

Q: [verifying question]

A:
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4.6.2 2WikiMultihop

4.6.2.1 Few-shot prompt

Q: Which film was released earlier, Kistimaat or I’M Taraneh, 15?

A: I’M Taraneh, 15

Q: What is the date of death of the composer of film Baalaraajana Kathe?

A: 27 May 1980

Q: Who is the spouse of the director of film Alive (1993 Film)?

A: Kathleen Kennedy

Q: Who lived longer, Edward Frederick Sanderson or Forrest Towns?

A: Edward Frederick Sanderson

Q: Which country the director of film Battle Circus (Film) is from?

A: American

Q: Which country the director of film In The Fog is from?

A: Ukrainian

Q: [question]

A:

4.6.3 CoT, CoT-SC prompt

Question: Which film was released earlier, Kistimaat or I’M Taraneh, 15?

A: First, film Kistimaat was released on 6 October 2014. Second, I’M Taraneh, 15

was released on 13 November 2002. The answer is I’M Taraneh, 15.

Question: What is the date of death of the composer of film Baalaraajana Kathe?

A: First, the composer of film Baalaraajana Kathe is S. Hanumantha Rao. Second,

S. Hanumantha Rao died on 27 May 1980. The answer is 27 May 1980.
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Question: Who is the spouse of the director of film Alive (1993 Film)?

A: First, the director of film Alive is Frank Marshall. Second, Frank Marshall’s

spouse is Kathleen Kennedy. The answer is Kathleen Kennedy.

Question: Who lived longer, Edward Frederick Sanderson or Forrest Towns?

A: First, Edward Frederick Sanderson died at age 81. Second, Forrest Towns died

at age 77. The answer is Edward Frederick Sanderson.

Question: Which country the director of film Battle Circus (Film) is from?

A: First, the director of film Battle Circus (Film) is Richard Brooks. Second,

Richard Brooks was American. The answer is American.

Question: Which country the director of film In The Fog is from?

A: First, the director of film In The Fog is Sergei Loznitsa. Second, Sergei Loznitsa

is Ukrainian. The answer is Ukrainian.

Question: [question]

A:

4.6.3.1 Verifying Question Generation prompt

Write a question that validates the reason for an overall question.

Overall Question: What is the date of death of the composer of film Baalaraajana

Kathe?

Reason: First, the composer of film Baalaraajana Kathe is S. Hanumantha Rao.

Question: Who is the composer of film Baalaraajana Kathe?

Overall Question: Who lived longer, Edward Frederick Sanderson or Forrest

Towns?

Reason: First, Edward Frederick Sanderson died at age 81.

Question: How long did Edward Frederick Sanderson live for?

Overall Question: [original question]

Reason: [rationale sentence]

Question:
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4.6.3.2 Verifying Answer Generation (Rationale Editing) prompt

The film was released in 1984 by Essex Films. Kistimaat is a 2014 Bangladeshi

action film directed by Ashiqur Rahman and produced by Tiger Media Limited

and The Abhi Pictures. I’m Taraneh, 15 is a 2002 Iranian film directed by Rasul

Sadrameli. The film was released on May 4, 2001.

Question: When was the film Kistimaat released? Answer: The film Kistimaat

was released in 2014.

Dwaram Venkataswami Naidu and also a lyricist. The film has musical score by S.

Hanumantha Rao. Rao died 27 May 1980. Rao married Raja Mani with whom he

had three daughters and one son.

Question: Who is the composer of film Baalaraajana Kathe?

Answer: The composer of film Baalaraajana Kathe is S. Hanumantha Rao.

Adib Kheir was a leading Syrian nationalist of the 1920s. Filmed on location in the

Purcell Mountains in British Columbia, the film was directed by Frank Marshall,

written by John Patrick Shanley, and narrated by John Malkovich. Frank Wilton

Marshall( born September 13, 1946) is an American film producer and director,

often working in collaboration with his wife, Kathleen Kennedy. He received the

Irving G. Thalberg award from the Academy of Motion Picture Arts and Sciences

in 2018.

Question: Who is the director of film Alive (1993 Film)?

Answer: The director of film Alive is Frank Marshall.

[context]

Question: [verifying question]

Answer:

4.6.4 Fever

4.6.4.1 Few-shot prompt

Determine if there is Observation that SUPPORTS or REFUTES a Claim, or if

there is NOT ENOUGH INFO.
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Claim: Reg Watson is a current television producer.

A: REFUTES

Claim: The Gadsden flag was named by Christopher Gadsden.

A: NOT ENOUGH INFO

Claim: Black Mirror is about society.

A: SUPPORTS

Claim: [question]

A:

4.6.4.2 CoT, CoT-SC prompt

Determine if there is Observation that SUPPORTS or REFUTES a Claim, or if

there is NOT ENOUGH INFO.

Claim: Reg Watson is a current television producer.

A: First, Reginald James Watson AM was an Australian television producer and

screenwriter. Second, Reginald James Watson AM died on 8 October 2019. The

answer is REFUTES.

Claim: The Gadsden flag was named by Christopher Gadsden.

A: First, The Gadsden flag is named after politician Christopher Gadsden. Second,

there is no information on who named the Gadsden flag. The answer is NOT

ENOUGH INFO.

Claim: Black Mirror is about society.

A: First, Black Mirror is a British anthology television series. Second, The se-

ries uses technology to comment on contemporary social issues. The answer is

SUPPORTS.

Claim: [question]

A:
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4.6.4.3 Verifying Question Generation prompt

Write a question that validates the reason for a claim.

Claim: Reg Watson is a current television producer.

Reason: Reginald James Watson AM was an Australian television producer and

screenwriter.

Question: What is Reg Watson’s occupation?

Claim: The Gadsden flag was named by Christopher Gadsden.

Reason: there is no information on who named the Gadsden flag.

Question: Who named the Gadsden flag?

Claim: [question]

Reason: [rationale sentence]

Question:

4.6.4.4 Verifying Answer Generation (Rationale Editing) prompt

Reginald James Watson AM (27 August 1926 – 8 October 2019) was an Australian

television producer and screenwriter. He was executive producer on Crossroads

and created Australian media exports serials such as Prisoner, Neighbours, The

Young Doctors and Sons and Daughters.

Question: What is Reg Watson’s occupation?

Answer: Reg Watson was an Australian television producer and screenwriter

The flag is named after politician Christopher Gadsden (1724–1805), who designed

it in 1775 during the American Revolution.

Question: Who named the Gadsden flag?

Answer: The Gadsden flag is named after Christopher Gadsden, but there is no

information on who named it.

[context]

Question: [verifying question]

Answer:
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Limitations

There are a few limitations to the current framework. Firstly, Verify-and-Edit

works the best for open-domain question-answering tasks that require complex

reasoning. Less complex datasets or commonsense datasets that do not require

knowledge retrieval may not result in high improvements. Secondly, it is most

ideal to edit a group of mostly incorrect samples, which we try to select by using

consistency. Thus, our method is reliant on the consistency method’s performance

and its abilities to separate correct and incorrect predictions. Most often, it can

demonstrate a larger improvement with a more challenging set of examples.

To address these limitations, we plan to work on reducing the noise brought in the

rationale-editing stage and utilize more knowledge resources, such as knowledge

bases, as a follow-up.

Ethics Statement

The Verify-and-Edit framework can mitigate potential ethical concerns of LLM

generation surrounding hallucinations and unfactual details. Some persisting con-

cerns include: (1) When used together with modern search engines, it could retrieve

potentially toxic information that exists in search results. (2) As the framework

uses GPT3 as a backbone, it could suffer from existing ethical concerns of GPT3,

such as responding to toxic queries or exhibiting biased behavior.

For knowledge retrieval, we used Wikipedia corpus. Permission is granted to copy,

distribute and/or modify Wikipedia’s text under the terms of the Creative Com-

mons Attribution-ShareAlike 3.0 Unported License.



Chapter 5

Chain-of-Knowledge: a Follow-up

on Verify-and-Edit to Diverse

Knowledge Souces

To further improve the reliability of LLMs and incorporate various knowledge

sources, we conduct an extension work, Chain-of-Knowledge. This chapter is based

on a peer-reviewed conference paper in which I hold the position of co-first author.

Given that the paper’s contributions are being split between myself and the other

co-first author for our respective theses, the following discussion will primarily focus

on my specific contributions to the research.

5.1 Chapter Background

To improve the reliability of LLMs, we hope to further reduce hallucinations in

LLM systems by grounding them in more reliable contexts. Traditionally, special-

ized and verified knowledge is mainly stored in either Knowledge Graphs (KG) or

Knowledge Bases (KB). Knowledge Graphs are semantic networks that represent

entities and the relationships between them. Knowledge Bases are databases that

store specialized information as a set of sentences. However, off-the-shelf LLMs

typically do not have the capabilities to accurately reference an existing KG or KB

due to two reasons. Firstly, they are not well-versed in the specific query language

83
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that suits the specific structure of the KG or KB. Secondly, they lack the knowl-

edge of what entities/relationships are present in the KG or KB and thus cannot

efficiently utilize them. To tackle these two challanges, we propose an improved

framework that adapts VE and gives it the ability to query structured knowledge

(i.e., KG or KB).

Therefore, we introduce the Chain-of-Knowledge (CoK) framework, which en-

hances large language models (LLMs) by dynamically integrating information from

diverse structured knowledge sources, improving factual accuracy and reducing hal-

lucinations. Similar to Verify-and-Edit in Chapter 4, CoK also operates in three

main stages: generating preliminary rationales with CoT, revising these rationales

with relevant knowledge if self-consistency [2] falls below a threshold, and gener-

ating a final revised answer. In addition to the pipeline, we introduce two new

innovative steps to effectively incorporate structured knowledge. Firstly, we intro-

duce the knowledge-domain selection step after generating CoT rationales. In this

step, the LLM is asked to answer which knowledge domain the rationale is most

relevant to, including medical, factual, and physics. Multiple knowledge domains

could also be simulatenously selected, given the nature of the query. After selec-

tion, we perform retrieval in domain-specific knowledge bases. This ensures that

the most relevant knowledge is retrieved. Secondly, we improve the retrieval step

by introducing an Adaptive Query Generator(AQG), which is a finetuned LLM

that translates a natural sentence to a structured query. One AQG is implemented

for each distinct KB/KG. This step bridges the gap between LLMs’ inability to re-

trieve from structured KB/KG. When multiple knowledge sources and contexts are

retrieved, we combine the knowledge and feed them into the LLM for an informed

answer. As the knowledge sources are selected to be authoritative, we assume there

is no discrepancies or conflicting knowledge from heterogeneous knowledge sources.

In general, CoK operates in three stages: generating preliminary rationales and

identifying relevant knowledge domains, retrieving relevant knowledge to itera-

tively refine these rationales, and consolidating the final answer. Unlike previous

methods that focus on unstructured data, CoK utilizes structured sources like

Wikidata and implements an AQG for various query formats. Our experiments

in the physics domain show that CoK significantly boosts LLM performance on

knowledge-intensive tasks.
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5.2 Methodology

The CoK framework is implemented with the following three stages: generating

preliminary rationales, retrieving relevant knowledge, refining the rationales, and

predicting the final answer. A flowchart of how the framework is implemented is

shown in Fig. 5.1 with an example in Physics.

Generating Preliminary Rationales: Firstly, similar to Verify-and-Edit §4.2.1,
CoK generates preliminary rationales and answers with CoT prompting. We sam-

ple n reasoning paths. If the self-consistency [2] falls below n
2
, we will be coming

in and revising the rationales. In these cases, CoK asks the LLM to identify the

relevant knowledge domains (e.g., factual, physics, medical, etc.) by prompting it

to answer a pertinent domain.

Retrieve Relevant Knowledge and Refining the Rationales: Then, CoK

implements an adaptive query generator (AQG). Given the rationale to edit, the

AQG generates a query for retrieval. The format of the query differs depending on

the nature of the queried database:

• If the queried data is structured(i.e., KG or KB), the query will be in a

SQL/SPARQL format. For each KG/KB format, we use a different AQG,

which is a specifically fine-tuned LLM. For example, if the rationale to edit is

”Barack Obama was born in 1945” and we are retrieving from wikidata, the

AQG should generate a SPARQL query such as ”SELECT ?answer WHERE

wd:Barack Obama wdt:date of birth ?answer . ”.

• If the database consists of natural sentences, the query will also be in a

natural sentence format. In this case, AQG utilizes two distinct approaches

for generating unstructured queries based on the knowledge sources.

– For general factual knowledge sources, such as Wikipedia, ChatGPT is

utilized.

– For domain-specific knowledge sources, using ChatGPT may lead to

hallucination as it may not have comprehensive knowledge of the spe-

cific domains. Therefore, we instruction-tune LLaMA-2-7B using LoRA

with pairs of input texts and output queries. Furthermore, the domain

of the training data is on par with the respective knowledge source.
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Consequently, the AQG is equipped with the requisite knowledge for

generating queries with greater precision.

Then, the retrieved contexts and the original rationale are fed into the LLM to-

gether to produce a newly updated rationale sentence. For example, the LLM is

tasked with instructions such as: “Retrieved Contexts: {contexts}; Original Ra-

tionale: {rationale to revise}; Please come up with a more grounded rationale:”.

We repeat this step recursively to revise all rationale steps.

Final Answer Prediction: Similar to Verify-and-Edit in Chapter 4, after editing

all rationales, the LLM is prompted to produce a final answer.

5.3 Experiments

5.3.1 Setup

To test whether our framework can improve performances in specialized knowledge

domains, we conduct experiments in the physics domain, which is a knowledge-

intensive domain that requires more professional knowledge databases compared

to normal web searches. We use ChatGPT (gpt-3.5-turbo-0613) as the back-

bone model. For databases, we select the Physics segment in ScienceQA [113],

which is a benchmark consisting of science questions, answer annotations, and

their corresponding lectures and explanations. We also use the PhysicsClassroom at

physicsclassroom.com, which is an authoritative physics website. Both databases

are in the format of KB consisting of natural sentences. For the test dataset, we

use the Physics tests from MMLU [114] in physics domain, which is a benchmark

that tests both the real-world knowledge and the problem-solving ability of LLMs.

5.3.2 Databases and AQGs

For the physics domain, we mainly select two KB to retrieve: ScienceQA Physics

and PhysicsClassroom, which are both knowledge bases consisting of natural lan-

guage sentences. We describe details on their respective AQG training process and

usage below:
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5.3.2.1 ScienceQA Physics

ScienceQA [113] is a benchmark consisting of 21,208 science questions, answer

annotations, and their corresponding explanations. It is collected from elementary

and high school science curricula. Below, we describe the dataset we used to

instruction-tune the respective AQG, give an example in the instruction-tuning

dataset, and describe the specific steps we use for query execution.

Instruction-tuning Dataset To instruction-tune our AQG for physics knowl-

edge, we utilize the physics segment of the ScienceQA dataset [113]. Each entry

in this dataset consists of a question, options, context, answer, lecture, and ex-

planation. The lecture contains the necessary knowledge to answer the question.

We use the question and the options as input and the lecture as the output for

instruction-tuning of the LLaMA-2-7B model.

Data Example in Instruction-tuning Dataset Answer the question truth-

fully.

### Instruction:

Answer this question truthfully.

### Input:

The objects are identical except for their temperatures. Which object has less

thermal energy? Choose from: a 300-gram glass of water at a temperature of 75°F,
a 300-gram glass of water at a temperature of 80°F.
### Output:

The two glasses of water have the same mass but different temperatures. Since

the 75°F glass of water is colder than the 80°F glass of water, it has less thermal

energy.

Query Execution Given a physics rationale, AQG generates a sentence of rele-

vant physics knowledge as the query. Subsequently, we compare the embeddings of

this query with sentences from the ScienceQA Physics knowledge source and select

the sentence with the highest cosine similarity as the final supporting knowledge.

Hence, this ensures that the supporting knowledge is factually correct.
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Table 5.1: Main experimental results on MMLU Physics. Standard refers to
standard few-shot prompting. CoT refers to Chain-of-thought prompting [1].
CoT-SC refers to CoT with self-consistency [2]. VE refers to Verify-and-Edit in
Chapter 4. Acc.: accuracy. ∆ Acc.: change in accuracy compared to CoT.

Acc. ∆ Acc.
Standard (3-shot) 44.3% -

CoT (3-shot) 41.9% 0%
CoT-SC (3-shot) 42.7% +0.8%

VE (3-shot) 39.9% -2%
CoK (3-shot) 45.5% +3.6%

Standard (6-shot) 44.7% -
CoT (6-shot) 43.5% 0%

CoT-SC (6-shot) 42.7% -0.8%
VE (6-shot) 43.1% -0.4%
CoK (6-shot) 47.0% +3.5%

5.3.2.2 PhysicsClassroom (Natural Sentence):

PhysicsClassroom at physicsclassroom.com is an authoritative physics website

with instructional pages and tutorials on physics concepts. For this knowledge

source, we do not instruction-tune a specific AQG as the knowledge base is large.

Instead, we directly query generated natural language sentence within the domain

physicsclassroom.com. The top results are retrieved as relevant contexts.

5.3.3 Experimental Results

The main results are shown in Table 5.1. As we could observe, on the MMLU

Physics task, Chain-of-Thought prompting (CoT) could perform weak, even harm-

ing the original performances as the LLM struggles in recalling highly domain-

specific knowledge during generations. This matches our intuition that LLMs could

perform weak in specialized-knowledge-intensive tasks without external help, as

they may lack or incorrectly recall such knowledge during pre-training.

As a baseline, ordinary retrieval augmented generation methods using text-only in-

formation such as Verify-and-Edit also don’t help much, as the knowledge required

could hardly be precisely retrieved by normal searches in general databases.
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Finally, as CoK has the capability to incorporate highly domain-specific KGs and

KBs for retrieval, it achieves an overall performance improvement of approximately

3.5%. This observation shows the effectiveness of CoK, specifically in highly spe-

cialized domains.

5.3.4 Conclusion

In conclusion, we propose Chain-of-Knowledge (CoK), which extends the Verify-

and-Edit framework in Chapter 4 to include diverse knowledge sources and formats.

By employing a tuned Adaptive Query Generator (AQG), the CoK framework al-

lows for the flexibility of retrieving from multiple knowledge domains and sources,

further grounding the LLM generations and reducing hallucinations. Experiments

in the physics domain show the effectiveness of CoK, which brings further improve-

ments compared to text-only RAG methods.

5.3.5 Limitations

Chain-of-Knowledge (CoK) also contains a potential tradeoff between controllabil-

ity and complexity of integrating multiple knowledge formats. As more knowledge

sources are selected, we have more controllability over the retrieved contexts and

could search for more precise results. However, there could also be added com-

plexity: the knowledge selection step could be ambiguous in choosing the correct

knowledge domain, and the combined retrieval results could also contain overlap-

ping or noisy information, leading to noise for downstream answer generation.
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Figure 5.1: An overview of the CoK framework with an example in Physics.



Chapter 6

Retrieving Multimodal

Information for Augmented

Generation: A Survey

As Large Language Models (LLMs) become popular, there emerged an impor-

tant trend of using multimodality to augment the LLMs’ generation ability, which

enables LLMs to better interact with the world. However, there lacks a unified

perception of at which stage and how to incorporate different modalities. In this

survey, we review methods that assist and augment generative models by retrieving

multimodal knowledge, whose formats range from images, codes, tables, graphs,

to audio. Such methods offer a promising solution to important concerns such as

factuality, reasoning, interpretability, and robustness. By providing an in-depth

review, this survey is expected to provide scholars with a deeper understanding of

the methods’ applications and encourage them to adapt existing techniques to the

fast-growing field of LLMs.

6.1 Chapter Introduction

Generative Artificial Intelligence (GAI) has demonstrated impressive performances

in tasks such as text generation [71, 74, 108] and text-to-image generation [115,

116]. The recent advancements in Multimodal Large Language Models (MLLMs)
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[117–119] have further improved the models’ capabilities to handle multi-format

information, opening up possibilities for developing general-purpose learners.

Nevertheless, generative models are not exempt from inherent limitations, includ-

ing the tendency for generating hallucinations [48], struggling with arithmetic

tasks [120], and lacking interpretability. Consequently, a promising solution for

enhancing their capabilities lies in enabling them to interact with the external

world and acquire knowledge in diverse formats and modalities, thereby improving

the factuality and rationality of the generated content. Recently, there have been

emerging studies focusing on retrieval-augmented approaches [121], which aim to

provide information that is more grounded and factually dependent. Among them,

most [56, 122] retrieves textual information, which matches the data format used

during pre-training and offers a natural medium for interaction. However, there is

more world knowledge stored in different structures and modalities, such as images

and videos, which is often inaccessible, unavailable, or not describable in traditional

textual corpora.

Therefore, there arises an important research intersection that retrieves multimodal

knowledge to augment generative models. It offers a promising solution to current

challenges such as factuality, reasoning, interpretability, and robustness. As this

field is very recent, there lacks a unified understanding of recognizing these methods

as a specific group, visualizing their innate connections, connecting their method-

ologies, and outlining their applications.

Therefore, we survey recent advancements in multimodal retrieval-augmented gen-

eration (RAG). Specifically, we discuss current research by grouping them into dif-

ferent modalities, including image, code, structured knowledge, audio, and video.

For each modality, we systematically search the ACL Anthology and Google Scholar

with relevant keywords and perform manual filtering to determine their relevance

to the survey. As a result, we collect 146 papers for detailed analysis. In §6.2.3,
we include search details, statistics, and a trend analysis figure, which shows that

multimodal RAG papers have indeed developed very fastly since the emergence of

large-scale general-purpose models. Within each modality, we discuss relevant pa-

pers by grouping them under different applications. By providing an in-depth

survey, we hope to help researchers recognize the importance of incorporating

knowledge in different formats and encourage adaptation and advancements on

existing techniques to the fast-growing field of LLMs.
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In summary, our contributions are as follows:

• We establish retrieval augmented generation with multi-modality as an im-

portant group of methods that emerges with the recent advances in LLMs.

• For common modalities, we provide an in-depth review of research papers by

contextualizing their innate connections and shared challenges.

• We provide an informative analysis of future directions, which could contain

promising solutions to many current challenges.

6.2 Definitions and Background

To better understand the state and advancements that inspired multimodal re-

trieval augmentation, we first define and discuss the background of two key con-

cepts: multimodal learning and retrieval-augmented generation (RAG).

6.2.1 Multimodal Learning

Multimodal learning refers to learning a unified representation of data from differ-

ent modalities. It aims at extracting complementary information to facilitate com-

positional tasks [123, 124]. In this survey, we include all modalities whose formats

are different from natural language, including image, code, structured knowledge

(e.g. tables, knowledge graphs), audio, and video.

Multimodal generative models have a wide range of applications, such as text-

image generation, creative writing generation, and multilingual translation. For

instance, the image recognition task can benefit from analyzing images and videos

in conjunction with textual descriptions [125–128]. Conversely, incorporating visual

information also aids language understanding and generation [129–131]. Moreover,

they have the potential to significantly improve machine learning systems across

various domains by enabling models to learn from and integrate multiple sources of

information [132–134]. Additionally, there has been growing interest in developing

generative models that can output multiple modalities of data [135–138]. However,

there remain challenges for multimodal generative models, such as gaining access
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to a large amount of multimodal data and designing a network that produces

semantically meaningful outputs.

6.2.2 Retrieval-Augmented Generation (RAG)

RAG typically consists of two phases: retrieving contextually relevant information,

and guiding the generation process using the retrieved knowledge.

Recently, RAG has gained popularity in Natural Language Processing (NLP) due

to the rise of general-purpose Large Language Models (LLMs) [108, 118], which

have boosted performances in a wide range of NLP tasks. However, there are two

primary challenges: Firstly, because generative models rely on the inner knowledge

(weights), they result in a high amount of hallucinations [139]. Secondly, due to

their large parameter sizes and the high costs of updating, the traditional pre-

training and finetuning approaches have become infeasible. As a solution, RAG

methods [51, 140–142] offer a promising solution for LLMs to effectively interact

with the external world.

RAG is applied to a wide range of downstream NLP tasks, including machine

translation [140, 143–145], dialogue generation [141, 146, 147], abstractive sum-

marization [148], and knowledge-intensive generation [51, 149]. Among them,

most methods focus on retrieving textual information. For example, Lewis et al.

[51], Borgeaud et al. [52], Guu et al. [122], Izacard et al. [150] jointly train a re-

trieval system with an encoder or sequence-to-sequence LM, achieving comparable

performance to larger LMs that use significantly more parameters. Recent re-

search also proposes combining a retriever with chain-of-thought (CoT) prompting

for reasoning to augment language models [151–153].

6.2.3 Search Criteria and Results

For searching the ACL anthology articles, we use a keyword search over titles

and abstracts. We strictly enforce the keyword “retriev”. Then, we enforce either

“generat” or “ground” to appear. For each modality, we then add modality-specific

keywords: “image” for the image modality, “code” for the code modality, any one

from “structured knowledge/table/database/knowledge graph” for the structured
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Modality ACL Google Total analyzed

Image (67) 17 6 23
Code (177) 9 24 33

Structured (108) 44 11 55
Audio (17) 6 14 20
Video (22) 7 7 14

Total (291) 83 62 145

Table 6.1: Paper statistics. Number in parenthesis is the number before manual
filtering. “Google” represents searching on google scholar and manually filtering.
“Total analyzed” represents the number of total papers after manual filtering

date i
2004/6 1
2008/6 1
2012/5 1
2014/3 1
2014/5 3
2015/2 1
2015/5 1
2016/6 1
2016/12 3
2017/8 1
2017/12 1
2018/6 2
2018/8 1
2018/10 3
2018/11 1
2018/12 1
2019/3 1
2019/4 1
2019/6 1
2019/7 1
2019/8 1
2019/11 4
2020/6 2
2020/7 3
2020/11 7
2020/12 2
2021/4 4
2021/6 4
2021/7 1
2021/8 9
2021/9 3
2021/11 8
2021/12 1
2022/1 2

Figure 6.1: Paper trend analysis

knowledge modality, any one from “audio/speech” for the audio modality, and

“video” for the video modality.

For searching on Google Scholar, we add the keyword “language models” to select

more NLP-related articles. We then perform manual filtering on the top 3 pages

of returned results.

The number of retrieved and analyzed research papers can be found in Table 6.1.

A trend analysis of how the number of papers change across time is shown in Fig. 6.1

We could observe that the domain of multimodal retrieval-augmented generation
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has indeed developed a lot recently, with peaks reached around end of 2022. The

observation is consistent with our hypothesis that multimodal RAG is especially

important and helpful in the age of large-scale general-purpose models.

6.3 Multimodal Retrieval-Augmented Generation

For each modality, there are different retrieval and synthesis procedures, targeted

tasks, and challenges. Therefore, we discuss relevant methods by grouping them in

terms of modality, including image, code, structured knowledge, audio, and video.

6.3.1 Image

Recent advances on pretrained models shed light on general image-text multi-

modal models [115, 154–158]. However, these models require huge computational

resources for pretraining and large amounts of model parameters — as they need

to memorize vast world knowledge. More critically, they cannot efficiently deal

with new or out-of-domain knowledge. To this end, multiple retrieval-augmented

methods have been proposed to better incorporate external knowledge from im-

ages and text documents. In general text generation tasks, image retrieval can

also improve generation quality by expanding text generation contexts with more

“imagination”.

Visual question answering (VQA) To tackle open-domain VQA, RA-VQA

[159] jointly trains the document retriever and answer generation module by ap-

proximately marginalizing predictions over retrieved documents. It first uses exist-

ing tools of object detection, image captioning, and optical character recognition

(OCR) to convert target images to textual data. Then, it performs dense passage

retrieval (DPR) [160] to fetch text documents relevant to the target image in the

database. Finally, each retrieved document is concatenated with the initial question

to generate the final prediction, similar to RAG [51]. Besides external documents,

PICa [161] and KAT [162] also consider LLMs as implicit knowledge bases and

extract relevant implicit information from GPT-3. Plug-and-Play [163] retrieves

relevant image patches by using GradCAM [164] to localize relevant parts based

on the initial question. It then performs image captioning on retrieved patches
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to acquire augmented context. Beyond text-only augmented context, MuRAG

[165] retrieves both text and image data and incorporates images as visual tokens.

RAMM [166] retrieves similar biomedical images and captions and encodes them

through different networks.

Image captioning To generate multi-style captions, Zhou and Long [167] uses

a style-aware visual encoder to retrieve image contents before generating captions.

Beyond simply encoding visual information, Cho et al. [168] further uses the mul-

timodal similarity between image-text pairs as a reward function to train a more

fine-grained captioning model. Beyond retrieving image elements, Sarto et al.

[169], Shi et al. [170], Ramos et al. [171], Yang et al. [172] retrieves relevant cap-

tions to the inputs. Zhou et al. [173] tackles news image captioning by retrieving

visually grounded entities in news articles.

Visually grounded dialogue This task [174] requires retrieving visual infor-

mation to produce relevant dialog responses. Fan et al. [175] augments generative

models with KNN-based Information Fetching (KIF) modules that retrieve images

and wiki knowledge. Liang et al. [176] retrieves a correlated image to the dialog

from an image index to ground the response generator. Shen et al. [177] trains a

word-image mapping model to retrieve response visual impressions and then uses

both textual and visual information for response generation.

Text generation For general text generation tasks, image retrieval can also

help expand contexts. Yang et al. [178] augments a text model’s “imagination ”

by retrieving existing images and synthesizing newly generated images. As a re-

sult, fueling language models with imagination can improve performances in many

downstream natural language tasks. Similarly, Zhu et al. [179] compares “imagina-

tion” augmentation with synthetic and retrieved images and argues that machine-

generated images could provide better guidance due to better consideration of the

contexts. Moreover, Fang and Feng [180] shows that machine translation can be sig-

nificantly improved by retrieving visual information at the phrase level, especially

when the textual context is limited. Image RAG can also help low-resource tasks

such as medical report generation [181] and architectural description generation

[182].

Beyond retrieving images before generating text, Re-Imagen [183] leverages a multi-

modal knowledge base to retrieve image-text pairs to facilitate image generation.
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RA-CM3 [184] can generate mixtures of images and text. It shows that retrieval-

augmented image generation performs much better on knowledge-intensive gener-

ation tasks and opens up new capabilities such as multimodal in-context learning.

6.3.2 Code

Reasoning over Codes as Intermediate Steps While large language models

(LLMs) have recently demonstrated their impressive capability to perform rea-

soning tasks, they are still prone to logical and arithmetic errors [185–187]. To

mitigate this issue, emerging research papers have focused on using LLMs of code

(e.g., Codex [188]) to generate the code commands for solving logical and arith-

metic tasks and calling external interpreters to execute the commands to obtain

the results. Notably, Gao et al. [185] proposes to generate Python programs as

intermediate reasoning steps and offload the solution step to a Python interpreter.

Additionally, Chen et al. [186] explore generating chain-of-thought (CoT) [1] for not

only text but also programming language statements as reasoning steps to solve

the problem. During the inference phase, answers are obtained via an external

interpreter. Similarly, Lyu et al. [189] propose Faithful CoT that first translates

the natural language query to a symbolic reasoning chain and then solves the rea-

soning chain by calling external executors to derive the answer. Another example

is Ye et al. [190], which utilizes LLMs to decompose table-based reasoning tasks

into subtasks, decouples logic and numerical computations in each step through

SQL queries by Codex, and calls SQL interpreters to solve them (a process called

”parsing-execution-filling”).

LLMs of code are also known as good-structured commonsense reasoners, and even

better-structured reasoners than LLMs [187]. As a result, prior studies have also

investigated the idea of transforming structured commonsense generation tasks

into code generation problems and employing LLMs of code as the solvers. One

such work is CoCoGen [187] which converts each training sample (consisting of

textual input and the output structure) into a Tree class in Python. The LLMs of

code then perform few-shot reasoning over the textual input to generate Python

code, and the Python code is then converted back to the original structure for

evaluation. Besides, the success of LLMs of code such as Codex in synthesizing

computer code also makes them suitable for generating formal codes. Motivated
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by this, Wu et al. [191] propose to prove mathematical theorems by adopting

Codex to generate formalized theorems from natural language mathematics for the

interactive theorem prover Isabelle [192].

6.3.3 Structured Knowledge

An open challenge in generative models is hallucination, where the model is likely to

output false information. Thus, A potential solution is to ground generation with

retrieved structured knowledge, such as knowledge graphs, tables, and databases.

Question Answering (QA) A natural setting to use knowledge is QA. To

augment Knowledge Base (KB) QA by extracting the most relevant knowledge,

Hu et al. [193] uses dense retrieval and Liu et al. [194] uses a cross-encoder ranker.

Shu et al. [195] employs multi-grained retrieval to extract relevant KB context and

uses constrained decoding to control the output space. In table QA, Nan et al. [196]

proposes a dataset that requires retrieving relevant tables for answer generation.

Pan et al. [197] then proposes a method that uses a transformer-based system to

retrieve the most relevant tables and locate the correct cells. Moreover, to improve

Video QA, Hu et al. [198] retrieves from Knowledge Graph (KG) encodings stored in

the memory. The most prominent RAG usage remains in open-domain QA, where

multiple datasets are proposed [199, 200]. For retrieval, Ma et al. [201] verbalizes

the KG and then uses dense passage retrieval. Fan et al. [202], Gupta et al. [203]

encodes KG information into dense representations. Pramanik et al. [204], Jin

et al. [205] builds graph embeddings to retrieve question-relevant evidence. Xu

et al. [206], Baek et al. [207] use semantic similarity and text-matching methods.

Synthesis can occur at different stages. At the input stage, Xu et al. [206], Baek

et al. [207] feed in the retrieved contexts as additional inputs or prompts to the

PLM. [201, 202] adapt the generator to accept the context representations as inputs.

At model inference stage, an interesting work is Hu et al. [208], which inserts an

interaction layer into PLMs to guide an external KG reasoning module.

General text generation External knowledge retrieval can improve general

text generation to be more factually grounded. Liu et al. [209] presents a memory-

augmented approach to condition an autoregressive language model on a knowledge

graph (KG). During inference, Tan et al. [210] selects knowledge entries through

dense retrieval and then injects them into the input encoding and output decoding
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stages in pretrained language models (PLMs). For domain-specific text generation,

Frisoni et al. [211], Yang et al. [212], Li et al. [213] retrieve medical report chunks or

report templates to augment input prompts. Then, they use self-devised decoders

or graph transformers to generate grounded reports. To improve interpretability,

RAG could be used to select facts as interpretable reasoning paths [214, 215]. More-

over, RAG is especially useful for low-resource generation tasks, such as question

generation [216–218], document-to-slide [219], table-to-text [220], counterargument

generation [221], entity description generation [222] and text-based games [223].

Recent research has attempted to reduce hallucinations in LLMs by leveraging ex-

ternal structured knowledge. For example, during fine-tuning, LaMDA [224] learns

to consult external knowledge sources before responding to the user, including an

information retrieval system that can retrieve knowledge triplets and web URLs.

Some papers treat the generative model (often large language models) as black-box

and retrieve structured information without fine-tuning. For example, BINDER

[225] uses in-context learning to output designed API calls that retrieve question-

relevant columns from tables.

Reasoning with knowledge By selecting knowledge, reasoning tasks can be

solved in a more grounded and interpretable way. To generate an entailment tree

explanation for a given hypothesis, Neves Ribeiro et al. [226] retrieves from textual

premises iteratively and combines them with generation. Yang et al. [227] proposes

a math reasoner that first retrieves highly-correlated algebraic knowledge and then

passes them as prompts to improve the semantic representations for the generation

task. With the recent advances in LLMs, He et al. [151], Li et al. [228] retrieve

from KG and KB, such as Wikidata, based on reasoning steps obtained from the

chain-of-thought (CoT) prompting [1].

Knowledge-grounded dialogue Dialogue generation based on relevant tables

and knowledge bases has been a practical research application [229–233]. To tackle

the challenge, Li et al. [234] and Galetzka et al. [235] retrieve relevant knowledge,

process it into a dense representation and incorporate it into dialogue generation.

On top of dense representations, Gu et al. [236] and Jung et al. [237] leverage

attention mechanisms to flexibly adjust which knowledge to depend on during

generation. Some methods [238–240] first generate subgoals or responses and then

use them to retrieve relevant knowledge. The retrieved knowledge then helps amend

previous responses. Besides knowledge, Cai et al. [142] and Wu et al. [241] improve
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dialogue response generation by retrieving templates or prototype dialogues to

augment inputs. Recently, Kang et al. [242] retrieves relevant subgraphs from

KGs, and then utilizes contrastive learning to ensure that the generated texts have

high similarity to the subgraphs.

By retrieving from relevant sources, RAG not only improves factuality but also

provides the grounding contexts while generating, thus addressing interpretability

and robustness concerns. With the potential to handle more information types with

recent advances in LLMs [118], RAG with structured knowledge could be further

enhanced. There are still challenges to be addressed. For example, there could be

new designs for better retrieval systems that could promote efficient interactions

suitable for diverse knowledge bases. Synthesizing this information correctly is also

an open challenge, where it is hard to decide which parts need augmenting in the

textual outputs.

6.3.4 Audio

Audio RAG is useful in incorporating audio information in specific audio-language

tasks, such as music captioning, music and text generation, and speech recognition.

Moreover, using audio RAG for audio data augmentation has also been proven

useful in mitigating the lack of audio-text training data. It could be a promising

future direction [243].

Text-audio data augmentation For text-audio tasks, one of the most impor-

tant challenges is the lack of training data on audio-text pairs. Therefore, retrieving

audio and textual cues can alleviate the data scarcity problem and improve per-

formance. In audio captioning, which aims at translating the input audio into its

description, Koizumi et al. [244] retrieves guidance captions similar to the input

audio from the training set. Then, the retrieved guidance captions are fed into

a PLM to help generate new captions, which improves generation performance.

To augment scarce speech translation (ST) data, Zhao et al. [245] proposes Spo-

kenVocab, a technique to convert machine translation (MT) data to synthetic ST

data. To form synthetic speech, SpokenVocab retrieves and stitches audio snip-

pets, corresponding to words in an MT sentence. Experiments show that stitched

audio snippets can improve translation quality. Kim et al. [246] leverages a PLM

to tackle the data scarcity issue. It retrieves features from the input audio, maps
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them to continuous vectors using mapping networks, and uses vectors as prefixes

for prefix tuning the PLM. With the additional information from retrieved audio,

it outperforms previous methods. In text-to-audio generation, Huang et al. [247]

applies audio-text retrieval to get pseudo text prompts, which enhance audio gen-

eration in data-scarce scenarios. To augment the argumentation mining (AM) task

in political debates, Mestre et al. [248] integrates audio features into PLMs, which

improves performance when data is scarce.

Music captioning Music captioning is the task of generating a text description

or lyrics given the music audio. And RAG is explored to learn better audio-lyric

alignment. Manco et al. [249] proposes the first music audio captioning model,

MusCaps. Firstly, a pretrained multimodal encoder obtains audio representations

that retrieve musical features in the input. As the pretraining bridges the gap

between the audio modality and textual understanding, the method improves task

performance. He et al. [250] learns an audio-lyric alignment through contrastive

learning, which results in a higher-quality generation of captions for music.

Music generation Royal et al. [251] uses deep neural hashing to retrieve music

building blocks and then performs generation by using the current music segment

to retrieve the next. In automatic speech recognition (ASR), Chan et al. [252] uses

a k-nearest neighbor (KNN) approach to retrieve external knowledge related to the

audio and text embeddings. The retrieved knowledge significantly reduces domain

adaptation time for ASR.

The audio modality is closely intertwined with other modalities, such as video.

Therefore, recent advancements in using audio features for text-video retrieval

[253, 254] can benefit RAG tasks involving other modalities. Moreover, although

audio-text retrieval has been a long-standing task [255–257], exploring recently

discovered techniques [258–260] could lead to further improvements.

6.3.5 Video

Retrieving video snippets for generation is used primarily in two tasks: video-

grounded dialogue and video captioning. Recently, augmenting LLMs with video

retrieval also demonstrates good performances, especially in few-shot settings.
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Video-grounded dialogue Given video contexts, the model learns to engage in

a relevant dialogue. Pasunuru and Bansal [261] introduces a video-context, many-

speaker dialogue dataset, which challenges researchers to develop visually-grounded

dialogue models that generate relevant responses from live videos. Similarly, Lei

et al. [262] proposes TVQA+, a dataset that requires retrieving relevant video

moments to answer textual questions about videos. Then, it proposes a unified

framework that encodes video segments into representations, uses an attention

mechanism to locate relevant information, and produces textual answers. To better

perform visually-grounded dialogue tasks, Le et al. [263] retrieves visual cues from

prior user queries. The cues are then used as contextual information to construct

relevant responses. On video QA, it substantially outperforms prior approaches.

Recently, Le et al. [264] extracts visual cues from the video to augment video-

grounded dialogues. The video retrieval is performed with neural module networks,

which are instantiated with entities and actions in previous dialogues.

Video captioning Sharing a similar motivation to RAG, Long et al. [265] first

proposes to use attention layers to automatically select the most salient visual or

semantic features and use them to augment caption generation. As a result, it sta-

bly outperforms previous methods. [266] then develops a retrieval-based approach

for video description generation. For news videos, it retrieves topically related

news documents and then generates a description using a knowledge-aware video

description network.

LLM augmentation Wang et al. [267] attempts to augment an LLM to gen-

eralize to various video-to-text tasks from a few examples. As the LLMs cannot

accept video inputs, it first translates video contents into attributes using image-

language models and then prompts the retrieved content to instruct the LLM. It

demonstrates good few-shot performances on a wide range of video-language tasks.

Currently, the video-text research bottleneck mainly lies in the representation gap

between different modalities. Research has been attempting to learn a better map-

ping between video-text via joint learning [268, 269]. Recent studies on dense video

representation learning can also be useful for future video RAG. Besides, some pa-

pers [270, 271] try to introduce fine-grained interaction between different modalities

to learn better aligned representations. Zeng et al. [272] encourages multiple pre-

trained models in different modalities to exchange information with each other in
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a zero-shot manner. Most recently, Zhang et al. [273] trains Video-Llama to better

align pretrained video and audio encoders with LLM’s embedding space.

6.4 Future Directions

With the development of multi-modal LLMs, retrieving multimodal information

to augment text generation will be a promising direction to better ground textual

generation in real-world contexts, contributing towards building a model that is

fully aware and can better interact with the world. Specifically, we describe some

potential directions that can be of benefit to the community.

6.4.1 Retrieval Augmented Multimodal Reasoning

One potential application of multimodal RAG is multimodal reasoning. Lu et al.

[274] first introduces ScienceQA, a large-scale multimodal science question dataset

annotated with lectures and explanations. Then, Zhang et al. [275] proposes Mul-

timodal Chain-of-Thought (Multimodal-CoT) which incorporates language and vi-

sion modalities into a two-stage (rationale generation and answer inference) frame-

work, surpassing GPT-3.5 by a large margin with a much smaller fine-tuned model.

Similar to Zhang et al. [275], kosmos-1 [119] breaks down multimodal reasoning into

two steps. It first generates intermediate content as the rationale based on visual

information and then uses the generated rationale to induce the result. However,

both methods may have difficulties understanding certain types of images (e.g.,

maps), which could be mitigated by retrieving informative image-text pairs.

6.4.2 Building a Multimodal Knowledge Index

In order to facilitate multimodal RAG, one of the most fundamental aspects is

building a multimodal knowledge index. The goal is twofold: Firstly, dense repre-

sentations should support low storage, dynamic updating of the knowledge base,

and accurate search. Secondly, it could enable faster search speed with the help of

local sensitive hashing [276], which combats scaling and robustness concerns when

the knowledge base is scaled up extremely.
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Currently, the dense representations for text snippets are widely studied for doc-

uments [109, 277, 278], entities [279, 280], and images [281]. Besides, there are

studies optimizing dense representations in an end-to-end manner [51]. Neverthe-

less, few papers [138] have explored building a multimodal index at the same time

for downstream generation tasks. How to map a multimodal knowledge index into

a unified space remains a long-term challenge.

6.4.3 Pretraining with Multimodal Retrieval

To better align the abilities to handle different modalities in a pre-trained model,

future work could be built on employing retrieval-based approaches during pre-

training. Currently, some methods fine-tune the pre-trained generative model to

learn to retrieve from different modalities. For example, LaMDA [224] calls an

external toolset for fine-tuning, including an information retrieval system. Simi-

larly, during fine-tuning, Toolformer [111] augments models with API calls to tools

including a QA system and a Wikipedia search engine.

When similar retrieval abilities are leveraged during pretraining, the generative

models can interact with retrieval tools much better. Then, instead of relying

solely on internal weights, they could effectively use an external base to output

more grounded information, provide relevant contexts to users, and update their

information accordingly. Such pretraining techniques would also greatly improve

robustness for out-of-domain tasks. As an example, Guu et al. [282] augments pre-

training with an external knowledge retriever, which outperforms previous meth-

ods. Aiello et al. [283] employs multimodal retrieval augmentation while training,

resulting in a first-of-its-kind large multimodal model that can coherently generate

long-form content with interleaved texts and images.

To incorporate retrieval with pretraining, there remains the challenge of developing

appropriate datasets labeled with retrieval API calls. To tackle this challenge,

LaMDA [224] uses labels developed by human annotators, which could be expensive

to collect. Toolformer [111] uses a sampling and filtering approach for automatic

labeling, which is inexpensive but could induce bias. A potential solution is to use

a neuro-symbolic approach [284], which uses prototype learning and deep-KNN to

find nearest neighbors during training.
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6.5 Conclusions

This survey reviews research that augments generative models by retrieving multi-

modal information. Specifically, we categorize the current domain into enhancing

with different modalities, including image, code, structured knowledge, speech, and

video. With the emergence of large multi-modal models, we believe that this sur-

vey could serve as a comprehensive overview of an emerging and promising field.

Moreover, we hope it could encourage future research in the domain, including

retrieval-augmented multimodal reasoning, building a multi-modal knowledge in-

dex, and combining retrieval with pretraining.

Limitations

RAG also has some limitations. For example, there exists an attribution-fluency

tradeoff [285] where the output quality is affected due to the added constraints of

the retrieved knowledge.



Chapter 7

Conclusions and Future

Directions

7.1 Conclusions

This thesis addresses the critical challenge of developing trustworthy and reliable

Natural Language Processing (NLP) systems, with a particular focus on Large

Language Models (LLMs). Through a series of innovative frameworks and a com-

prehensive survey, we have made efforts to enhance the interpretability, factual

accuracy, and controllability of LLMs.

In Chapter 3, we introduced the High-Impact Concepts framework, which innova-

tively tackles the task of explaining language model decisions by identifying the

true causes, eliminating the presence of confounding correlations. By extracting

predictive high-level features from model activations and optimizing for concepts

that substantially influence output predictions, this approach identifies both causal

and user-friendly explanations. Moreover, as a post-hoc method that operates on

existing language models, this method requires minimal overhead and no revision

to the original model. The framework demonstrated superior results in predictive

impact, explainability, and faithfulness compared to baseline methods, offering a

powerful tool for interpreting LLM behavior.

Chapter 4 presented the Verify-and-Edit framework, addressing the critical issue of

factual correctness in LLM outputs for knowledge-intensive tasks. By post-editing

107
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Chain-of-Thought (CoT) reasoning chains using external knowledge sources, this

method significantly improved the accuracy of LLM-generated content without re-

quiring model modifications. The framework’s success in enhancing factual accu-

racy across various open-domain question-answering tasks underscores its potential

for increasing trust in LLM applications.

In Chapter 5, we briefly introduced the Chain of Knowledge (CoK) framework as

a follow-up extension of Verify-and-Edit to improve LLM controllability and re-

duce hallucinations. This approach dynamically incorporates grounding informa-

tion from heterogeneous sources, employing a three-stage process and an adaptive

query generator to access diverse knowledge types. The consistent performance

improvements observed across different domains highlight the framework’s effec-

tiveness in enhancing LLM reliability and controllability.

Chapter 6 provided a comprehensive survey on retrieving multimodal information

for augmented generation. This review synthesized methods for incorporating var-

ious modalities such as images, code, tables, graphs, and audio to enhance LLM

capabilities. By offering insights into improving factuality, reasoning, interpretabil-

ity, and robustness in multimodal AI systems, this survey contributes valuable

knowledge to the rapidly evolving field of multimodal LLMs.

In conclusion, this thesis contributes advancements to the field of trustworthy and

reliable NLP systems. By providing innovative solutions and comprehensive in-

sights, we hope to foster the responsible and effective use of LLMs in real-life

deployment and improve trust and confidence among users and stakeholders in the

AI community. Collectively, these contributions advance our understanding of how

to make LLMs more trustworthy, interpretable, and controllable without necessi-

tating extensive model revisions or compromising performance. The frameworks

and insights presented in this thesis offer practical solutions to longstanding chal-

lenges in LLM deployment, paving the way for more responsible and effective use

of these powerful technologies across various domains.

7.2 Future Directions

As we look to the future, several promising directions emerge for further research.

These include exploring the integration of our proposed frameworks, investigating
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their applicability to emerging LLM architectures, and developing more approaches

to address new challenges in multimodal and multi-task learning scenarios. Addi-

tionally, as the field of AI continues to evolve rapidly, there remains a critical need

for ongoing research into ethical considerations, bias mitigation, and the develop-

ment of robust evaluation metrics for trustworthy AI systems.

For the HI-Concept framework proposed in Chapter 3, there exist several promising

avenues for future research and expansion.

• User Interaction Studies: Further research could focus on how users in-

teract with the extracted features. This could involve developing intuitive

interfaces for presenting High-Impact Concepts and conducting user studies

to assess the effectiveness of these explanations in real-world scenarios. Such

studies could provide valuable insights into how different user groups inter-

pret and utilize these explanations, potentially leading to more tailored and

effective explanation strategies.

• Interactive Controllability: Expanding beyond simple explanations, fu-

ture work could explore enabling user interactions with the identified features

to offer greater controllability over LLM predictions. This could involve de-

veloping mechanisms for users to adjust the influence of specific concepts,

allowing for more fine-tuned control over model outputs. Such an approach

could bridge the gap between explainability and controllability, offering users

not just insights into model behavior but also the ability to guide it.

• Extension to Text Generations: Extending the HI-Concept framework

to explain LLM generations, beyond simple classifications, represents a sig-

nificant and complex challenge. This expansion would require adapting the

methodology to handle the intricacies of sequence generation, potentially in-

volving techniques to identify and explain concept impact across different

parts of generated text. Such an extension could greatly enhance our under-

standing of LLM behavior in more complex, open-ended tasks.

• Analyzing Large LLMs: Applying the HI-Concept framework to study

each layer of very large LLMs could offer valuable insights into their in-

ner workings. Conducting such a comprehensive analysis could reveal how

concepts are formed and transformed across layers, potentially uncovering
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patterns or structures that are not apparent from studying the model as a

whole. These insights could also offer inspirations for other fields such as

model pruning, architecture design, or transfer learning.

The Verify-and-Edit (VE) framework presented in Chapter 4, followed by the

Chain-of-Knowledge (CoK) framework shown in Chapter 5, also opens up several

exciting avenues for future research:

• Expanding Behavioral Modifications: While the initial focus of VE was

on improving factual correctness, the framework’s potential extends far be-

yond this application. Future research could explore using CoT alterations

for a variety of purposes:

– Jailbreaking and Unreliability Detection: By systematically modifying

CoTs, we could develop methods to identify vulnerabilities in LLMs,

helping to improve their robustness against adversarial attacks.

– Ethical and Safe Behavior Guidance: CoT alterations could be used

to steer LLM outputs towards more ethical and safe behaviors. This

could involve injecting ethical considerations into the reasoning process

or redirecting potentially harmful lines of thought.

– Bias Mitigation: Modifying CoTs could help in identifying and miti-

gating biases in LLM outputs, potentially leading to fairer and more

inclusive language generation.

– Creativity Enhancement: Alterations could be designed to encourage

more creative or diverse thinking patterns in LLMs, potentially leading

to more novel and varied outputs.

• Multimodal Extensions: Extending the VE framework to different modal-

ities presents an exciting challenge and opportunity, such as vision-language

models where VE could involve visual attention patterns or audio-text models

where VE could help connect audio inputs to textual outputs. Furthermore,

because of the reasoning component brought by CoTs, VE could be used to

handle multi-modal reasoning effectively.

• Real-time Editing and Interaction: Developing methods for real-time

CoT editing could enable more interactive and dynamic control over LLM
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outputs. This could lead to systems where users can guide the reasoning pro-

cess as it unfolds, offering unprecedented levels of control and customization.

Following our comprehensive survey of retrieving multimodal information for aug-

mented generation, several promising directions for future research emerge beyond

the ones already listed in Chapter 6:

• Improving the reliability of vision-language models The rapid ad-

vancement of vision-language models (VLLMs) has opened new frontiers in

artificial intelligence, enabling sophisticated interactions between textual and

visual modalities. However, like their text-only counterparts, VLLMs face

challenges in reliability, particularly in terms of maintaining factual accuracy

and reducing hallucinations. One promising approach to enhance the reli-

ability of VLLMs is the incorporation of visual patch retrieval during the

generation process. By dynamically retrieving and integrating relevant vi-

sual patches from a curated database, we can ground the model’s outputs in

concrete visual contexts, potentially mitigating hallucinations and improving

factual consistency. This method could leverage the model’s understanding of

both textual and visual inputs to select the most pertinent visual information,

thereby enriching the generation process with accurate, contextually relevant

visual cues. Additionally, this approach could be extended to include mul-

timodal knowledge bases, allowing the model to cross-reference textual and

visual information for enhanced accuracy. As VLLMs continue to evolve and

become more prevalent in various applications, developing such reliability-

enhancing techniques will be crucial in addressing the current limitations of

internal knowledge and reducing the frequency of hallucinations, ultimately

leading to more trustworthy and effective vision-language AI systems.

• Explainable Multimodal AI: Developing methods for explaining the de-

cisions and outputs of multimodal AI systems is crucial for building trust

and understanding. Future research could focus on creating interpretable

multimodal models and generating human-understandable explanations that

incorporate multiple modalities. Choosing an appropriate and user-friendly

unit of explanation would also be a unique challenge for multimodal models.

• Robustness to Multimodal Adversarial Attacks: As multimodal sys-

tems become more complex, ensuring their robustness to adversarial attacks
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across different modalities becomes crucial. Future work should investigate

techniques to detect and mitigate such attacks in multimodal contexts.

• Ethical Considerations in Multimodal AI: As multimodal AI systems

become more prevalent, research into their ethical implications becomes cru-

cial. Future work should address issues such as bias in multimodal datasets,

privacy concerns in visual data, and the potential for misuse in deepfake

generation.

Besides the frameworks and chapters in this thesis, there also exist several exciting

venues for LLM trustworthiness and reliability in general:

• Ethics and Bias Considerations:

– Comprehensive Bias Analysis: We can conduct studies to identify and

quantify various forms of social, gender, racial, and cultural biases present

in LLMs. This research should extend beyond surface-level outputs to

examine biases in reasoning patterns and knowledge representation.

– Bias Source Identification: Then, targeting these discovered biases, we

can develop techniques to trace the origins of biases within LLM ar-

chitectures, potentially identifying specific neurons or network compo-

nents responsible for biased outputs. This could involve advanced in-

terpretability methods and fine-grained analysis of the internals of the

model.

– Bias Mitigation Strategies: Finally, we should explore and compare dif-

ferent approaches to mitigate biases, such as curating new datasets for

training, model architecture modifications, fine-tuning techniques, and

post-processing methods.

• Evaluating Trustworthiness and Reliability: Currently, there is a lack

of standardized metrics and datasets for systematically measuring the trust-

worthiness and reliability of LLMs. Creating a comprehensive evaluation

framework that encompasses various aspects such as factual accuracy, con-

sistency, bias, safety, and robustness would be of great benefit to the academic

community. This framework should include a suite of benchmark datasets

covering a wide range of domains, languages, and cultural contexts to ensure



Chapter 7. Conclusions 113

a thorough evaluation of LLM performance and reliability. Additionally,

designing and validating new metrics that can quantify different aspects of

trustworthiness, such as measures for factual consistency, logical coherence,

and alignment with human values, will be crucial. Research should also ex-

plore methods for continuous, real-time evaluation of LLM trustworthiness

in deployment scenarios, allowing for adaptive trust management in practical

applications.

• Cross-cultural and Multilingual Trustworthiness: As an important

future extension, we can investigate how to ensure LLMs remain trustworthy

and reliable across different cultural contexts, respecting diverse values and

norms. Additionally, developing methods to maintain consistent levels of

trustworthiness across multiple languages, addressing challenges related to

low-resource languages and cultural nuances, will be crucial for the global

applicability of these models.
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