
User-Centered Dialogue Systems

Tong Zhang

College of Computing and Data Science

A thesis submitted to the Nanyang Technological University
in partial fulfillment of the requirements for the degree of

Doctor of Philosophy

2024



Statement of Originality

I hereby certify that the work embodied in this thesis is the result of orig-

inal research, is free of plagiarised materials, and has not been submitted

for a higher degree to any other University or Institution.

07/08/2024

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Tong Zhang



Supervisor Declaration Statement

I have reviewed the content and presentation style of this thesis and de-

clare it is free of plagiarism and of sufficient grammatical clarity to be

examined. To the best of my knowledge, the research and writing are

those of the candidate except as acknowledged in the Author Attribution

Statement. I confirm that the investigations were conducted in accord

with the ethics policies and integrity standards of Nanyang Technological

University and that the research data are presented honestly and without

prejudice.

07/08/2024

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Boyang Li



Authorship Attribution Statement

This thesis contains material from four papers published or under review

in the following peer-reviewed journal/conferences in which I am listed as

an author.

Chapter 2 is published as Tong Zhang, Yong Liu, Boyang Li, Peixiang Zhong, Chen
Zhang, Hao Wang, Chunyan Miao. Toward Knowledge-Enriched Conversational Rec-
ommendation System. In the 4th Workshop on NLP for ConvAI. 2022.
The contributions of the co-authors are as follows:

• I designed the methodology, implemented the code, conducted experiments,
and prepared the manuscript draft.

• Yong Liu, Peixiang Zhong, and I discussed the initial research direction.

• Boyang Li, Yong Liu, and Peixiang Zhong revised the manuscript.

• Hao Wang, Chunyan Miao, and Chen Zhang offered feedback on the manuscript.

Chapter 3 is published as Tong Zhang, Yong Liu, Boyang Li, Zhiwei Zeng, Peng-
wei Wang, Yuan You, Chunyan Miao, and Lizhen Cui. History-Aware Hierarchical
Transformer for Multi-session Open-domain Dialogue System. In Findings of the
Conference on Empirical Methods in Natural Language Processing. 2022.
The contributions of the co-authors are as follows:

• I designed the methodology, implemented the code, conducted experiments,
and prepared the manuscript draft.

• Yong Liu, Zhiwei Zeng, and I discussed the initial research direction.

• Boyang Li, Zhiwei Zeng, and Yong Liu revised the manuscript.

• Hao Wang, Chunyan Miao, and Chen Zhang offered feedback on the manuscript.

Chapter 4 is published as Tong Zhang, X. Jessie Yang, Boyang Li. May I Ask a
Follow-up Question? Understanding the Benefits of Conversations in Neural Network
Explainability. International Journal of Human-Computer Interaction. 2024.
The contributions of the co-authors are as follows:

• I designed the methodology, implemented the code, conducted experiments,
and prepared the manuscript draft.



• Boyang Li introduced the research direction, improved the experimental design,
and revised the manuscript.

• X. Jessie Yang improved the experimental design and revised the manuscript.

Chapter 5 is submitted as Tong Zhang, Mengao Zhang, X. Jessie Yang, Boyang Li.
Handling the Follow-up Question: Conversational Explanations for Image Classifica-
tion. Submitted to The 2024 Conference on Empirical Methods in Natural Language
Processing.
The contributions of the co-authors are as follows:

• I designed the methodology, implemented the code, conducted experiments,
and prepared the manuscript draft.

• Mengao Zhang assisted in code implementation.

• Boyang Li introduced the research direction, improved the method, improved
the experimental design, and revised the manuscript.

• X. Jessie Yang improved the experimental design and revised the manuscript.

07/08/2024

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Date Tong Zhang

iv



Acknowledgments

First and foremost, I would like to express my deepest gratitude to my supervisor, Prof.

Boyang Li, for all the support he has given me over the years. I could not complete my

thesis without his guidance, encouragement, and insightful advice on research. He has

significantly improved my writing, presentation skills, and critical thinking abilities. I

am so grateful to Prof. Li for having the best influence on this period of my life and my

career.

I extend my thanks to the thesis advisory committee and qualifying examination

committees: Prof. Shafiq Joty, Prof. Guoan Bi, Prof. Yiping Ke, Prof. Cheng Long,

and Prof. Tianwei Zhang for their valuable comments and suggestions on my research.

Since entering NTU, I have been blessed to be surrounded by a group of outstanding

mentors and colleagues. I would like to thank Zhiwei Zeng, X. Jessie Yang, Di Wang,

Yong Liu, Peixiang Zhong, Yinan Zhang, Zilin Du, Haoxin Li, Miaoyu Li, Mengao

Zhang, Anthony Meng Huat Tiong, Devaansh Chandra Gupta, Jiayun Luo, Yidan Sun,

Qin Chao, and Junqi Zhao for their support to my research.

There are so many fantastic friends I have made over the last few years - Yuxiao Lu,

Yichen Wang, Yongjie Wang, Xu Guo, Chang Liu, Yidan Hu, and Zebang Deng. These

people have enriched my life in all kinds of ways.

I would also like to thank my parents and grandparents for their unwavering love

and support over the years.

Finally, and most importantly, I want to thank my wife, Yanci Zhang, for her strong

support and encouragement as I undertake my Ph.D. I cannot imagine how I would have

gotten through my doctoral journey without her support and companionship.

v



“Every genuine test of a theory is an attempt to falsify it, or to refute it.”

—Karl Popper

To my dear family



Abstract

A dialogue system is an intelligent machine that can converse coherently with humans

using natural language. Dialogue systems aim to fulfill users’ different needs. However,

many existing dialogue systems do not consider user needs from user perspectives, which

can lead to suboptimal interactions and reduced user satisfaction. In this thesis, we pro-

pose to design user-centered dialogue systems that prioritize the needs and preferences of

end-users. In this thesis, we identify three foundational aspects of user-centered dialogue

systems: Personalization, Continuity, and Support for diverse users.

Personalization refers to the system’s ability to adapt its responses to individual

users’ goals, preferences, and communication styles. It can enhance user engagement,

satisfaction, and relevance to dialogue systems. To explore better personalization, we

develop a user-centered conversational recommendation system capable of providing

personalized item recommendations along with contextual information. We hypothesize

that generating naturalistic conversations and offering background details helps users

better evaluate the recommendations and thus improve the effectiveness of personalized

recommendations. To achieve this, we propose the Bag-of-Entities loss and alignment

loss. These two losses encourage generated utterances to mention concepts related to

the item being recommended, such as the genre or director of a movie. Experiments

on the large-scale REDIAL dataset demonstrate that our model outperforms state-of-

the-art baselines by 48% in automatic evaluation and by 19.5% in human evaluation.

Human evaluation demonstrates that our model can generate more fluent, relevant, and

informative recommendations than baseline models.

Continuity refers to the system’s capacity to retain and utilize information from past

interactions over time. Human conversations often span multiple sessions and draw on

shared context to ensure coherence and relationship building. A user-centered dialogue
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system should similarly be able to remember historical interactions to maintain context

and build long-term engagement. To this end, we propose the History-Aware Hierarchi-

cal Transformer (HAHT) for multi-session open-domain dialogue. HAHT encodes his-

torical conversation sessions into memory and leverages this information to understand

current context and generate relevant responses. Experimental results on a large-scale

MSC dataset suggest that HAHT consistently outperforms baseline models. Human

evaluation results support that our HAHT can better leverage history conversations to

generate fluent, history-relevant responses than baseline models.

Support for diverse users involves designing dialogue systems that can effectively

interact with people from a wide range of backgrounds, including users with varying

levels of domain knowledge, linguistic styles, cognitive abilities, and expectations. This

principle is particularly critical when dialogue systems are used to mediate users’ under-

standing of complex or opaque technologies, such as AI models in high-stakes domains.

To this end, we build a user-centered dialogue system that can answer users’ arbitrary

follow-up questions after providing static explanations. Most existing explainable AI

methods only provide only one-time, static explanations, which cannot cater to users’

diverse knowledge levels and information needs. We first prove that free-form conversa-

tions can enhance users’ comprehension of static explanations in image classification,

improve acceptance and trust in the explanation methods, and facilitate human-AI

collaboration. We then build the fEw-shot Multi-round ConvErsational Explanation

(EMCEE) system. We train EMCEE with synthetic data and mitigate two main chal-

lenges of training models with synthetic data: lack of data diversity and hallucination

in the generated data. EMCEE achieves relative improvements of 81.6% in BLEU and

80.5% in ROUGE compared to the baselines. EMCEE also mitigates the degeneration

of data quality caused by training on synthetic data. In human evaluations, EMCEE

outperforms baseline models in improving users’ comprehension, acceptance, trust, and

collaboration with static explanations by large margins.
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Chapter 1

Introduction

Language is the cornerstone of human intelligence. Conversations or dialogues are one

of the most prevalent uses of human language, in which people exchange knowledge,

socialize, and sustain their relationship with each other [2, 3].

A dialogue system, also known as a conversational agent, is an intelligent machine

that can converse coherently and engagingly with humans using natural language. Build-

ing dialogue systems has been one of the fundamental objectives of artificial intelligence

(AI) research [4, 5]. Early dialogue systems are mainly designed based on hand-built

rules and templates [5, 6, 7, 8, 9, 10, 11, 12, 13, 14]. For instance, ELIZA [6], the first

dialogue system developed in the 60’s, simulates a Rogerian psychotherapist by hand-

crafted pattern matching and substitution rules. These rule-based and template-based

methods can only handle a pre-defined range of queries and provide fixed responses

based on rules or templates. In recent years, with the rapid development of deep learn-

ing methods and the availability of big conversation corpus, dialogue systems based

on deep neural networks [15, 16, 17, 18] are emerging and have become the dominant

approach in dialogue systems. These deep learning-based dialogue systems have been

shown to generate flexible, human-like conversations across a wide range of topics [19].

Despite their progress, many existing dialogue systems are not designed with the

user at the center. They often prioritize short-term objectives, such as completing a

task or producing locally relevant responses. They usually do not take into account who

the user is, what the user knows, or how the user has interacted with the system over

time. As a result, these systems tend to be rigid, shallow, and difficult to engage with

over extended or evolving interactions.
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To provide more effective and user-friendly dialogue systems, it is vital to design

dialogue systems in a user-centered way [3]. The user-centered design requires designers

to build dialogue systems that prioritize the needs and preferences of end-users. In this

thesis, we identify three foundational aspects of user-centered dialogue systems:

• Personalization: the system’s ability to adapt its responses to individual users’

goals, preferences, and styles. Personalization increases user engagement, satis-

faction, and relevance—especially in scenarios where one-size-fits-all responses are

insufficient [20]. A user-centered dialogue system should actively learn from user

inputs and tailor responses accordingly.

• Continuity: the ability to remember and utilize prior interactions over time. With-

out memory, chatbots often fail to re-engage users meaningfully when previously

discussed topics reemerge [21]. The apparent forgetfulness limits the chatbots’

ability to establish and maintain long-term relationships with users.

• Support for diverse users: this aspect requires dialogue systems to be accessible

and adaptable to individuals with different levels of expertise, language proficiency,

and goals. Many users, especially non-experts, struggle to understand complex

scientific concepts without assistance [22, 23]. User-centered systems should offer

explanations and adapt responses to meet varied user needs.

By designing from these perspectives, I aim to build dialogue systems that enhance user

satisfaction and promote sustained interaction. In this thesis, I explore how these three

principles can be operationalized through the design of dialogue systems in three main

scenarios of using dialogue systems.

For improving the personalization of dialogue systems, this thesis studies the con-

versational recommendation task, where users receive item suggestions through natural

language interaction. While existing systems can generate personalized recommenda-

tions, their responses often lack specific information about the recommended items, such

as actors or plots in a movie recommendation. This lack of informativeness limits users’

ability to assess whether the recommendations meet their needs, and thus undermines

the effectiveness of personalized recommendations. To address this, we propose leverag-

ing knowledge graphs to generate more informative responses. Specifically, we introduce
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a novel Bag-of-Entities loss that encourages the model to include related concepts in

the responses. We also propose an alignment loss to better integrate knowledge graph

entities into the generation process. Experiments on the large-scale REDIAL dataset

show that our system consistently outperforms state-of-the-art baselines. Human eval-

uation further demonstrates that our model generates more relevant and informative

recommendations.

To improve the continuity of dialogue systems, this thesis explores the multi-session

conversation task, where dialogue systems engage with users across multiple sessions over

time. To handle long-term memory, we propose the History-Aware Hierarchical Trans-

former (HAHT) for multi-session open-domain dialogue. HAHT maintains a long-term

memory of previous sessions and uses this information to better understand the current

context and generate more contextually relevant responses. It first encodes historical

sessions hierarchically into a history memory, then incorporates this memory into the

current context using attention-based mechanisms. Finally, HAHT uses a history-aware

decoder that can generate words from either a generic vocabulary or a history-aware vo-

cabulary. Experimental results on a large-scale multi-session dataset show that HAHT

outperforms strong baselines. Human evaluation confirms that HAHT produces more

coherent, context-relevant, and history-aware responses.

To provide support for diverse users, this thesis focuses on conversational expla-

nations. Research in explainable AI (XAI) aims to provide insights into the decision-

making process of opaque AI models. To date, most XAI approaches provide only

one-time, static explanations, which cannot cater to users’ diverse knowledge levels and

information needs. To explore whether conversation can improve explanation, we con-

duct a user study involving 120 participants. Half interact with a human expert in a con-

versational setting, while the other half read static explanations. We measure objective

and subjective comprehension, trust, and acceptance. Results show that conversation

significantly improves users’ understanding, trust, and acceptance of explanations, while

static explanations alone do not.

After proving conversational explanations as an effective method to customize XAI

explanations, we developed the fEw-shot Multi-round ConvErsational Explanation (EM-

CEE) system. Due to the scarcity of training data, we propose to train a vision language
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model with synthetic data. However, training with synthetic data faces two main chal-

lenges: lack of data diversity and hallucination in the generated data. To address these,

we introduce a repetition penalty to improve diversity and a hallucination detector to

filter out untruthful responses .EMCEE achieves significant improvements over baseline

models—81.6% in BLEU and 80.5% in ROUGE—and maintains high-quality conver-

sations even after multiple training rounds. Human evaluations show that EMCEE

substantially improves users’ understanding, trust, and collaboration with AI systems.

To the best of our knowledge, EMCEE is the first system capable of answering arbitrary

user questions following static explanations.

1.1 Contribution

In this thesis, we study to design dialogue systems in a user-centered way. We develop

new dialogue systems from user’s perspectives in three different conversational tasks.

Our contributions are summarized as follows:

• Knowledge-Enriched Conversational Recommendation Systems (KECRS):

We propose a novel dialogue system named KECRS, which employs the Bag-of-

Entity (BOE) loss and alignment loss to effectively integrate KG with CRS for

generating more diverse and informative responses. BOE loss encourages the gen-

erated utterances to mention concepts related to the item being recommended. The

alignment loss integrates KG entities into the response generation network. Ex-

periments demonstrate that the proposed two losses improve model performance.

KECRS consistently outperforms state-of-the-art CRSs on the large-scale REDIAL

dataset.

• History-Aware Hierarchical Transformer (HAHT) for multi-session open-

domain dialogue: we propose a novel dialogue system HAHT, which can ef-

fectively leverage history conversations to conduct more engaging multi-session

conversations. HAHT maintains a long-term memory to store historical conver-

sational contexts, which is updated when a new session is conducted. Based on

the long-term memory and the context in the current session, relevant tokens
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in historical contexts are selected to adapt the current response. We show that

HAHT outperforms baseline models in various evaluation metrics. Human evalu-

ation results support that HAHT generates more readable, context-relevant, and

history-relevant responses than baseline models.

• Understanding the Benefits of Conversations in Neural Network Ex-

plainability: We demonstrate that free-form conversations can significantly en-

hance users’ comprehension of static explanations in image classification, improve

acceptance and trust in the explanation methods, and facilitate human-AI collabo-

ration. We are the first to study how free-form conversations may facilitate neural

network explainability in a computer vision task. Our findings highlight the impor-

tance of customized model explanations in the format of free-form conversations

and provide insights for the future design of conversational explanations.

• fEw-shot Multi-round ConvErsational Explanation (EMCEE): We pro-

pose the first conversational explanation EMCEE that can answer free-form follow-

up questions after providing static explanations to the user. We propose a repeti-

tion penalty to enhance data diversity and a hallucination detector to reduce erro-

neous information in synthetic data. The proposed method EMCEE outperforms

the baseline model in both automatic and human evaluation by large margins.

1.2 Thesis Outline

Figure 1.1 depicts a high-level organization of the thesis. The detailed structure of this

thesis is organized as follows:

Chapter 1 introduces the background, scope, and contribution of the thesis. Chapter

2 introduces the Knowledge-Enriched Conversational Recommendation Systems (KE-

CRS) that provide diverse and informative responses to users.

Chapter 3 introduces the History-Aware Hierarchical Transformer (HAHT) for multi-

session open-domain dialogue that can generate responses based on users’ history con-

versations.
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Figure 1.1: Thesis organization. KECRS represents the Knowledge-Enriched Con-
versational Recommendation System. HAHT represents the History-Aware Hierar-
chical Transformer. EMCEE represents the fEw-shot Multi-round ConvErsational
Explanation.

Chapter 4 introduces how free-form conversations can significantly enhance users’

comprehension of static explanations in image classification, improve acceptance and

trust in the explanation methods, and facilitate human-AI collaboration.

Based on the findings of Chapter 4, Chapter 5 designs the conversational explanation

system, EMCEE that can answer users’ free-form follow-up questions after providing

static explanations to the user.

Chapter 6 concludes this thesis and discusses future research directions.
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Chapter 2

Knowledge-Enriched Conversational
Recommendation Systems

2.1 Overview

Conversational recommendation systems (CRS) have received increasing attention from

the Natural Language Processing community [24, 25, 26, 27, 28, 29, 30]. CRS aims to

recommend items, such as movies or songs, in naturalistic interactive conversations with

the user. This interactive form allows the system to provide recommendations tailored

to the preferences provided by the user at the moment.

A crucial issue of CRS is to extract user preferences from the conversation, which

often requires background information provided by knowledge graphs (KGs). As an

example, in Figure 2.1, the user mentions two movies that belong to the horror genre.

To this end, some existing studies [25, 26] leverage knowledge graphs to understand

user intentions. However, when recommending items to users, existing methods usually

only mention items name and lack of relative information about the recommended items.

This lack of informativeness limits users’ ability to assess whether the recommendations

meet their needs, which affects the effectiveness of personalized recommendations.

We observe that when humans recommend items to friends, they usually describe

attributes of the item. It would be more convincing and improve user’s receptivity.

For example, to recommend a movie, they may mention the director or actors. Such

information can be easily extracted from the knowledge graph but has not been well

utilized by existing approaches.
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Figure 2.1: An example of a conversation between a user and the Chatbot for movie
recommendation.

To emulate naturalistic conversations and provide convincing recommendations, we

propose the Knowledge-Enriched Conversational Recommendation System (KECRS).

Specifically, we propose the Bag-of-Entity (BOE) loss to encourage the generated utter-

ances to mention concepts related to the item. Moreover, we propose an alignment loss

that ties the word embeddings to the entity embeddings.

Experiments demonstrate that the proposed two losses improve model performance.

The proposed KECRS consistently outperforms state-of-the-art CRSs on the large-scale

REDIAL dataset [24].

2.2 Related work

With the developments of dialogue systems [31, 32, 33] tasks, conversational recom-

mendation systems become an appealing solution to capture users’ dynamic preferences.

One group of existing works focus on the attribute-based conversational recommendation

systems [34, 35, 36, 37, 38, 39, 40, 41]. They aim to provide high-quality recommenda-

tions within the shortest number of conversation turns but do not pay much attention to

generate human-like responses. Thus, the conversation utterances are mostly simulated.

Another group of existing works studies the chit-chat-based conversational recom-

mendation systems [24, 25, 26, 27, 28, 29, 30]. Most studies in this category focus on both
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giving accurate recommendations and generating natural and human-like responses. Li

et al. [24] release a conversational recommendation dataset in the movie domain and

propose an HRED-based [42] baseline model. As it is hard to understand user’s inten-

tions only from utterances, Chen et al. [25] introduce KG into Chit-chat-based CRS and

propose a knowledge-based recommender dialog system. Based on [25], Sarkar et al. [27]

explore different sizes of KGs in the recommendation module. To better understand

the user’s preferences, Zhou et al. [26] leverage the entity-oriented KG (i.e., DBpedia)

and the word-oriented KG (i.e., ConceptNet). To make the recommendation proac-

tively and naturally, Liu et al. [28] and Zhou et al. [29] use topics to guide dialogue from

non-recommendation to recommendation and propose a new topic-guided conversational

recommendation task. Finally, research on conversational characters for e-commerce has

the broad goal of building a complete shopping assistant that can answer a variety of

questions in addition to recommendation [43, 44, 45, 46].

After the work of this chapter is developed and published, large language models

(LLMs) began to dominate natural language processing tasks. LLMs have demon-

strated strong capabilities in understanding item semantics from textual descriptions

and modeling user-item interactions based on historical data [47, 48]. Motivated by

these advances, many recent approaches propose leveraging LLMs to jointly model con-

versation and recommendation tasks within a unified framework. UniCRS [49] adopts

DialoGPT [50] with task-specific soft prompts [51], but requires a three-stage optimiza-

tion pipeline: semantic fusion pre-training, conversation tuning, and recommendation

tuning. UniMIND [52] extends this paradigm with BART [53], unifying multiple goals

through prompt-based multi-stage training. RecInDial [54] augments DialoGPT’s vo-

cabulary with item tokens and introduces a pointer mechanism to jointly predict words

and items. MESE [55] replaces knowledge graphs with item metadata, incorporating it

into the dialogue context and training GPT-2 [56] for end-to-end learning. Although

these models strive to unify conversation and recommendation, they often depend on

auxiliary modules (e.g., R-GCN [57], DistilBERT [58]) and involve complex, multi-stage

training. In contrast, PECRS [59] formulates the CRS task as a single-stage natural

language processing problem by integrating item descriptions and dialogue context di-

rectly.
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Figure 2.2: The overall framework of the proposed KECRS model.

2.3 Approach

The overall goal of a conversational recommendation system is to identify an item (e.g.,

a movie, a song, or a piece of merchandise) that the user will likely interact with and

suggest the item to the user in the form of natural language conversations.

Formally, we represent the historic conversation 𝑋 = ⟨𝑥1, 𝑥2, ..., 𝑥𝑛⟩ as a sequence of

𝑛 utterances 𝑥𝑖. The knowledge graph G = {(𝑣ℎ, 𝑟, 𝑣𝑡)} is a set of entities 𝐸 and a set of

relationships 𝑟 between the head entity 𝑣ℎ ∈ 𝐸 and the tail entity 𝑣𝑡 ∈ 𝐸 .

The conversational recommendation task is to predict the next utterance 𝑥𝑛+1 using

the recommendation network 𝑓 (𝑋,G) and the response generation network 𝑔(𝑋,G, 𝑓 (𝑋,G)).
𝑓 (𝑋,G) predicts the next item to recommend to the user, whereas 𝑔(𝑋,G, 𝑓 (𝑋,G)) pre-

dicts the utterance 𝑥𝑛+1 one word at a time.

Figure 2.2 shows the overall structure of our proposed method, the Knowledge-

Enriched Conversational Recommendation System (KECRS).

2.3.1 Recommendation Network

First, we exhaustively match each word in the conversational history 𝑋 with the name

of each entity in the KG. In this way, we identify 𝐾 entities from the history and se-

quence them according to their original positions. Next, we apply a graph convolutional
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network, R-GCN [57] to encode the entire KG and obtain embeddings for each KG

entity node. The 𝐷-dimensional entity embeddings of the 𝐾 entity form the matrix

𝑯𝐸 ∈ R𝐾×𝐷 . Subsequently, we apply an attention operation where the attention vector

𝜶 is computed by 2 fully connected (FC) layers.

𝜶 = softmax
(
W𝑘tanh(W𝑞H

⊤
𝐸 )
)
,

c𝐸 = 𝜶H𝐸 ,
(2.1)

where W𝑞 and W𝑘 are learnable parameters. The resulting c𝐸 ∈ R𝐷 is a condensed

representation of entities appearing in the conversational history.

The recommendation module classifies 𝒄𝐸 directly into one of the items. We directly

take the entity embedding 𝒆𝑖 from the R-GCN network as the representation of the item.

The probability of recommending item 𝑖 is computed with softmax:

𝑃𝑟𝑒𝑐 (𝑖) ∝ exp(𝒄⊤𝐸 𝒆𝑖). (2.2)

The module is trained using the cross-entropy loss. To avoid the model recommending

the same movie that the user might have just mentioned, we only consider as a ground-

truth recommendation the movie that is first time to be mentioned by the recommender

in the conversation.

2.3.2 Response Generation Network

The response generation module predicts the utterance to the user word by word. We

use the classic encoder-decoder Transformer architecture [60], where the encoder encodes

the entire conversational history word by word.

At decoding time step 𝑗 , the output of the Transformer decoder 𝒔 𝑗 is concatenated

with the entity representation 𝒄𝐸 and goes through two fully connected layers before the

softmax function. The probability distribution over the vocabulary is

𝑃𝑟𝑒𝑠 = softmax
(
W𝑣𝑾𝑎 [s 𝑗 ; c𝐸 ] + 𝒃

)
, (2.3)

where W𝑣 is the word embedding matrix shared with the encoder. W𝑎 is a trainable

linear projection to align the dimensions, and 𝒃 is the bias. We train the module using

cross-entropy at every decoder time step.
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To separate movie names from other words in the conversation, for every movie name

we create specialized tokens in the vocabulary. For example, the token for the movie

name It is separate from the word token it. This is feasible as the dataset, REDIAL,

has explicitly represented movie names with special strings.

2.3.3 Bag-of-Entities Loss

Although the response generation module trained using per-step cross-entropy is capable

of recommending items, it rarely mentions concepts related to the recommended item.

We postulate that mentioning related entities will produce natural conversations. For

example, when recommending the movie It , one may want to mention that it is a horror

movie based on a book by Stephen King.

For this purpose, we introduce the Bag-of-Entity (BOE) loss, which encourages the

decoder state [s 𝑗 ; c𝐸 ] to contain additional information about first-order neighbors of

the ground-truth recommendation on the KG.

First, at every time step, we compute a score 𝒓 𝑗 ∈ R𝑀 for all 𝑀 entities in the

knowledge graph,

𝒓 𝑗 = HW𝑏 [s 𝑗 ; c𝐸 ] + b𝑒𝑛𝑡 , (2.4)

where H contains the embeddings of all KG entities, as produced by the R-GCN. W𝑏 is

a trainable matrix for dimension alignment and b𝑒𝑛𝑡 the bias.

As we do not constrain exactly which word in the response should contain the infor-

mation, we sum up the word-level scores and then apply the component-wise sigmoid

function. The probability that entity 𝑚 is mentioned in the response is thus

𝑃BOE(𝑚) = sigmoid(
𝐿∑︁
𝑗=1

𝑟 𝑗𝑚), (2.5)

where 𝐿 is the length of the response and 𝑟 𝑗𝑚 is the 𝑚th component of 𝒓 𝑗 .

We apply a binary cross-entropy loss for each KG entity. The ground-truth label is 1

if the entity is a first-order neighbor of the recommended item on the knowledge graph

and 0 otherwise.
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2.3.4 Aligning Word and Entity Embeddings

We create two types of tokens in the vocabulary 𝑉 of the response generation network.

The first type corresponds to a plain word appearing in the conversation text. The

second type represents an entity that appears in the conversation and in the knowledge

graph.

To tie the token embeddings of the second type to the R-GCN encoding of the

knowledge graph, we propose the alignment loss. For a conversation, we use the entity

representation c𝐸 in Eq. (2.1) to represent all entities in the conversation and calculate

the similarity score between c𝐸 and each word embedding,

s = W𝑣 [𝐸]W𝑐c𝐸 + b𝑎𝑙𝑖𝑔𝑛, (2.6)

where W𝑣 [𝐸] is the matrix resulting from selecting the rows of W𝑣 corresponding to

entity tokens only. W𝑐 is a trainable matrix and b𝑎𝑙𝑖𝑔𝑛 is the bias. The alignment loss

is the mean square error between the s and an indicator vector q ∈ {0, 1} |𝐸 |.

𝐿𝑎𝑙𝑖𝑔𝑛 = ∥𝒔 − 𝒒∥2 (2.7)

Specifically, if an entity 𝑒 exists in the conversation, the corresponding component of q

is set to 1. Otherwise, the component is 0.

Finally, to learn the parameters of generation module, we minimize the following

objective function:

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑔𝑒𝑛 + 𝜆1𝐿BOE + 𝜆2𝐿𝑎𝑙𝑖𝑔𝑛, (2.8)

where 𝜆1 and 𝜆2 are two hyperparameters. In the testing procedure, the probability

distribution over the vocabulary at time step 𝑗 is calculated as follows,

𝑃𝑎𝑙𝑙 = 𝑃𝑟𝑒𝑠 + 𝜆3𝑃𝑏𝑜𝑒, (2.9)

where 𝜆3 is a hyperparameter.
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Model KG
Recall@𝐾 (%) Precision@𝐾 (%) NDCG@𝐾 (%)

𝐾 = 1 𝐾 = 5 𝐾 = 10 𝐾 = 1 𝐾 = 5 𝐾 = 10 𝐾 = 5 𝐾 = 10
HRED-CRS - 0.41 7.04 11.69 0.55 1.82 1.51 3.73 5.25

KBRD DBpedia 1.40 8.52 13.54 2.03 2.14 1.78 5.06 6.89
KBRD+ DBpedia 1.40 8.73 13.53 1.75 2.11 1.85 5.03 6.94

KGSF
DBpedia

& ConceptNet
1.91 9.19 13.42 1.96 1.90 1.49 5.64 7.38

KECRS DBpedia 1.52 8.69 13.63 2.11 2.19 1.78 5.11 6.91
KBRD TMDKG 2.15 9.24 14.87 2.33 2.24 1.82 5.26 7.54

KBRD+ TMDKG 2.09 9.31 14.93 2.29 2.31 1.83 5.19 7.61

KGSF
TMDKG

& ConceptNet
2.13 7.82 13.68 2.13 1.56 1.35 5.01 6.82

KECRS TMDKG 2.25∗ 9.45∗ 15.66∗ 2.77∗ 2.39∗ 1.99∗ 5.74∗ 7.92∗

Table 2.1: Recommendation performances of different methods based on different
knowledge graphs. ∗ indicates that the improvement over the best baseline method
is statistically significant with 𝑝 < 0.01 using student t-test.

2.4 Experiments

2.4.1 Dataset

We use the REDIAL dataset [24], which includes 10,006 conversations and 182,150 ut-

terances related to 51,699 movies. Following [24, 25, 26], we split REDIAL into training,

validation, and testing sets with the ratio 8:1:1.

For the knowledge graphs (KGs), we experiment with all models on two different

KGs, i.e., DBpedia [61] and TMDKG. The DBpedia is the same as the one used in

previous work [25, 27, 26]. We build the TMDKG, from The Movie Database1, which

contains 15822 entities and 15 types of relations.

2.4.2 Evaluation Metrics

We use precision, recall, and normalized discounted cumulative gain (NDCG) to eval-

uate the top-𝐾 item recommendation performance (respectively denoted by Recall@𝐾,

Precision@𝐾, and NDCG@𝐾). In the experiments, 𝐾 is empirically set to 1, 5, and 10

as users may not want to be recommended too many movies in each conversation turn.

Following [25, 26], we use Distinct n-gram (n=2, 3, 4) to measure the diversity of

generated responses. To better evaluate the performance of generated responses, we

1https://www.themoviedb.org/
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Model
Automatic Human

Dist-2 Dist-3 Dist-4 Fluency Relevancy Informativeness
HRED-CRS 0.10 0.18 0.24 1.92 1.62 1.05
Transformer 0.15 0.31 0.46 2.03 1.73 1.36

KBRD 0.31 0.38 0.52 2.10 1.72 1.32
KGSF 0.38 0.61 0.73 2.32 2.11 1.56

KECRS(Ours) 0.48∗ 0.91∗ 1.23∗ 2.56∗ 2.29∗ 2.18∗

Table 2.2: Automatic and human evaluation results of the response generation
achieved by different methods. Human evaluation scores are from 0-3. Dist-2,3,4
is short for Distinct-2,3,4. ∗ indicates that the improvement over the best baseline
method is statistically significant with 𝑝 < 0.01 using student t-test

adopt human evaluation. We randomly sample 100 multi-turn conversations from the

test set and invite three annotators to score responses generated by different models

from the following aspects: 1) Fluency: whether responses are fluent;2) Relevancy:

whether responses are correlated with contexts;3) Informativeness: whether responses

contain rich information of recommended items. Each aspect is rated in [0, 3], and the

final scores are the average of all annotators. For all evaluation metrics, the higher value

indicates better performance.

2.4.3 Baseline Methods

We compare KECRS with the following baseline methods: 1) HRED-CRS [24]: This

is a basic CRS based on HRED[42]; 2) Transformer [60]: This is a basic transformer

model that generates responses only from utterance text and does not contain a separate

recommendation module; 3) KBRD [25]: This is a knowledge-based CRS that employs

DBpedia to understand the user’s intentions and leverage KG information as a bias for

generation; 4) KGSF [26]: This method exploits both entity-oriented and word-oriented

KGs to enrich the data representations. It adopts two KG-enriched decoder layers for

the generation.

2.4.4 Recommendation Performance

Table 2.1 shows the recommendation performance achieved by different methods. As

shown in Table 2.1, KBRD, KBRD+, KGSF, and KECRS outperform HRED-CRS by
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introducing external KGs to understand user’s intentions. When using DBpedia, KGSF

performs best among all models in most metrics, because it leverages two different KGs

(i.e., ConceptNet and DBpedia). The proposed KECRS model outperforms all other

baselines that only use one KG. When using TMDKG, we note that the recommendation

performance of all models excluding KGSF is improved, and our model outperforms all

baseline models including KGSF. This may be because TMDKG is built in the movie

domain while DBpedia here is a subgraph of an open-domain KG. KGSF does not

perform well in TMKDG. The potential reason is that KGSF cannot well integrate the

information of TMDKG and ConceptNet. In summary, the results under two different

KGs indicate that KECRS can perform well in the recommendation task, based on the

knowledge information from the external KG.

Note that the conversational recommendation problem studied in this chapter is un-

der the cold-start setting [62], where the user’s historical behaviors on items (i.e., movies)

are unavailable. Thus, it is very challenging to learn user preferences on items. The rec-

ommendation accuracy achieved by all models (including our KECRS) is relatively low

e.g., KECRS only achieves 2.25% for Recall@1.

2.4.5 Response Generation Performance

The automatic and human evaluation results of different methods are shown in Table 2.2.

We note that Transformer performs better than HRED-CRS, which demonstrates that

Transformer is powerful to understand and generate natural language. KBRD performs

better than Transformer, because it adds a vocabulary bias to fuse knowledge from KG

into the generated responses. Among all the baseline models, KGSF generates the most

diverse responses, by exploiting both TMDKG and ConceptNet [63]. The potential

reason is that KGSF employs two additional KG-based attention layers to make the

generative model focus more on items and relevant entities in TMDKG and ConceptNet.

Moreover, the proposed KECRS model outperforms all baseline methods with a large

margin in terms of all evaluation metrics. This demonstrates that the proposed BOE

loss and alignment loss can work jointly to better leverage KG and generate more diverse

and informative responses.
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Model Dist-2 Dist-3 Dist-4
KGSF 0.38 0.61 0.73

KECRSw/o BOE 0.31 0.64 0.87
KECRSw/o align 0.36 0.69 0.95

KECRS 0.48∗ 0.91∗ 1.23∗

Table 2.3: Response generation performances of KGSF and different variants of KE-
CRS. ∗ indicates that the improvement over the best baseline method is statistically
significant with 𝑝 < 0.01 using student t-test

(a) KECRS w/o infusion loss (b) KECRS w infusion loss

Figure 2.3: 2D plot of word embeddings in response module and entity embeddings
in recommendation module after PCA. Red points represent word embeddings and
green points represent entity embeddings.

For human evaluation, we note that Fluency is relatively higher compared to Infor-

mativeness and Relevancy for all models. This indicates that responses generated by

these models are fluent and can be understood by human judges. However, responses

generated by baseline models are more likely to be generic responses (e.g., “I haven’t

seen that one”). By including additional supervision signals and aligning embeddings

of word and entities, the proposed KECRS model alleviates this issue. Overall, KE-

CRS can understand the dialogue context and generate fluent, relevant, and informative

responses.
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2.4.6 Ablation Study

To better understand the effectiveness of each component in KECRS, we study the per-

formances of the following two variants of KECRS: 1) KECRSw/o BOE, which removes

the BOE loss, and 2) KECRSw/o align, which removes the infusion loss.

Table 2.3 summarizes the response generation performance in terms of Distinct n-

gram (n=2,3,4). Distinct n-gram measures the diversity of sentences by calculating the

number of distinct n-gram in generated responses. KECRS outperforms KECRSw/o BOE,

which indicates the proposed BOE loss can help the model learn to generate responses

not only from conversations but also from the knowledge graph. Moreover, KECRSw/o align

performs poorer than KECRS. This indicates that aligning the word embeddings and

entity embeddings also helps improve the model performances. Compared with KGSF,

both ablated versions of KECRS can achieve better performances in terms of most met-

rics. This again demonstrates that encouraging models to mention concepts related to

the recommended items and aligning word embeddings with KG entity embeddings both

can help models generate more diverse responses.

To further study the effect of the infusion loss, we draw the 2D plots of word em-

beddings in the response module and entity embeddings in the recommendation module

after PCA in Figure 2.3. By using the infusion loss, two embeddings tend to cluster to-

gether, which indicates the infusion loss can bridge the gap between two representation

spaces.

2.4.7 Parameter Sensitivity Study

𝜆1 and 𝜆2 are two important hyper-parameters used to determine the weights of different

losses when training the response generation module. We conduct experiments to study

the impacts of these two hyper-parameters as shown in Figure 2.4. We note that, with

the increase of 𝜆1, the performances of KECRS are improved first and start to drop

when 𝜆1 is larger than 1.5. As the primary objective of KECRS is learning from the

ground truth responses instead of KG, too large 𝜆1 may lead to negative impacts on

the performances of KECRS. For 𝜆2, when increasing it, the infusion loss may over-

smooth the word embedding and reduce the response generation performances achieved

by KECRS. 𝜆3 is a hyper-parameter only used in the testing phase. It is used to introduce
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Figure 2.4: Response generation performance trends of KECRS for different 𝜆1 and
𝜆2.

position-irrelevant entities into the generated responses. As too large of 𝜆3 may hurt the

fluency of generated responses, we empirically set it to 0.1.

2.4.8 Case Study

In Table 2.4, we present a qualitative comparison of the responses generated by different

models. The conversation is selected from the dataset REDIAL. When the user expresses

preferences on ”There’s Something About Mary”, KECRS infers the user may like ro-

mantic comedy movie. Thus, KECRS recommends another romantic comedy movie

User: Hi there, how are you?
Recommender: I’m doing great, how about you?
User: Fine thanks. I ’d love to see something similar to There’s Some-

thing About Mary. That movie always cracks me up !
Transformer: I haven’t seen that one.
KBRD: I haven’t seen that one. What about My Best Friend’s Wed-

ding?
KGSF: I recommend The Other Woman?
KECRS
(Ours):

I love Meet the Parents. It ’s a classic. It’s a little older , but
still funny and romantic.

Table 2.4: Case Study.
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”Meet the Parents” and provides an informative and natural response ”It ’s a classic.

It’s a little older , but still funny and romantic”.

2.5 Limitations

Despite its promising results, the proposed KECRS model has three main limitations.

First, while integrating a knowledge graph (KG) enhances conversational recommenda-

tions, the model relies on manually curated external KGs, which may be incomplete or

contain irrelevant information. This limitation restricts the model’s ability to generate

fully informative responses. Second, the recommendation network and the response gen-

eration network are trained separately, with their alignment depending solely on the in-

fusion loss. This indirect alignment may be insufficient, as it does not explicitly optimize

the two representation spaces together. Consequently, entities relevant to recommen-

dations may not naturally appear in responses. Moreover, separate training prevents

the model from leveraging end-to-end feedback—improvements in response generation

do not refine the recommendation process, limiting the system’s ability to dynamically

adapt to user interactions. Third, although our model is applicable to conversational

recommendation in any domain, due to the limited availability of public datasets, the

experiments were conducted only on movie recommendations.

2.6 Summary

In this chapter, we propose a novel Knowledge-Enriched Conversational Recommenda-

tion System (KECRS). Specifically, we develop the Bag-of-Entity (BOE) loss and the

alignment loss to improve the response generation performances. The experimental re-

sults on REDIAL demonstrate that the proposed BOE loss can guide the model to

generate more knowledge-enriched responses by selecting entities in KG, and the align-

ment loss can tie the word embeddings to the entity embeddings. Overall, KECRS

achieves superior response quality than state-of-the-art baselines.
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Chapter 3

History-Aware Multi-session
Open-domain Dialogue Systems

3.1 Overview

In the previous chapter, we focused on personalization, where the dialogue system gener-

ates responses tailored to users’ individual preferences and goals. While personalization

enhances immediate user satisfaction, sustaining personalized interactions over time re-

quires the system to retain and utilize information from previous sessions. Human

conversations rarely occur in isolation; rather, they span multiple sessions, during which

speakers draw upon shared history to ensure coherence, efficiency, and relationship build-

ing. A user-centered dialogue system should similarly be able to recall what the user

said previously, maintain context, and build upon earlier sessions. In this chapter, we

propose to build an open-domain dialogue system that can remember and actively utilize

the previously shared history to enhance users’ engagement and long-term experience

with dialogue systems.

Open-domain dialogue systems, also known as chatbots, are designed to chat with

and engage users on any topic with the aim of establishing, maintaining, and strengthen-

ing long-term relationships [64, 16]. With the availability of large dialogue datasets, the

latest open-domain dialogue systems built based on large-scale generative pre-trained

models, e.g., Meena [65], BlenderBot [66], and DialogueGPT [50], have improved the

performance of chatbots to a large extent.

However, most existing chatbots are designed to interact with users in a single con-

versation session. When the current session ends, the chatbot forgets its contents and
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User

Agent

Aww, that 's really cute. I love cats too.

Session 1 Conversation

Session 2 Conversation (after several days)

User

Agent

Watched the next episode without you? 
LOL. What did that fluffball do ? 

My cat Sonny is my favorite. He likes 
watching TV with me. 

You will never guess what Sonny did 
yesterday !

Figure 3.1: An illustrated example of a two-session conversation between a user and
an agent.

will commence a new independent session with the same user next time. When previ-

ously discussed topics reemerge, such chatbots often appear ignorant and fail to reengage

users appropriately. The apparent forgetfulness limits the chatbots’ ability to establish

and maintain long-term relationships with users.

We argue that, to better engage users in multi-session conversations (MSCs), a chat-

bot should maintain a long-term memory of historical contexts, which allows the chatbot

to reengage the user appropriately when similar contexts reemerge. By learning from

historical conversations, the chatbot should gradually refine its understanding of and

deepen its relationship with the user. Figure 3.1 shows an example of a two-session

conversation between a user and a chatbot. In the second session, the chatbot infers

that Sonny is a cat and generates the response based on the history information that

Sonny likes watching TV with the user.

History-aware chatbots will be able to generate more well-informed and context-

relevant responses, which can help to elicit long-term commitments and develop emo-

tional attachments from users to sustain close relationships over time. To this end, we

propose the History-Aware Hierarchical Transformer (HAHT) for multi-session open-
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domain dialogue systems, which can effectively leverage history conversations to conduct

more engaging MSCs. HAHT maintains a long-term memory to store historical conver-

sational contexts, which is updated when a new session is conducted. Based on the

long-term memory and the context in the current session, relevant tokens in historical

contexts are selected to adapt the current response.

Specifically, as the number of tokens in a conversation utterance and the number of

turns in a conversation are usually not very long1, we first encode the history conversa-

tion hierarchically into the history memory using Transformer [60]. The history memory

serves as a high-level representation of history conversations. Secondly, as history con-

versations usually can facilitate the understanding of the current conversation context,

we design a history-aware context encoder. The context encoder encodes conversation

context, considering both history conversations and the current conversation, by adopt-

ing the transformer attention over the history memory and current conversation context.

Then, the context encoder also updates the history memory based on the current con-

versation context. Finally, we design a history-aware decoder to fuse learned history

information into the response generation process. The history-aware decoder can switch

between two strategies, i.e., generating a word from the generic vocabulary or directly

copying a word from history conversations.

Experimental results on the large-scale Facebook MSC dataset show that the pro-

posed HAHT model outperforms previous multi-session open-domain dialogue systems

in various evaluation metrics. Human evaluation results support that HAHT generates

more readable, context-relevant, and history-relevant responses than baseline models.

In addition, the ablation study confirms that both the hierarchical encoding of history

conversations and the history-aware decoder contribute greatly to HAHT’s performance

on MSCs and help it leverage historical information more effectively.

3.2 Related Work

Open-domain dialogue systems aim to perform chit-chat without task and domain re-

strictions [67] and establish long-term relationships with users [64, 16]. They are gen-

erally divided into two groups: generation-based systems and retrieval-based systems.

1On average, conversations have 13 turns and conversation utterances have 16 tokens in Facebook
MSC dataset.
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Retrieval-based systems seek to find a suitable response from a large response candidate

set [68, 69, 70, 71, 72], whereas, generation-based systems focus on generating responses

from scratch based on the dialogue history [73, 74, 65, 16, 21]. In this chapter, we focus

on generation-based systems.

Early approaches to response generation include template-based generation methods

[75] and statistical machine translation (SMT) methods [67]. With the development of

deep learning, sequence-to-sequence (Seq2seq) models have been applied to generation-

based dialogue systems and achieved great performance [76, 15, 77]. Recently, with the

increasing availability of large-scale dialogue datasets [78, 79, 31, 4], Transformer-based

language models pretrained with large-scale corpora, such as Meena [65], BlenderBot

[66], DialogueGPT [50], and PLATO [80], have made significant progress in the area of

open-domain dialogues.

Despite the advancements in the field, current state-of-the-art generative pre-trained

models are designed for and trained on large datasets of single-session conversations

with a small number of turns. As a result, most existing models employ short token

truncation lengths, such as 128 tokens for Meena [65], and are unable to encode and

utilize historical contexts in MSCs effectively. In addition, there is also a lack of public

MSC datasets. Xu et al. [21] released the first multi-session conversation dataset, i.e.,

Facebook MULTI-SESSION CHAT (Facebook MSC), and explored different retrieval-

augmented generative models on the dataset [81, 82], which achieved better results than

the standard Transformer [60]. However, the experimental results demonstrate that

their methods need to retrieve a very large portion of history conversations to achieve

better results than the standard Transformer. In addition, these models still need to

concatenate the retrieved raw history conversation text with the current conversation

context, yielding concatenations that are still much longer than the 128 token truncation

lengths. Therefore, the incorporation of historical contexts in these methods is still

limited by the short token truncation lengths of pre-trained models.
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With recent advancements in model architectures and increased GPU availability,

modern LLMs such as Gemini and GPT-4 have demonstrated strong capabilities in

processing extended contexts. For instance, Gemini 1.5 can handle up to 1 million to-

kens, compared to just 128 tokens in HAHT. Consequently, most subsequent works have

shifted from dense to text-based memory. For example, LD-Agent [83] leverages LLMs

to generate event summaries and user personas from conversational history as long-term

memory. ComPeer [84] detects and reflects on significant events during dialogue to

strategically plan when and what kind of proactive support to provide. Similarly, COM-

EDY [85] compresses memory into concise events, fine-grained user profiles, and dynamic

relationship trajectories across sessions. To better model historical events, THEANINE

[86] represents memory as timelines of causally linked events. Beyond LLMs’ capabilities,

several works also draw inspiration from human cognition. For instance, MemoryBank

[87] applies the forgetting curve to dynamically manage memory based on elapsed time

and memory relevance. To enable better evaluation of long-term dialogue agents, Maha-

rana et al. [88] introduce a benchmark (LOCOMO) for assessing very long-term memory

in models. It includes tasks like question answering, event summarization, and multi-

modal dialogue generation, offering a comprehensive testbed for evaluating long-term

conversational capabilities.

3.3 The Proposed Method

In general, a Multi-Session Conversation (MSC) consists of a current conversation ses-

sion and several history conversation sessions that happen before the current one, all

between the same two interlocutors. A multi-session open-domain dialogue system aims

to generate natural, well-informed, and context-relevant responses to the user’s utter-

ances based on all history conversation sessions and the current conversation context.

Formally, we denote the MSC dataset 𝐷 by a list of 𝑁 conversations in the format

of (𝐻, 𝑋, 𝑦). Here, 𝑋 = {𝑥1, 𝑥2, · · · , 𝑥𝑛𝑥 } denotes 𝑛𝑥 context utterances of the current

conversation session. 𝐻 = {𝐻1, 𝐻2, · · · , 𝐻𝑀} denotes 𝑀 history conversation sessions,

where 𝐻𝑖 = {ℎ𝑖1, ℎ𝑖2, · · · , ℎ𝑖𝑛𝑖 } denotes 𝑛𝑖 chronologically ordered utterances of the 𝑖-th

history conversation session. 𝑦 is the ground truth response to 𝑋 under the background
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Hierarchical History 
Conversation Encoder

History-aware 
Context Encoder

History Conversation 𝐻 Current Conversation Context 𝑋

Responses 𝑌

History-aware 
Response Generator

Figure 3.2: The overall structure of the proposed HAHT model, which contains 1)
hierarchical history conversation encoder, 2) history-aware context encoder, and 3)
history-aware response generator. The details of each component are shown in Figure
3.3, 3.4, 3.5, respectively.

of 𝐻. The MSC task can be formulated as learning a function 𝑓 (𝐻, 𝑋) to predict the

next utterance 𝑥𝑛𝑥+1 based on 𝐻 and 𝑋.

In this chapter, we propose a novel model, namely HAHT, for the MSC task. Fig-

ure 3.2 shows the overall structure of HAHT, which consists of three main components:

1) hierarchical history conversation encoder, 2) history-aware context encoder, and 3)

history-aware response generator. We present the details of each component of HAHT

as follows.

3.3.1 Hierarchical History Conversation Encoder

The main challenge in encoding history conversation sessions is the limited maximum

input length imposed by pre-trained dialogue systems. If all history conversations are

simply concatenated and fed into the pre-trained dialogue system, the length of the

concatenation will exceed the maximum input length. Thus, most parts of the input

will be truncated. To preserve more information in the history conversation, we encode

different history conversation sessions separately and encode each history conversation

hierarchically.
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History Conversation 𝐻!

Self-attentive Aggregator

History 
Memory 𝒄!

Utterance 
Representation 𝒖"!

User: wonderful … you ?
Utterance 𝟏

Transformer Encoder

Pooling

Utterance 𝟐
Assistant: I  … great  . 

Transformer Encoder

Pooling
𝒖#!

Assistant: it … amazing.
Utterance 𝒏$

Transformer Encoder

Pooling
𝒖%!
!

Figure 3.3: The structure of the hierarchical history conversation encoder in HAHT.

Specifically, for a history conversation session 𝐻𝑖 = {ℎ𝑖1, ℎ𝑖2, · · · , ℎ𝑖𝑛𝑖 }, we first prepend

a special token “User:” or “Assistant:” to each utterance ℎ𝑖
𝑗

in 𝐻𝑖 depending on the role

of the utterance speaker, and then pad all utterances to the same length 𝑙𝑢𝑡𝑡𝑒𝑟 . For each

utterance ℎ𝑖
𝑗
, we apply an embedding layer 𝐸𝑚, 𝑛𝑒𝑛𝑐 Transformer encoder layers, and a

Max-pooling layer to obtain its dense representation as follows,

u𝑖𝑗 = Max-pooling
(
Transformer𝑛𝑒𝑛𝑐 (𝐸𝑚 (ℎ𝑖𝑗 ))

)
, (3.1)

where u𝑖
𝑗
∈ R𝑑. Moreover, we denote all the utterance representations in the history

conversation 𝐻𝑖 by U𝑖 = {u𝑖1, u𝑖2, · · · , u𝑖𝑛𝑖 } ∈ R𝑛𝑖×𝑑 , where 𝑛𝑖 is the turn number of 𝐻𝑖.

Next, we apply a conversation aggregator 𝐹𝑐 to aggregate all utterance representations

U𝑖 into the condensed history memory c𝑖,

c𝑖 = 𝐹𝑐 (U𝑖). (3.2)

The conversation aggregator is developed based on the following self-attentive mecha-

nism [89],

𝐹𝑐 (U𝑖) = 𝛼U𝑖,

𝛼 = softmax
(
W𝑘tanh(W𝑞U

𝑖⊤)
)
, (3.3)
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Figure 3.4: The structure of the history-aware context encoder in HAHT.

where W𝑞 and W𝑘 are learnable parameters. 𝛼 ∈ R𝑛𝑖 is the importance vector of the

history conversation utterances in 𝐻𝑖.

After applying previous steps to all history conversations 𝐻, we will finally obtain a

history memory matrix C ∈ R𝑀×𝑑 containing a history memory for each history conver-

sation, where 𝑀 is the number of history conversation sessions.

3.3.2 History-aware Context Encoder

History conversation sessions usually contain the background stories (e.g., interlocutors’

profiles or previous discussions between them) that bring out the current conversation

session. Leveraging the history conversations will help the model to better understand

the current conversation context and respond properly. On the other hand, the current

conversation context can help the model update the history memories. Thus, we encode

the history memory C together with the current conversation context by adopting the

transformer attention between them.

For the current conversation context 𝑋, we also prepend a special token “User:”

or “Assistant:” to each utterance depending on the role of the utterance speaker and

concatenate all utterances into a single sentence. Then, we adopt the embedding layer

𝐸𝑚 to obtain a sequence of context token embeddings S = {s1, s2, · · · , s𝑛𝑥 }, where 𝑛𝑥 is

the length of the context sequence. Next, we concatenate the history memory matrix

C ∈ R𝑀×𝑑 with S ∈ R𝑛𝑥×𝑑 over the first dimension and apply 𝑛𝑒𝑛𝑐 Transformer encoder

layers.
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Figure 3.5: The structure of the history-aware response generator in HAHT.

By employing attention in the transformer encoder layers, our model can understand

the conversation context by attending to all context token embeddings and history con-

versation memories. We denote this history-aware context encoding by S𝑐 ∈ R𝑛𝑥×𝑑. After

context encoding, history conversation memories are updated based on the latest infor-

mation from the current conversation context. We denote this context-updated history

memory as C𝑠 ∈ R𝑀×𝑑. The concatenation of C𝑠 and S𝑐 over the first dimension will

become the input of the response generator.

3.3.3 History-aware Response Generator

Inspired by CopyNet [90], we construct two vocabularies, i.e., generic vocabulary 𝑉𝑔 and

history-aware vocabulary 𝑉ℎ, to better generate history-aware responses. The generic

vocabulary 𝑉𝑔 contains the words that appear in all the training dataset, and the history-

aware vocabulary 𝑉ℎ only contain the words that appear in the history conversations

𝐻. To generate a word of the response, the response generator will choose to gener-

ate a generic word from 𝑉𝑔 or directly copy a word from 𝑉ℎ based on the switching

mechanism [91].
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Specifically, at each decoding time step 𝑡, we feed C𝑠 , S𝑐 and the ground truth word

sequence before 𝑗 into 𝑛𝑑𝑒𝑐 Transformer decoder layers and obtain a hidden representa-

tion vector o 𝑗 ∈ R𝑑. The probability distribution over the generic vocabulary 𝑉𝑔 at the

decoding time step 𝑡 is computed as,

𝑃𝑣𝑔 = softmax
(
FC1(o𝑡)

)
, (3.4)

where FC1 is a fully connected layer.

To calculate the probability distribution over the history-aware vocabulary 𝑉ℎ, we

adopt a max-pooling layer over the context-updated history memory C𝑠, a fully con-

nected layer, and a softmax function as follows,

𝑃𝑣ℎ = softmax
(
FC2(max-pooling(C𝑠))

)
, (3.5)

where FC2 is a fully connected layer.

The final word probability distribution at time step 𝑡 is computed by using a switching

mechanism between 𝑃1 and 𝑃2 as follows,

𝑃 = 𝛼𝑣𝑔 ∗ 𝑃𝑣𝑔 + 𝛼𝑣ℎ ∗ 𝑃𝑣ℎ , (3.6)

where 𝛼𝑣𝑔 and 𝛼𝑣ℎ is the switching probability of generating from generic vocabulary or

copying from history conversations. 𝛼𝑣𝑔 and 𝛼𝑣ℎ is calculated as follows,

[𝛼𝑣𝑔 , 𝛼𝑣ℎ] =

softmax
(
FC3( [𝑜 𝑗 ; max-pooling(C𝑠)])

)
, (3.7)

where FC3 is a fully connected layer, and [;] is a concatenation operation over the last

dimension.

3.3.4 Model Training

We train the model to maximize the generation probability of the target response, given

the current conversation context and history conversations in an end-to-end manner.

The loss function of HAHT is defined as,

L = −
𝑛𝑦∑︁
𝑡=1

log
(
𝑃(𝑦 𝑗 |𝑋, 𝐻, 𝑦<𝑡)

)
, (3.8)

where 𝑋 denotes the current conversation context, 𝐻 denotes all history conversations,

𝑦<𝑡 denotes tokens before time step 𝑡, and 𝑛𝑦 denotes the length of the ground truth

response.
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Session
number

Train Valid Test
Conv. Utter. Conv. Utter. Conv. Utter.

1★ 8939 131,438 1000 7,801 1015 6,634
2 4000 46,420 500 5,897 501 5,939
3 4000 47,259 500 5,890 501 5,924
4 1001 11,870 500 5,904 501 5,940
5 - - 500 5,964 501 5,945

Total - 236,987 - 31,456 - 30,382

Table 3.1: The statistics of Facebook Multi-Session Chat (Facebook MSC) Dataset.
Session number 𝑖 indicates there are 𝑖-1 history conversation sessions that happen
before the last conversation session.★: Session 1 does not contain history conversation
sessions.

Model
Session 2 Session 3 Session 4 Session 5

B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L
BlenderBot 2.79 0.65 13.73 2.41 0.45 13.06 2.14 0.39 12.76 2.26 0.45 12.75

BlenderBotmsc 4.76 1.51 16.18 5.03 1.61 16.39 4.78 1.49 15.56 4.98 1.48 16.10
FID-RAG 4.82 1.54 16.53 5.04 1.61 16.42 4.84 1.48 15.89 5.06 1.57 16.01

HAHT (ours) 5.07∗ 1.57 16.90∗ 5.27∗ 1.67 16.72∗ 5.00∗ 1.55∗ 15.97∗ 5.16∗ 1.60∗ 16.42

Table 3.2: Automatic evaluation results of different models on all session data. Ses-
sion 𝑖 indicates there are 𝑖-1 history conversation sessions. B-2, B-3, and R-L denote
BLEU-2, BLEU-3, and Rouge-L respectively. The best results are in boldface. ∗

indicates that the improvement over the best baseline method is statistically signifi-
cant with 𝑝 < 0.01 using student t-test.

3.4 Experimental Settings

In this section, we introduce the experimental dataset, evaluation metrics, baseline meth-

ods, and model settings.

3.4.1 Experimental Dataset

The experiments are performed on a large dataset, i.e., Facebook MULTI-SESSION

CHAT (Facebook MSC) [21]. It is a crowdsourced dataset consisting of multiple chat

sessions, where the speaking partners learn about each other’s interests and discuss the

things they have obtained from past sessions. The number of history conversations in

Facebook MSC varies from 1 to 4. Session number 𝑖 indicates there are 𝑖-1 history

conversations happening before the last conversation session. The statistics of the Face-
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Model Readability
Context

Relevancy
History

Relevancy
BlenderBot 1.78 1.13 0.09

BlenderBotmsc 1.82 1.56 0.13
RAG-FID 1.89 1.84 0.21

HAHT (ours) 2.05∗ 2.03∗ 0.33∗

Table 3.3: Human evaluation of the response generation by different methods. All
scores are rated in four levels 0/1/2/3. ∗ indicates that the improvement over the
best baseline method is statistically significant with 𝑝 < 0.01 using student t-test.

book MSC dataset are summarized in Table 3.1. As session 1 does not contain history

conversations, we evaluate our model from session 2-5.

3.4.2 Evaluation Metrics

We conduct both automatic and human evaluations to demonstrate the effectiveness

of the proposed model. For automatic evaluations, we leverage BLEU-2, BLEU-3 [92],

and ROUGE-L [93] to measure word overlaps between the generated response text and

ground truth text.

Moreover, we also randomly sample 50 MSCs from the test set to conduct human

evaluations. We present all the history conversation sessions, current conversation con-

text, and the generated responses to three well-educated annotators. The annotators

will evaluate the quality of the generated responses from the following three aspects: 1)

Readability, which measures whether the generated responses are natural and fluent,

2) Context Relevancy, which measures whether the generated responses are correlated

with the current conversation context, 3) History Relevancy, which measures whether

the generated responses are correlated with history conversations. Each aspect is rated

in four different levels 0/1/2/3, and the final score of each aspect is the average of the

scores given by all annotators. For all evaluation metrics, the higher value indicates

better performance.

3.4.3 Baseline Methods

We compare the proposed HAHT model with the following baseline methods.

32



Chapter 3. History-Aware Multi-session Open-domain Dialogue Systems

Model
Session 2 Session 3 Session 4 Session 5

B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L
BlenderBot 4.71 1.47 18.20 3.85 0.93 17.10 3.69 0.83 16.78 4.00 1.19 17.19

BlenderBotmsc 6.39 2.56 19.30 5.82 1.93 18.67 5.30 1.76 17.9 6.10 2.30 18.65
FID-RAG 6.41 2.51 19.82 5.83 1.95 18.38 5.81 1.85 18.44 6.02 2.27 18.52

HAHT (ours) 6.69∗ 2.73∗ 20.02∗ 6.03∗ 2.20 18.70∗ 5.48 1.95 18.00 6.38∗ 2.51∗ 19.18∗

Table 3.4: Automatic evaluation results of different models on session-opening data.
Session 𝑖 indicates there are 𝑖-1 history conversation sessions. B-2, B-3, and R-L
denote BLEU-2, BLEU-3, and Rouge-L respectively. The best results are in bold-
face. ∗ indicates that the improvement over the best baseline method is statistically
significant with 𝑝 < 0.01 using student t-test.

• BlenderBot [66]: This is a large-scale open-domain dialogue model pre-trained

on the dialogue data scraped from social discussions on the web.

• BlenderBotmsc: This is the BlenderBot model finetuned on the MSC dataset.

• FID-RAG [82] : In this method, RAG-trained retriever [81] is used to retrieve

top-𝑁 history conversations, and Fusion-Decoder (FiD) [94] is adopted to gener-

ate a final response considering the retrieved history conversations and current

conversations. Following [21], 𝑁 is empirically set to 5.

3.4.4 Model Settings

In this chapter, all the evaluated methods are trained following the same settings. Due

to the limitation of computation resources, we use the BlenderBot model with 90M

parameters as the initial pre-trained model and finetune it on the Facebook MSC dataset.

The input length truncation is set to 256. The number of Transformer encoder layers

𝑛𝑒𝑛𝑐 and encoder layers 𝑛𝑑𝑒𝑐 are both set to 12. For model training, we use the Adamax

optimizer [95] with a learning rate of 1 × 10−6 , batch size of 16, dropout ratio of 0.1,

and early stopping patience of 10.

3.5 Experimental Results

This section presents the experimental results of automatic evaluation, human evalua-

tion, evaluation on session openings, ablation study, and case study.
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Model
Session 2 Session 3 Session 4 Session 5

B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L B-2 B-3 R-L
HAHT 5.07 1.57 16.90 5.27 1.67 16.72 5.00 1.55 15.97 5.16 1.60 16.42

HAHTw/o HIER 5.00 1.57 16.72 5.19 1.63 16.61 4.86 1.49 15.90 5.10 1.57 16.21
HAHTw/o HIST 4.98 1.50 16.81 5.09 1.58 16.51 4.75 1.45 15.51 5.10 1.49 16.24
HAHTw/o SW 5.01 1.56 16.86 5.19 1.61 16.46 4.87 1.55 15.88 5.07 1.55 16.17

Table 3.5: The performance achieved by HAHT and different HAHT variants. Ses-
sion 𝑖 indicates there are 𝑖-1 history conversation sessions. B-2, B-3, and R-L denote
BLEU-2, BLEU-3, and Rouge-L respectively. The best results are in boldface. ∗

indicates that the improvement over the best baseline method is statistically signifi-
cant with 𝑝 < 0.01 using student t-test.

3.5.1 Automatic Evaluation

The automatic evaluation results of different models are shown in Table 3.2. It can be

observed that BlenderBotmsc performs much better when finetuned on the MSC dataset.

FID-RAG performs better than BlenderBotmsc. The potential reason is that RAG can

retrieve important history conversations, and FID can combine the retrieved conversa-

tions with current conversations to generate better responses. Moreover, the proposed

HAHT model consistently outperforms baseline methods in terms of all the evaluation

metrics. This indicates that HAHT can better encode the history conversations, lever-

age history conversations to understand the current conversation context, and generate

more human-like responses.

3.5.2 Human Evaluation

Table 3.3 summarizes the human evaluation results on the Facebook MSC dataset. Gen-

erally, HAHT outperforms all the baseline methods in terms of all perspectives. This

observation is consistent with the automatic evaluation results shown in Table 3.2. In

particular, we find that HAHT performs much better than other baselines in terms of

history relevancy. This demonstrates that HAHT can better leverage the history con-

versation sessions and engage the user more in the on-going session with the history

memory. HAHT also performs better than other baselines in terms of readability and

context relevancy. This indicates that HAHT can better understand the current conver-

sation context with the help of the history memory.
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3.5.3 Evaluation on Session Openings

In the MSC task, the session opening is the first conversation turn of the current con-

versation. According to our observation and the similar observation in [21], the opening

conversation turn is categorically different from other conversation turns. It typically

involves a statement or question that aims to reengage the other speaker based on the

known information that has been exchanged in history conversations. Therefore, the

performance on the session opening data can further demonstrate the model’s capability

in understanding and leveraging history conversations.

We compare all models on these opening responses and show the results in Table 3.4.

We observe that the proposed HAHT model achieves the best performance in terms of

most metrics. Especially, when there are 4 history conversations, HAHT outperforms

FID-RAG and BlenderBotmsc by 10.6% and 9.1% in terms of BLUE-3. This indicates

that the proposed HAHT can better leverage conversation history to reengage the user

into a new conversation session.

3.5.4 Ablation study

To better understand the effectiveness of each main component of HAHT, we conduct

ablation study for HAHT. Specifically, we consider the following variants of HAHT.

• HAHTw/o HIER: In this variant, we do not encode the history conversations

hierarchically. Instead, we concatenate all the utterances of history conversations

into a long sentence and directly encode it using the transformer encoder.

• HAHTw/o HIST: In this variant, we remove the history encoder from HAHT.

• HAHTw/o SW: In this variant, we remove the switching mechanism from the

response generator of HAHT.

Table 3.5 summarizes the results achieved by different HAHT variants, in terms

of BLEU-2, BLEU-3, and Rouge-L. From Table 3.5, we note that HAHT outperforms

HAHTw/o HIER, which indicates that hierarchically encoding the history conversations

can help the model reserve more history memory to generate more human-like responses.
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History Conversation Sessions
...
User: ... Have you had fish lately?
Agent: Yes! I had salmon the other night with my partner !
User: That’s great! Salmon is one of my favorite types of fish. ...
Agent: Yes! Salmon is our favorite fish as well! We also love it in

sushi!
...
Agent: Not in a while. It is expensive and my partner and I are saving

up to buy a house!
...

Current Conversations
User: We should go eat seafood with our significant others.

Responses from Different Dialogue Systems
BlenderBot: Sounds like the perfect plan!
BlenderBotmsc: That sounds like a great idea! I’m sure we’ll have a great time.
FID-RAG: That sounds like a great idea! I’m not sure if we’ll be able to get

the seafood to work, but I’d love to go.
HAHT (ours): That sounds great! I’ll bring my husband along. We all love

seafood.

Table 3.6: Case Study.

Moreover, HAHT achieves better performance than HAHTHIST. This observation in-

dicates that removing the history encoder causes the most decline in all metrics. This

result confirms the necessity to leverage history conversations to understand the cur-

rent conversation and generate the response. In addition, the performance degradation

caused by removing the switching mechanism shows that directly copying words from

the history conversation can help the model generate more history-aware responses.

3.5.5 Case Study

Table 3.6 shows a case study about the multi-session conversations generated by different

models. Compared with baseline models, the proposed HAHT model can better leverage

the history conversations to understand the current conversation and generate more

history-aware responses. As shown in Table 3.6, when the user expresses the intention

to ”eat seafood with significant others”, HAHT can remember information mentioned

in the history conversation that it has a partner, the partner is her husband, and they
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both like seafood. HAHT can leverage those history memory and generate more human-

like, context relevant, and history-aware responses: “That sounds great! I’ll bring my

husband along. We all love seafood.”.

3.6 Limitations

One limitation of this work is that HAHT has only been evaluated on one dataset.

However, to the best of best of our knowledge, Facebook MSC is, by far, the only large-

scale multi-session conversation dataset available. Nevertheless, our proposed model

consistently outperforms baseline models on conversations with different numbers of

history sessions in Facebook MSC. A potential solution to this limitation is to construct

more MSC datasets in open-domain or in specific-domain that may benefit from the

awareness of history conversations, e.g., conversational recommendation or automatic

medical assistants.

3.7 Summary

In this chapter, we propose the History Aware Hierarchical Transformer (HAHT) model

for the multi-session open-domain dialogue system. Differing from previous works that

concatenate history conversation sessions with the current conversation context, the pro-

posed HAHT model hierarchically encodes the history conversation sessions into history

memory. Then, HAHT encodes conversation context leveraging history memory and

updates the history memory based on the current conversation context. Finally, the

switching mechanism is used to explicitly generate history-ware responses. Experimen-

tal results obtained under both the normal multi-session conversation setting and the

session opening multi-session conversation setting demonstrate that HAHT can generate

more humanized and history-aware responses than state-of-the-art models.
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Chapter 4

Understanding the Benefits of
Conversations for Explainable AI

4.1 Overview

While personalization and continuity focus on adapting to users over time and across

sessions, another critical aspect of user-centered dialogue systems is their ability to serve

users with diverse backgrounds and knowledge levels. A personalized and memory-aware

system may still fall short if it assumes uniform user expertise or communication pref-

erences. To truly support all users, dialogue systems must be designed to be accessible

and understandable for individuals from different domains and with varying levels of

familiarity with complex topics.

When users encounter relevant complex scientific content, they may struggle to un-

derstand it. A dialogue system that offers personalized responses to users’ questions can

significantly facilitate their understanding of such complex scientific material. However,

users are often from different domains with different knowledge levels. A user-centered

dialogue system should be accessible and adaptable to those diverse individuals. In this

chapter, we focus on Explainable AI, which is an important but complex scientific topic

for lay users to understand [22, 23]. We conduct Wizard-Of-Oz experiments to explore

the potential benefits of conversations for explainable AI.

The rapid advancement of Artificial Intelligence (AI) is largely powered by opaque

deep neural networks (DNNs), which are difficult to interpret by humans [96]. The

lack of transparency prevents verification of AI decisions by human domain experts and
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is especially concerning in areas of high-stake decisions, such as healthcare and law

enforcement, where erroneous algorithmic decisions could lead to severe consequences

[97, 98, 99] and erosion of public trust [100, 101]. To improve the explainability of AI

models, numerous eXplainable Artificial Intelligence (XAI) methods have been proposed

(for detailed reviews, we refer readers to [102, 103, 96]). It has been reported that

explainability enhances user understanding [104] and trust [105, 106] in AI models,

improves human-AI collaboration in decision-making [107, 108], and helps AI developers

identify and rectify model errors [109, 110]. Despite these successes, a number of recent

studies find that the explanations often do not resolve user confusion regarding the

neural networks they are purported to explain [22, 111, 104, 112, 113, 114, 115, 23].

These seemingly conflicting findings warrant further investigation.

We postulate that two major factors contribute to the ineffectiveness of AI expla-

nations. First, the explanations do not properly account for average users’ knowledge

of machine learning, which may be insufficient to establish causal relations between

the explanations and the model behaviors [22, 116, 117, 118]. Communication theory

posits that effective communication requires the senders and receivers to establish com-

mon ground [119, 120]. However, experts usually find it hard to accurately estimate

what laypeople know [121, 122, 123]. To make matters worse, underestimating and

overestimating the receivers’ knowledge level are equally detrimental to communication

[121, 113]. As a result, the explanations designed by experts are almost always at a

mismatch with the laypersons’ actual knowledge level.

Second, users of XAI have diverse intentions and information needs [112, 124, 114,

118]. For example, Liao and Varshney [125] identify five different objectives of users

of explanations, including model debugging, assessing the capabilities of AI systems,

making informed decisions, seeking recourse or contesting the AI, and auditing for le-

gal or ethical compliance. One static explanation usually cannot satisfy all objectives

and purposes. Therefore, researchers have suggested injecting interactivity to model

explanations in order to establish common ground, address knowledge gaps, and create

customized explanations that adapt to the users [113, 126, 127, 128, 129, 130].

Existing work on interactive explanations can be broadly categorized into two types.

The first type, interactive machine learning [131, 132], allows users to provide feedback
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and suggestions to the machine learning model using model explanations. Their pri-

mary goal is to improve machine learning performances, rather than explaining model

behaviors to layperson users. In this setting, explanations have been shown to improve

user satisfaction [133] and feedback quality [134, 135]. The second type aims to elu-

cidate model behaviors by allowing users to freely modify input features and observe

how outputs change while showing feature attribution explanations [129, 136, 137, 138].

This type of interactivity has been shown to improve user understanding [129] and per-

ceived usefulness [136] of AI models. However, the effective use of these interactive

approaches still requires a rudimentary understanding of machine learning, such as the

generic relation between input and output, or what model properties the interpretations

reveal. These interactive explanations cannot answer most types of follow-up questions

laypeople may have.

Free-form conversations that accompany static explanations are arguably the most

versatile mode of interaction as they allow users to ask arbitrary follow-up questions and

receive explanations tailored to their backgrounds and needs [114, 139, 113]. Through

interviews with decision-makers, Lakkaraju et al. [113] discover that they have a strong

preference for explanations in natural language dialogue. They argue that conversational

explanations satisfy five requirements of interactive explanations and are ideal for users

with limited machine learning knowledge. With the progress in conversational characters

[140, 141, 142], especially knowledge-based question answering [143, 144, 145] powered

by large language models [146, 147, 148], AI systems that can answer questions about

their own decisions appear to be within our reach in the near future. However, before

investing effort to develop such a chatbot, it would be beneficial to empirically quantify

the effects of conversational explanations.

In the current study, we conduct Wizard-of-Oz experiments to investigate how con-

versations assist users in understanding static explanations of image classification mod-

els, improving acceptance and trust in XAI methods, and selecting the best AI models

based on explanations. Specifically, a total of 120 participants join our experiments. We

first present them with static explanations for an image classification task and measure

their objective understanding and subjective perceptions of static explanations. After

that, half of the participants, who are assigned to the experimental group, seek to clarify
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any doubts with an online textual conversation with an AI system, played by human

XAI experts. The other half of the participants, assigned to the control group, read ma-

terials about the static explanations independently. After the conversation or reading

session, participants complete the same pre-session measurements. From the results, we

estimate the effects of conversational explanations.

The experimental measurements include both an objective component and a subject

component of the users’ understanding and perception. In the objective evaluation,

from three candidate neural networks, the users need to choose one network that would

be the most accurate on test data so far unobserved, using information from the static

explanations. This task, known as model selection, is one of the most fundamental tasks

for machine learning practitioners [149]. By design, the three candidate networks make

exactly the same predictions on the same inputs but have different rationales for the

predictions, as revealed by the static explanations. Hence, the only way for the users

to make the right choice is to correctly understand the explanations. The subjective

evaluation contains 13 questions requiring users to self-report three aspects of their

perceptions of the static explanations: comprehension, acceptance, and trust.

Results show that free-form conversations with XAI experts in the Wizard-of-Oz

setting significantly improve comprehension, acceptance, trust, and collaboration with

static explanations. Our study underscores the effects of free-form conversations on neu-

ral network explainability in practice and provides insights into the future development

of conversational explanations. To the best of our knowledge, this is the first study of

how free-form conversations may facilitate neural network explainability in practice.

4.2 Related Work

In this section, we review three bodies of research that motivate our study. First, we

explore the existing work of static Explainable Artificial Intelligence (XAI). Second, we

discuss interactive explanations, especially the limitations of existing methods and the

need for conversations to enhance explainability. Lastly, we examine different types of

human-AI collaboration and the design of the subjective evaluation during collaboration.
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4.2.1 Static Explanation

Explainable Artificial Intelligence (XAI) refers to those models that can explain either

the learning process or the outcome of AI predictions to human users [102]. Static XAI

involves models that provide a fixed, one-time explanation, without the capability for

further user interaction or exploration. They are usually categorized into two groups:

self-explanatory models and post-hoc methods. Post-hoc methods can be categorized

into feature attribution methods and example-based methods. Self-explanatory mod-

els are inherently transparent, offering clarity in their decision-making processes and

facilitating explainability [103, 96]. Examples of such models include linear regression,

logistic regression, decision trees, Naive Bayes, attention mechanism [150], decision sets

[151], rule-based models [152, 153], among others. However, the requirements of self-

explanatory models place constraints on model design, which may cause them to under-

perform in complex tasks. Conversely, the majority of recent XAI methods are post-hoc

XAI methods, which can be used for an already developed model that is usually not in-

herently transparent [154, 155, 156, 157, 158, 96]. These methods often do not attempt

to explain how the model works internally, but instead, employ separate techniques to

extract explanatory information. Post-hoc XAI methods can be viewed as reverse en-

gineering processes that employ other independent explanatory models or techniques

to extract explanatory information without altering, elucidating, or even understand-

ing the inner workings of the original black-box model. There are two main groups of

methods to generate post-hoc XAI explanations, i.e., feature attribution methods and

example-based methods.

4.2.1.1 Feature Attribution Methods

Feature attribution methods [159, 154, 160, 161, 162, 155, 163, 164, 165, 166, 167] ex-

plain model predictions by investigating the importance of different input features to final

predictions. There are two main types of feature attribution methods, gradient-based

methods [160, 159, 154, 161, 162] and surrogate methods [155, 163, 164, 165, 166, 167].

Gradient-based methods use gradients/derivatives to evaluate the contribution of a

model input on the model output. An example method is Grad-CAM [154]. It superim-

poses a heatmap on the regions of important input features by weighting the activations
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of the final convolutional layer by their corresponding gradients and averaging the result-

ing weights spatially. Besides directly calculating the importance score of input features,

several methods propose to use a simple and understandable surrogate model, e.g., a

linear model, to locally approximate the complex deep neural model. Surrogate models

can explain the predictions from the complex deep neural model due to their inherent

interpretable nature. LIME and its variants are typical methods for generating local

surrogate models. LIME [155] builds a linear model locally around the data point to be

interpreted and generates an instance-level explanation for the output.

4.2.1.2 Example-based Methods

Example-based methods [156, 157, 168, 169, 170, 171] refer to those that explain pre-

dictions of black-box models by identifying and presenting a selection of similar or

representative instances. Those examples can be selected or generated from different

perspectives, such as training data points that are the most influential to the pa-

rameters of a prediction model or the predictions themselves [172, 156, 173], coun-

terfactual examples that are similar to the input query but with different predictions

[157, 174, 175, 176, 168, 169, 170], or prototypes that contain semantically similar parts

to input instances [177, 178, 171, 179, 180, 181].

In this chapter, we mainly focus on feature attribution methods as they directly

highlight the importance of input features, making the decision-making process of models

more intuitive [182] than example-based methods for laypeople. Specifically, we select

Grad-CAM from gradient-based methods and LIME from surrogate methods to conduct

conversational explanations with participants.

4.2.2 Interactive Explanation

Several studies emphasize the need for interactivity in XAI methods [113, 126, 127, 128].

For instance, Lakkaraju et al. [113] find that decision-makers strongly prefer interactive

explanations. Similarly, a literature analysis by Abdul et al. [126] suggests that interac-

tions can help users progressively explore and gather insights from static explanations.

Rohlfing et al. [128] reason that explanations should be co-constructed in an interaction
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between the explainer and the explainee, adapting to individual differences since the hu-

man understanding process is dynamic. From an interdisciplinary perspective, Schmid

and Wrede [127] underscore the necessity of user-XAI interactions to adapt to diverse

information requirements.

To integrate interactivity and explainability, two primary methodologies emerge.

One group of methods focuses on using explanations to help users provide feedback

about improving machine learning models. In these methods, the interactivity lies in

the cycle of model explanation, user feedback, and model improvement. Explanations

aim to help users better understand model decisions and provide valuable feedback.

As a result, machine learning models can be incrementally trained with additional loss

terms from explanatory feedback [135, 183, 134, 184, 185, 133] or with added data points

[186, 187, 188, 189]. However, these methods are aimed at machine learning practitioners

who can well understand and utilize explanations. Another group focuses on enhancing

user understanding of explanations by allowing them to modify the model input and

observe changes in the corresponding output. Such interactivity has been shown to

improve user comprehension and the perceived utility of AI models [129, 136]. For

instance, Tenney et al. [137] and Hohman et al. [138] propose different user interfaces

that allow for debugging and understanding machine learning models by examining

input-output relationships. However, a rudimentary understanding of machine learning

is still required for effective utilization of these interfaces, such as the generic relation

between input and output, or what model properties the interpretations reveal.

HCI researchers have recently proposed that XAI methods should align with the

ways humans naturally explain mechanisms. Specifically, Lombrozo [190] argues that an

explanation is a byproduct of a conversational interaction process between an explainer

and an explainee. Miller [123] argues that explanations should contain a communica-

tion process, where the explainer interactively provides the information required for the

explainee to understand the causes of the event through conversations. Building on this

perspective of human explanations, recent works envision ”explainability as dialogue” to

provide explanations suitable for a wide range of layperson users [114, 139, 113]. While

there is much theoretical analysis about the significance of conversations in explainabil-

ity, practical investigations into their impact on users remain limited. In this context,
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two previous works have investigated the practical effect of conversations for explain-

ability [115, 23]. Shen et al. [23] apply conversational explanations to scientific writing

tasks, observing improvements in productivity and sentence quality. Slack et al. [115]

design dialogue systems to help users better understand machine learning models on

diabetes prediction, rearrest prediction, and loan default prediction tasks. Despite these

advances, the conversations in these studies are generated based on templates and cope

with limited predefined user intentions. In this study, we explore the role of free-form

conversations in enhancing users’ comprehension of static explanations, and how they

affect users’ acceptance, trust, and collaboration with these explanations.

4.2.3 Human-AI Collaboration

Human-AI collaboration is an emerging research area, which explores how humans and

AI systems can work together to achieve shared goals [191, 192, 182]. Prior studies

within this domain have investigated collaborations between humans and various AI

systems, from robots [193, 194, 195, 196, 197] to virtual agents [198, 98, 199, 200]. The

tasks involved span a broad scope, including text [104] and image [182] classifications,

medical diagnosis [98], deception detection [108] and cooperative games [193, 198, 201].

An area of particular interest within these collaborations is the role of explanations in

influencing human-AI decision-making [202, 107, 108, 104].

Our study aligns with existing work on human-AI collaboration [202, 107, 108, 104,

201]. In our work, participants need to collaborate with explanations to choose the most

accurate neural networks among others. Instead of exploring the role of explanations

in collaboration, we mainly examine the potential of conversations in aiding users to

effectively use explainability techniques and understand their outputs.

4.3 Method

Our study aims to investigate the impact of conversations on the explainability of AI

models by observing participants’ comprehension, acceptance, trust of the static expla-

nations, and ability to use the explanations to select the most accurate neural networks

before and after the conversation. Our study has received approval from the Institutional

Review Board at Nanyang Technological University (#IRB-2023-254).
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Table 4.1: Academic disciplines of our participants and the number of participants
in each group. There are 120 participants from 4 different discipline groups.

Academic Discipline Number of Participants
Business 23
Engineering 16
Humanities 55
Science 26

4.3.1 Participants

A total of 120 participants joined our study. All were 21 years old or older, fluent in

English, and had not been involved in research about XAI previously. We recruited our

participants in two ways: by posting advertisements on an online forum and by emailing

students and staff across various departments and schools. They are from a wide range

of disciplines to promote diversity. For ease of reporting, we categorize their disciplines

into four groups:

• Business, including Business and Accountancy.

• Engineering, including Civil and Environmental Engineering, Computer Science,

Electrical and Electronics Engineering, Maritime Studies, and Food Science.

• Humanities, including Psychology, Economics, Communication Studies, Linguis-

tics and Multilingual Studies, and Sociology.

• Science, including Biology, Chemistry, Chemical Engineering and Biotechnology,

Sport Science & Management, Mathematics, Medicine, and Physics.

Table 4.1 shows statistics of the academic disciplines that the participants enrolled in.

4.3.2 Experimental Task

In our study, we focus on the image classification task on the ImageNet dataset [203]. Im-

age classification task is a cornerstone in the field of computer vision (CV) that has been

the subject of various human-AI collaborative studies [204, 171]. We train three clas-

sification models with different top-1 classification accuracies: Swin Transformer [205]
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(a) Input to the classification

model (Swin Transformer)

(b) Explanation generated by

Grad-CAM

(c) Explanation generated by

LIME

Figure 4.1: Example explanations generated by Grad-CAM and LIME. (a) is the
input to the classification model (Swin Transformer), (b) is the explanation generated
by Grad-CAM, and (c) is the explanation generated by LIME. The predicted class
of the model is ”Siamese cat”.

(84.1%), VGG-16 [206] (71.6%), and AlexNet [207] (56.5%). To generate explanations

for model predictions, we select two explanation techniques from two main categories of

feature attribution explanation methods: LIME [155] (a surrogate method) and Grad-

CAM [154] (a gradient-based method). We focus on feature attribution explanations as

we believe the relationship between input features and model predictions is more intu-

itive to understand than example-based methods for laypeople [182]. Figure 4.1 displays

example explanations generated by these two explanation methods.

To conduct the study, we design and build a web-based platform where participants

can remotely finish the whole procedure of the experiment. After users log into the

platform, we first evaluate their objective and subjective understanding of static expla-

nations. The objective explanations require participants to choose, from three classifica-

tion models, the most accurate on unobserved test data. The three classification models

yield identical decisions on 5 images. The only differences between the three networks

lie in their explanations. Hence, to select the best model, the participants must rely on

the explanations. Figure 4.2 presents an example question, including the original image,

the model outputs, and the explanations. The full set of questions used in the study is

listed in Figure 4.11 and 4.10.

The subjective evaluation measures participants’ self-reported perception of the static

explanations, including their comprehension [208, 129], acceptance [209, 210, 211, 212],
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Table 4.2: Detailed questions in the subjective evaluation. The user will respond to
each question using a 7-point Likert scale.

Aspect Question

Comprehension How much do you think you understand the explanations provided for
predictions of deep learning models?

Perceived
Usefulness

Using explanations would improve my understanding of deep learning
models’ predictions.

Using explanations would enhance my effectiveness in understanding
predictions of deep learning models.

I would find explanations useful in understanding predictions of deep
learning models.

Perceived
Ease-of-Use

I become confused when I use the explanation information.

It is easy to use explanation information to understand predictions of
deep learning models.

Overall, I would find explanation information easy to use.

Behavioral
Intention

I would prefer getting explanation information as long as it is available
when getting predictions from deep learning models.

I would recommend others use explanation information to understand
predictions of deep learning models.

Trust

How would you rate the competence of the explanation method? -
i.e. to what extent does the explanation method perform its function
properly?

How would you rate the dependability of the explanation method?
- i.e. to what extent can you count on the explanation method to
explain predictions of deep learning models?

How would you rate your degree of faith that the explanation method
will be able to explain predictions of deep learning models in the
future?

How would you rate your overall trust in the explanation method?
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Figure 4.2: An example of the objective evaluation. The objective evaluation aims
to objectively measure participants’ comprehension of static explanations. Each
choice contains a prediction from a different classification model, paired with its
respective static explanation. Participants need to choose the best model based on
the explanations.

and trust [209, 210, 211, 213, 214]. Based on an in-depth review of existing literature,

we chose the questions from those that have been validated in prior research. The

subjective evaluation contains a total of 13 questions, each utilizing a 7-point Likert

scale for responses. Table 4.2 lists all the questions we used. Labels of the 7-point Likert

scale are listed in Figure 4.11 and 4.10.

After these two evaluations, participants are divided into two groups, i.e., the control

group and the experimental group. Participants in the control group read static expla-

nations for 15 minutes. Participants in the experimental group conduct conversational

explanations with participants in the Wizard-of-Oz (WoZ) setting [215]. They interact

with a dialogue system that they believe to be autonomous but is actually operated by

a human expert on machine learning.
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Figure 4.3: The web page where users can discuss static explanations with an expert.

To support the WoZ experiment, we built a conversation page with a two-section

structure, as depicted in Figure 4.3. On the left, the page shows a task description,

a textual description of the prediction model, a textual description of the explanation

technique, an example input image, the model prediction on the input image, a static

explanation for the prediction, and a textual description of the explanation. On the

right, the interface enables users to converse with XAI experts, seeking clarifications

and posing questions about the explanation. For the users in the control group, we

replace the textual chat user interface with a 15-minute timer. Once the timer reaches

zero, users are allowed to proceed to the post-evaluations. Users from both groups receive

the same post-evaluations, which are identical to the pre-evaluations. We discuss the

evaluations below.
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4.3.3 Experimental Design

There are two independent variables and two categories of dependent variables. The

independent variable in the experiments is the explanation method: LIME or Grad-

CAM and the method of understanding static explanations: conversation with human

experts or reading static explanations. As we devise both subjective and objective eval-

uations before and after conversations or readings, two categories of dependent variables

were collected in the experiment: the model selection accuracy and the self-reported

perception scores.

4.3.3.1 Objective Evaluation – Selection of Classification Models

The evaluation aims to objectively evaluate participants’ understanding of the static

explanations. Participants are presented with 5 input images, on which the three neural

networks make the same decisions. The only differences between the three networks

lie in their explanations. Participants need to choose the one that would be the most

accurate on unobserved test data. Hence, to make the correct selection, the participants

must understand the explanations. We use the accuracy of selecting the correct model

to measure participants’ objective understanding of static explanations.

We recognize that existing explanation techniques are not always faithful to the

underlying model [216, 217, 218] and do not always provide actionable information for

model selection. As our goal is to test if the users can understand the static explanations

when they do provide actionable information, rather than evaluating the static expla-

nations themselves, we selected input images where better classification models indeed

have more reasonable and intuitive explanations. This approach allows users to easily

pick the best classification models if they understand the static explanations well. We

deem an explanation more reasonable when it focuses more on discriminative features

that are unique to the predicted class and less on spurious features that are irrelevant

to the class. In addition, good models should have explanations that rely on multiple

types of discriminative features. This is because a model relying on multiple features is

robust and makes the correct decision even if some discriminative features are missing

or occluded. In the example in Figure 4.2, Model B is better than Model A or Model C

as Model B utilizes both the head and the body of the cat for classification. In addition,
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unlike Model A, Model B does not focus on the background, which is irrelevant to the

predicted class, Siamese Cat.

4.3.3.2 Subjective Evaluation

We also measure participants’ subjective perception of static explanations, including

their comprehension, acceptance, and trust. The subjective evaluation contains a total of

13 questions listed in table 4.2. All questions utilize a 7-point Likert scale for responses.

• Comprehension [208, 129]: Participants’ subjective perceptions of their under-

standing of explanations. It complements the objective evaluation, providing a

holistic perspective on participants’ understanding of static explanations.

• Perceived Usefulness [209, 210, 211]: The degree to which participants feel that

the explanations enhance their experience with deep learning models. Along with

perceived ease of use and behavioral intention, these three aspects measure partic-

ipants’ acceptance of static explanations. They are derived from the Technology

Acceptance Model (TAM) [209, 210, 211], a widely applied theory for understand-

ing individual acceptance and usage of information systems. As the explanations

are used by end-users, investigating their acceptance of the explanations is very

important.

• Perceived Ease of Use [209, 210, 211]: Participants’ assessment of the simplicity

and clarity of the explanations.

• Behavioral Intention [209, 210, 211]: The tendency of participants to utilize the

explanation information in the future.

• Trust [219, 220]: Participants’ confidence in the explanation methods keeping func-

tioning as intended. Trust has been recognized as an important factor in human-AI

collaboration as it mediates the human’s reliance on AI models, thus directly af-

fecting the effectiveness of the human-AI team [221, 222, 223, 224, 225].

The literature demonstrated that static explanations have inconsistent effects on

users’ trust in AI systems. On one hand, several studies have demonstrated that
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detailed explanations [226, 227, 225], contrastive explanations [228], and example-

based explanations [229] can enhance user trust in systems. On the other hand,

studies showed that static explanations do not have strong effects on user trust in

AI systems [129, 230, 112, 111].

One main reason for these inconsistent reports is that trust is mediated by the

users’ understanding of the static explanations [230, 112, 111], and such under-

standing is often absent. According to theories of trust [231, 232, 208], the ability

to build a mental model of AI systems is the key for user trust in AI. Unsurprisingly,

studies on the effects of static explanations for laypersons show that users with

limited knowledge of machine learning struggle to understand static explanations

and the decision-making processes they are supposed to explain. Consequently,

these users do not exhibit increased trust in AI systems after receiving static ex-

planations [111, 112].

With this chapter, we quantitatively investigate whether customized conversations

about static model explanations can enhance user understanding and improve

trust. The conversational approach toward explanations has been advocated by

previous studies [226, 233, 234, 139, 113] but never experimentally verified. For

example, through interviews with decision-makers, Lakkaraju et al. [113] found

that decision-makers strongly prefer conversational explanations that allow them

to ask follow-up questions.

4.3.4 Detailed Study Procedure

Before participation, individuals are required to sign an informed consent form that

outlines the objectives and procedures of the study. The form also clarifies compensation

details and assures both the anonymity and confidentiality of data collected during the

study. Upon signing the consent, participants receive an email that guides them to

access the study platform.

After logging in, a pop-up prompt provides an overview of the tasks ahead. Partic-

ipants then complete pre-experiment objective and subjective evaluations of the static

explanations. The objective evaluation measures participants’ understanding of static
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explanations by letting them choose, from three classification models, the most accurate

on unobserved test data. There are 5 explanation examples in the objective evalua-

tion. The subjective evaluation, with 13 self-reporting questions, probes the perceived

comprehension, acceptance, and trust towards the static explanations. Following these

evaluations, participants in the experimental group engage in a WoZ discussion about

static explanations. During the conversation, one example image is displayed on the

screen. The example image is different from those used in the evaluations; however, the

explanation methods remain the same. Participants are motivated to understand the

explanations as they need to select the best-performing classification model using expla-

nations only when doing objective evaluation. Our XAI experts faithfully answer the

user’s questions based on their knowledge, trying to help the user gradually understand

the explanation. For participants in the control group, they read the static explana-

tion for 15 minutes which is the average conversation time of the experimental group.

After the conversation or 15-minute reading, participants complete the same set of eval-

uations as before. All evaluation outcomes and conversation records are documented.

Upon study completion, each participant receives a $10 reward.

Table 4.3: Results of the experimental group before and after conversations, and the
control group before and after 15-minute reading. Each score is presented as mean
± standard deviation and the change 𝛿 before and after. ∗ 𝑝 < 0.001

Explanation
Methods

Group
Evaluation

Timing

Objective
Understanding

(Decision-Making
Accuracy)

Subjective
Understanding

Perceived
Usefulness

Perceived
Ease of Use

Behavioral
Intention

Trust

LIME
experimental

before 0.38 ± 0.20 4.03 ± 1.35 5.09 ± 1.07 4.48 ± 0.94 5.25 ± 0.95 4.15 ± 0.88
after 0.53∗ ± 0.16 5.30∗ ± 0.88 5.92∗ ± 0.66 5.28∗ ± 0.84 5.83∗ ± 0.81 4.92∗ ± 0.73

control
before 0.37 ± 0.17 4.57 ± 1.43 5.67 ± 0.95 4.87 ± 1.26 5.73 ± 0.69 4.37 ± 0.90
after 0.40 ± 0.20 4.60 ± 1.16 5.33 ± 0.96 4.48 ± 1.26 5.27 ± 1.08 4.36 ± 1.05

Grad-CAM
experimental

before 0.82 ± 0.21 4.17 ± 0.91 5.49 ± 0.97 4.71 ± 0.95 5.52 ± 0.65 4.40 ± 1.00
after 0.92∗ ± 0.11 5.43∗ ± 0.97 6.12∗ ± 0.60 5.58∗ ± 0.82 6.08∗ ± 0.79 5.19∗ ± 0.80

control
before 0.81 ± 0.20 4.07 ± 1.34 5.58 ± 0.59 4.36 ± 1.15 5.45 ± 0.71 4.22 ± 0.96
after 0.79 ± 0.19 4.40 ± 1.28 5.46 ± 0.69 4.70 ± 1.21 5.33 ± 0.83 4.42 ± 0.87

4.4 Results & Discussion

Table 4.3 tabulates the mean and standard deviation (SD) for all the measures. As

explanation methods (LIME vs. Grad-CAM) and group (experimental vs. control) are
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between-subjects variables and time (before vs. after) is a within-subject variable, we

conduct a three-way Analysis of Variance (ANOVAs).

4.4.1 Effects of explanations on objective decision accuracy and
subjective measures

Results show significant main effects of group (𝐹 (1, 116) = 5.60, 𝑝 = .02), method

(𝐹 (1, 116) = 218, 𝑝 < .001) and time (𝐹 (1, 116) = 12.51, 𝑝 < .001). The experimental

group, the Grad-CAM method, and the after-conversation condition display a higher

objective decision accuracy. We also find a significant interaction effect between group

and time (𝐹 (1, 116) = 11.3, 𝑝 = .01), as displayed in the figure 4.4. In the participant’s

initial decision, there were no significant differences between the experimental and con-

trol conditions. During participants’ final decision, those who interact with the XAI

expert (i.e., experimental condition) have better decision accuracy. This phenomenon

highlights the effectiveness of conversational explanations in enhancing the objective

understanding of static explanations of users.

Figure 4.4: Objective decision accuracy for different groups before and after condi-
tions.

We observe varied objective performance between LIME and Grad-CAM (𝐹 (1, 116) =
218, 𝑝 < .001). Grad-CAM has a higher accuracy of objective decision accuracy com-
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pared to LIME. A potential reason might be the inherently intuitive nature of the ex-

planations produced by Grad-CAM compared to LIME.

(a) LIME (b) Grad-CAM

Figure 4.5: Subjective understanding score for (a) LIME and (b) Grad-CAM before
and after conditions.

In terms of participants’ subjective understanding, we find a significant main ef-

fect of the evaluation timing (𝐹 (1, 116) = 4.08, 𝑝 < .001). Participants receiving

conversational explanations have a significantly larger improvement in subjective un-

derstanding. We also observe a significant interaction effect between group and time

(𝐹 (1, 116) = 37.3, 𝑝 < .001), shown in figure 4.5. Initially, there is no significant differ-

ence in the participants’ self-reported understanding of static explanations between the

experimental and control groups. After the conditions, participants in the experimental

group demonstrate a higher self-report understanding compared to those in the control

group.

The main effect of the explanation method (𝐹 (1, 116) = .72, 𝑝 = .40) is not significant

for participants’ subjective understanding, contrasting with its effect on objective under-

standing. Even though participants can intuitively choose the best classification model

based on the heatmap in the objective evaluation, participants’ initial self-reporting

understanding score of Grad-CAM is just slightly larger than 4 (average understand-

ing). This shows that participants still feel confused about how Grad-CAM works and

how it explains models’ predictions, even though they can perform well in the objective
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evaluation. This also demonstrates that subjective and objective evaluations measure

participants’ understanding of static explanations from complementary aspects. Self-

reporting scores can be influenced by personal biases, while the objective evaluation

might not capture users’ feelings about understanding. Combining both methods can

provide a comprehensive view of participants’ understanding of static explanations.

(a) LIME (b) Grad-CAM

Figure 4.6: Participants’ self-report usefulness score for (a) LIME and (b) Grad-
CAM before and after conditions.

For the perceived usefulness, results show a significant main effect of time (𝐹 (1, 116) =
14.6, 𝑝 < .001), as well as a significant interaction effect between group and time

(𝐹 (1, 116) = 52.9, 𝑝 < .001), as depicted in figure 4.6. The experiment group (i.e.,

receiving conversational explanation) results in a larger increment of perceived useful-

ness. For the control group, Grad-CAM increases perceived ease of use when participants

are given more time to view the static explanation. However, a reversed trend is ob-

served for the LIME method in the control group – the perceived ease of use drops after

additional time is provided.

Similar results are observed for participants’ perceived ease of use. There are sig-

nificant main effects of group (𝐹 (1, 116) = 5.19, 𝑝 = .002) and of time (𝐹 (1, 116) =
30.3, 𝑝 < .001), as well as a significant interaction effect between group and time

(𝐹 (1, 116) = 33.7, 𝑝 < .001). The perceived ease of use increases largely for the experi-

ment group after interacting with XAI experts. For the control group, the Grad-CAM
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(a) LIME (b) Grad-CAM

Figure 4.7: Participants’ self-report ease of use score for (a) LIME and (b) Grad-
CAM before and after conditions.

method increases perceived ease of use while LIME methods decrease it when giving

participants more time to view the static explanation.

(a) LIME (b) Grad-CAM

Figure 4.8: Participants’ self-report behavioral intention score for (a) LIME and (b)
Grad-CAM before and after conditions.

For the behavioral intention, results show a significant main effect of the time

(𝐹 (1, 116) = 3.92, 𝑝 = .005) and a significant interaction effect between group and

time (𝐹 (1, 116) = 3.92, 𝑝 < .001) as shown in figure 4.8. Participants increase their

behavioral intention and are more inclined to use explanations in future scenarios after
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receiving conversational explanations. On the contrary, the behavioral intention of the

control group decrease for both Grad-CAM and LIME.

The boost in usefulness, ease of use, and behavioral intention for the experimental

group can be attributed to the increased understanding of static explanations. Prior

to the expert interactions, participants might have had limited knowledge or even mis-

conceptions about the explanation methods. Experiment results show that participants

gain a clearer understanding of how the XAI methods function, after the participants’

questions are addressed in the conversations. Consequently, they report perceiving the

static explanations as more useful and easier to use, and report higher inclination to use

the static explanations in future tasks.

The perceived usefulness, ease of use, and behavioral intention of the control group

all decrease after reading static explanations for a longer time. This trend suggests a

decreased willingness to utilize explanations in future scenarios. The reluctance may be

attributed to the frustration the control group faced in attempting to comprehend the

static explanations on their own. Research by Carolin Ebermann and Weibelzahl [235] on

the impact of cognitive fit and misfit in the acceptance of AI system usage highlights this

phenomenon. They found that users experiencing a cognitive misfit with the AI system

often report negative moods, which in turn, reduce their perceived usefulness, ease of

use, and behavioral intention of the AI systems. The contrary results of the control

group and the experimental group also underscore the importance and effectiveness of

conversations in enhancing user behavioral intentions of static explanations.

For the trust, results show significant main effects of group (𝐹 (1, 116) = 4.31, 𝑝 = .04)

and time (𝐹 (1, 116) = 70.0, 𝑝 < .001). The experimental group and the after condition

display a higher trust score of participants. We also find a significant interaction effect

between group and time (𝐹 (1, 116) = 43.7, 𝑝 < .001), as displayed in the figure 4.9.

Initially, there were no significant differences in trust scores between the experimental

and control conditions. During participants’ final decision, those who interact with the

XAI expert (i.e., experimental condition) report a higher trust score. The enhancements

of the experimental group, contrasted with the unchanged trust score of the control

group indicate that informativeness and clarity through conversations can help static

explanations gain more trust from users. While there exist numerous studies on how
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(a) LIME (b) Grad-CAM

Figure 4.9: Participants’ trust for (a) LIME and (b) Grad-CAM before and after
conditions.

explanations of AI predictions can influence users’ trust in AI predictions [129, 236, 230,

111, 116, 182], to our knowledge, this is the first experiment designed explicitly to gauge

the impact of conversations on enhancing participants’ trust in explanations.

4.4.2 Analysis of Collected Conversations

We collect 60 free-form conversations between XAI experts and participants from 4

different discipline groups. On average, each conversation had 27.4 turns, with each

turn comprising approximately 14.4 tokens. By analyzing the users’ questions, we divide

them into six categories:

• Basic concepts in machine learning: Questions about basic terms and concepts

in machine learning that lay people may not know, e.g., what is a deep learning

model, what is accuracy, the model structure, and the training data, etc.

• Application and performance of machine learning models: Questions about the

ability, accuracy, and limitations of machine learning.

• Diagram reading: Questions about the explanation diagram generated by Grad-

CAM or LIME, e.g., what different colors represent in the heatmap.
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• Basic concepts in explainable AI: Questions about basic concepts of explanation

methods, e.g., what are explanation methods?

• Mechanism of explanation methods: Questions about how explanation methods

work and how the provided explanation is generated.

• Other explanations: Questions that require the generation of other types of ex-

planations on the current predictions, explanations for different predictions, or

comparisons between the provided explanation and other explanation methods.

Based on this categorization, we build a repository for questions that could occur in

the conversations. In total, we collected 397 questions from the six different categories.

Table 4.4 contains examples and the number of questions in each category. As ob-

served in Table 4.4, the questions of participants mainly revolve around basic concepts

in machine learning, the fundamentals of explanation methods, and their underlying

mechanisms. This trend might be attributed to the multi-disciplinarity of the partici-

pants. It suggests that many participants may not be familiar with machine learning

models and explanation methods, which is aligned with the real application of expla-

nation methods. Therefore, it’s crucial to tailor responses to these questions to help

users better understand explanations. Furthermore, we note a marked interest in new

explanations. This could indicate that as users become more familiar with provided

explanation examples, they exhibit curiosity about alternative explanation methods and

how models might behave under specific scenarios. Concurrently, the diagram reading

category contains only 16 questions, implying that explanations generated by Grad-CAM

and LIME were relatively straightforward and easy to understand. The diverse range of

questions sourced from our conversations underscores that static, one-off explanations

are often insufficient for users to understand them. Engaging in dialogue can provide

more dynamic and tailored explanations to users, hence deepening their understanding

of static explanations.

Having well internalized their knowledge, experts are often unable to estimate what

laypeople know [121]. This phenomenon is also referred to as the “curse of knowl-

edge” [237]. As a result, experts tend to overlook potential areas of confusion or make

unwarranted assumptions about what is “common knowledge”. While analyzing the
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Table 4.4: Overview of Collected Questions. Including categories of questions, ex-
amples, and the count of questions in each category.

Question
Category

Question Examples Num

Basic concepts
in machine

learning

• What is a deep learning model?

• What is the image classification task?

• How does the model know what features to extract?

85

Application,
performance,

and limitations
of machine

learning models

• How about the precision of the classification model?

• Where has this Swin Transformer classification method been used
in practical applications?

• Will the different species of an animal affect the classification model
categorizing the animal?

68

Diagram
reading

• Are regions colored in red areas that have been identified as con-
taining key features for the animal?

• What are the yellow line spots for (in LIME explanations)?

• What do the red and blue colors mean (in Grad-CAM explanations)?

16

Basic concepts
of explanation

methods

• What is the explanation model used for?

• Can LIME be used without the internet?

• What are some limitations of the Grad-CAM (LIME) method?

95

Mechanism of
explanation

methods

• Why does the (LIME) explanation not highlight all the parts of the
leopard?

• How LIME model recognize the most important parts for the model
prediction?

• Seems like the Classification Model and the Explanation Model are
trained separately - how can we be sure that the underlying logic of
making a prediction is the same for both models?

91

Other
explanations

• Can you list other visualization methods?

• Is there anything special about the Grad-CAM (or LIME) method
that is different from others?

• What if there are both fishes and humans in an image? How should
this image be classified, and can you provide such explanations?

42
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collected conversations, we often find ourselves unable to anticipate the user questions,

which corroborates the literature. We describe a few examples below.

Several participants misunderstood the idea of the heatmap produced by Grad-CAM

as depicting literal heat dissipating from objects. They infer that the model uses the

temperature of objects to perform classification. In reality, a heatmap is just a metaphor

that visualizes numerical values distributed spatially, which refers to the feature impor-

tance in our case. This misconception leads to questions about how the heat of objects is

measured and why non-living objects are warmer than their environment. Some exam-

ple utterances from participants include: “So the Grad-cam method basically just refers

to the usage of generating a heatmap to capture living matters correct? ... based on

the parts of the image that generate more heat?” –P36, “basically using heat to predict

what is the input right?...how will we know what is the animal or input simply based on

heat?” – P47, “if these are pictures, how do they figure out the heat since the animal isn’t

generating heat” – P49, “So a heat sensor is not required? A heatmap is automatically

generated from each photo and analyzed using the model.” – P52.

A second common misconception is the conflation between the post-hoc explanation

technique and the classification models. Some example user questions include: “is the

explanation method what the model uses to classify & predict what the image is supposed

to be?” – P6, “Swin transformer uses LIME model? ... what are the differences between

lime model and Swin transformer?” – P8. Furthermore, participants face challenges in

understanding certain terms commonly used in AI and XAI, even though these terms are

frequently used and understood within academic communities. Many participants asked

questions about basic concepts in machine learning, such as: “what is the explanation

method?” – P7, “how do you classify the image?” – P17, “what is the algorithm? does it

mean lime? what are deep neural networks?” – P32, “How would you explain the term

‘perturbations of images’ to a five-year-old?” – P46.

The observations from the interactions between XAI experts and layperson users

demonstrate the importance of conversations for users to understand static explanations

as they bridge the knowledge gap between the two groups. Conversations can reveal

the specific areas of misunderstanding, such as incorrect implicit assumptions the users

make and knowledge they lack. Hence, conversational explanations may help the AI

system communicate with and bring genuine understanding to the users.
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4.4.3 Implications for building dialogue systems to explain static
explanations

Our study indicates the impact of conversational explanations on user comprehension,

acceptance, and trust of static explanations. Static explanations, while informative, may

not cater to users with varied backgrounds and expertise. Engaging in conversational

explanations provides a dynamic and interactive medium for users to seek clarifications,

ask questions, and thereby facilitate a deeper and more personalized understanding.

The emergence of advanced conversational agents [140, 141, 142], especially knowledge-

based question-answering [143, 144, 145] powered by large language models [146, 147,

148] paves the way toward conversational agents that can explain model decisions and

discuss static explanations. Our study suggests the following desiderata for such agents.

• Extensive knowledge of AI and XAI. As observed in our study, a large portion

of user questions are related to core concepts of machine learning models and

explanation methods. To answer those questions, conversational agents need to be

trained on a comprehensive corpus encompassing AI and XAI concepts. Besides,

in our study, participants also are curious about the applications, performances,

and limitations of machine learning models and explanation methods. Therefore,

besides answering abstract questions, dialogue systems also should relate them to

real-world applications and limitations.

• Capability to generate new explanations as needed. As an improved understanding

of the provided explanations, participants in our study exhibit curiosity about

alternative explanation methods and explaining different predictions. Dialogue

systems should provide new explanations to users when requested. For instance, if

a user is curious about how changing a feature would affect the model output, the

system should generate a new explanation with the new feature, which showcases

the effect.

• Capability to interpret scientific diagrams and visualizations. A significant portion

of AI and XAI explanations often comes in the form of diagrams [154, 155], such

as heatmaps or feature importance visualizations. Our study reveals that users
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have questions related to understanding these diagrams. Answering these ques-

tions usually requires an understanding of specific regions of the diagrams, such

as answering what parts of the object are highlighted by the yellow line in LIME

explanations. Therefore, future dialogue systems should have visual processing

capabilities, understanding and interpreting diagrams contextually. For instance,

they should be able to recognize colors, patterns, and other graphical elements in

heatmaps or charts and relate them to users’ questions. The recent development

in multimodal large language models [238, 239, 240] is a promising direction to

achieve this goal.

4.5 Limitations

Despite the insights gained, there are several limitations that should be acknowledged.

First, the static explanations used in our study are limited. Our experiments focused

on feature attribution explanation methods. The applicability of our findings to other

explanation methods, such as example-based explanation methods, remains an open

question. Second, as our main objective was to discern the effects of free-form conver-

sational explanations, we did not delve into the comparative performance of different

explanation methods. In our experiments, we intentionally selected explanation ex-

amples where the best classification model yielded the most reasonable explanations.

The explanation examples discussed by participants and XAI experts were chosen such

that they reasonably explain the predictions of the classification model. Future work

would be to extend these conversations to include explanations that might be less reli-

able. Third, we explore how conversations foster user trust in explanations in our study.

Nevertheless, previous studies [112, 111, 227] have shown that humans may trust AI

models even if they make wrong decisions. We do not explore whether users’ trust in

our study is misplaced, which we leave for future work. Fourth, we use AI to classify

the images. Previous studies [241, 242] found that participants favor humans over AI

decision-makers when their decisions directly affect participant welfare. In our study,

AI decisions do not directly affect participant welfare. We also did not investigate if

the participants preferred conversations with humans or AI chatbots or if their trust
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in the explanations was affected by that variable. Finally, our research is confined to

one geographical region and includes only students and staff from the university. Fac-

tors such as cultural backgrounds and age-related differences could potentially influence

user interactions with XAI and how they seek to clarify confusion. Future studies could

involve recruiting participants from diverse countries, regions, and age groups.

4.6 Summary

In this chapter, we conduct Wizard-of-Oz experiments to investigate how free-form con-

versations assist users in understanding static explanations, promoting trust, and making

informed decisions about AI models. Participants engage in conversational explanations

with XAI experts to understand how the provided static explanation explains the model

decision. To evaluate the effects of conversations, we design objective and subjective

measurements. We observe a notable improvement in users’ comprehension, acceptance,

trust, and collaboration after conversations. From collected conversations, we find that

participants’ questions and confusions are diverse and unanticipated. Based on the find-

ings in this chapter, we develop a dialogue system in the subsequent chapter to provide

personalized explanations to laypeople.
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Figure 4.10: Objective evaluation questions used for LIME.
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Figure 4.11: Objective evaluation questions used for Grad-CAM.
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Chapter 5

Tailoring Explainable AI to
Laypersons Through Conversations

5.1 Overview

As demonstrated in the last chapter, conversations with XAI experts can significantly

improve the effectiveness of Explainable AI. In this chapter, we propose to build a

conversational explanation system that provides personalized responses and information

based on users’ conversational histories.

While the need for conversational XAI has been recognized, building such systems

is hindered by data scarcity, partially due to the difficulty of collecting high-quality

conversations about AI explanations. As far as we are aware, there is only one dataset

of 60 conversations focused on two types of static explanations [243]. To date, existing

conversational explanations rely on human-authored templates, which can only handle

a limited and predefined range of user questions [115, 23].

To handle data scarcity, we propose a novel method in this work to develop con-

versational explanations by training large vision language models (VLMs) on synthetic

conversations. However, training with synthetic data encounters two primary challenges:

the lack of data diversity in self-generated data [244, 245, 246], and the hallucinations

generated by VLMs [247, 248, 249, 250, 251]. The first challenge, lack of data diversity,

arises as generative models tend to overrepresent high-frequency content [244, 245, 246]

and suppress the tails of the data distribution. To alleviate this issue, we introduce

a repetition penalty that reduces the frequency of tokens existing in previously gener-

ated conversations. The other obstacle is the hallucination in generated conversations.
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VLMs often suffer from generating untruthful information, referred to as hallucina-

tion [247, 248, 249, 250, 251]. To mitigate the hallucinated, factually incorrect answers,

we trained a hallucination detector to filter out such conversation turns after data gen-

eration. To train the detector, we collected a hallucination dataset of 750 factual and

750 incorrect statements about basic machine learning and XAI methods.

We conducted both automatic and human evaluations on the proposed system, fEw-

shot Multi-round ConvErsational Explanation (EMCEE), to assess its performance.

The automatic evaluation is conducted on the only existing conversational explanation

dataset [243]. We assessed the performance of different conversational XAI systems by

measuring the word overlap between generated responses and ground truth texts.

For the human evaluation, we evaluated how different conversational XAI systems

assist users in understanding static explanations of image classification models, improv-

ing acceptance and trust in XAI methods, and choosing the best AI models using only

the explanations. We recruited a total of 60 participants and randomly divided them

into three groups of equal size. One group interacted with our EMCEE model regarding

static explanations, another group engaged with the baseline LLaVa-1.5 model, and the

control group independently reviewed materials about the static explanations. Before

and after the conversation or reading session, we measured their objective understand-

ing and subjective perceptions of the provided static explanations. Based on the results,

we estimated the effectiveness of the different conversational explanation systems in

improving users’ comprehension and usage of explanations.

Empirical results showed that our EMCEE outperforms the baseline LLaVa-1.5

model in both automatic and human evaluations by a large margin. In the automatic

evaluation, EMCEE achieved relative improvements of 81.6% in BLEU and 80.5% in

ROUGE compared to the baseline. While repeated training on self-generated data often

leads to reduced diversity and quality [246], we showed that the proposed repetition

penalty and hallucination detection can slow down the data degeneracy in training with

synthetic data. In the human evaluation, participants who interacted with EMCEE

reported a better understanding of static explanations, felt that the explanations en-

hanced their experience with AI models, were more inclined to use explanations in the

future, trusted the explanations more, and demonstrated that they could collaborate

better with AI systems using the explanations.

70



Chapter 5. Tailoring Explainable AI to Laypersons Through Conversations

To further investigate how training on self-generated synthetic data enhances user

interactions with the conversational XAI system, we conducted a fine-grained analy-

sis of model responses to different types of user questions. We manually classified the

questions asked during the human evaluation into three categories: generic AI/XAI

questions, questions related to the provided explanations, and extended questions. We

sampled 10 questions from each category for both the baseline and EMCEE models.

Three well-educated annotators rated the responses on factual correctness and under-

standability. Results showed that EMCEE consistently provides more accurate and

truthful answers across all question types compared to the baseline. The improvement

in factual correctness highlights the effectiveness of the hallucination detector in filtering

out incorrect statements from the synthetic data and reducing model hallucinations. In

terms of understandability, EMCEE outperforms the baseline, particularly for questions

related to the provided explanations. This suggests that training on synthetic conversa-

tions helps EMCEE better grasp the conversational context of explanations, leading to

more understandable responses for users.

Our contributions can be summarized as follows.

• To the best of our knowledge, we propose the first conversational explanation

system that can answer free-form follow-up questions after providing static expla-

nations to users.

• We introduce a novel method to train conversational explanation systems on self-

generated synthetic data. To enhance data quality, we propose a repetition penalty

to boost data diversity and a hallucination detector to reduce erroneous informa-

tion in synthetic data.

• We validate the effectiveness of our conversation explanation system, EMCEE,

through both automatic and human evaluation (𝑁 = 60). Results show that

EMCEE significantly outperforms baseline models in helping non-AI experts un-

derstand and utilize AI explanations.

• We analyze model responses to user questions and demonstrate that training on

self-generated synthetic data improves the model’s ability to generate more truth-

ful and understandable responses, leading to enhanced user interactions with the

system.
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5.2 Related Work

5.2.1 Static XAI

Explainable Artificial Intelligence (XAI) refers to techniques that explain the learning

process or the predictions of AI [102]. Most existing techniques are static XAI, which

provides a one-time explanation with no capability for further user interaction. These

techniques can be broadly divided into two categories: self-explanatory models and

post-hoc methods. Self-explanatory models are inherently transparent, offering clarity

in their decision-making processes [151, 152, 153, 18, 252]. The majority of recent XAI

methods are post-hoc XAI methods, applied to already developed models that lack

inherent transparency [154, 155, 156, 158, 96]. There are two main groups of methods

in post-hoc XAI, i.e., feature attribution methods and example-based methods.

Feature Attribution. Feature attribution methods explain model predictions by in-

vestigating the importance of input features to final predictions [158, 103]. There are

two main types of feature attribution methods, gradient-based methods [160, 159, 154,

161, 162, 253, 254, 255, 253] and surrogate methods [155, 163, 164, 165, 166, 167].

Gradient-based methods employ gradients to evaluate the contribution of a model input

on the model output. Surrogate methods leverage a simple and inherently interpretable

model, such as a linear model, to locally approximate the behavior of the complex neural

network.

Example-based Methods. Example-based methods explain AI predictions by identi-

fying a selection of data instances [158, 103, 256]. These instances may be training data

points with the most influence on the parameters of a prediction model [156, 257], coun-

terfactual examples that alter predictions with minimal changes to inputs [174, 169, 258,

259, 260, 261], or prototypes that contain semantically similar parts to input instances

[177, 171, 181].

In this work, we focus primarily on feature attribution methods, as they directly

highlight the importance of input features, making the decision-making process of mod-

els more intuitive for laypeople [182]. Specifically, we select Grad-CAM, Integrated

Gradients, and SHAP from gradient-based methods, as well as LIME from surrogate

methods, to evaluate the effectiveness of different conversational evaluation systems.
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5.2.2 Conversational XAI

Human-Computer Interaction (HCI) researchers have recently proposed that XAI meth-

ods should involve conversation, aligning with the natural way humans explain to each

other. Specifically, Lombrozo [190] argues that explanations emerge from a conversa-

tional interaction between an explainer and an explainee. Similarly, Miller [123] empha-

sizes that explanations should include an interactive communication process, where the

explainer provides the necessary information for the explainee to understand the causes

of an event through dialogue. Building on this perspective of human explanations, re-

cent works have introduced the concept of ”explainability as dialogue,” aiming to make

explanations more accessible to a wide range of non-expert users [114, 139, 113].

Despite much exploration of the role of conversation in explainability, the practical

development of conversational XAI is still in its early stages, with limited methods

available so far. Shen et al. [23] applied conversational explanations to scientific writing

tasks, finding improvements in productivity and sentence quality. Likewise, Slack et al.

[115] designed dialogue systems that help users better understand machine learning

models in tasks like diabetes prediction, rearrest prediction, and loan default prediction.

However, these systems rely on template-generated conversations and can only handle

a limited set of predefined queries. Our work represents the first system capable of

delivering free-form explanatory conversations about static explanations.

5.2.3 Training with Synthetic Data

The exceptional performance of Large Language Models (LLMs) and Vision Language

Models (VLMs) in generating human-like text has encouraged researchers to explore

their use as training data generators [262, 263, 264, 265, 266, 267]. For example, Su-

perGen [262] uses LLMs conditioned on label-descriptive prompts to generate training

data for text classification tasks. FewGen [266] finetune an LLM on few-shot samples

and uses it to generate synthetic data for seven classification tasks in the GLUE bench-

mark. While LLMs and VLMs have shown promise in generating human-like texts, they

still face the challenge of producing noisy and low-quality synthetic data. This may

lead to decreased performance or perpetuated biases in the model trained on the data

[244, 268, 269, 270, 247, 248].

73



Chapter 5. Tailoring Explainable AI to Laypersons Through Conversations

Vision Language 
Model 𝑉!

Synthetic Conversation 𝐷!
Filtered Conversation 

𝐷!
clean

Conversation
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Detection and 

Filtering Remove Hallucinated 
Conversation Turns
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Figure 5.1: The Overall Workflow of EMCEE. 𝑉𝑖 denotes the VLM and 𝐷𝑖 denotes
the synthetic conversation data in the 𝑖-th iteration. Starting from a pretrained VLM
𝑉1, we first generate diverse synthetic conversations 𝐷1 with the repetition penalty.
Next, we use a hallucination detector to clean synthetic data, producing cleaned
data 𝐷 clean

1 . We then finetune the VLM on 𝐷 clean
1 , which creates 𝑉2, and this process

repeats.

To mitigate the detrimental effects of noisy and low-quality synthetic data from

LLMs and VLMs, several methods have been proposed [265, 264, 266, 267]. For example,

ProGen [267] adjusts the weight of generated data points with regard to its influence

on the validation loss, using influence function [271]. However, these strategies have

primarily focused on generating data for classification tasks and on training small-scale

task-specific models. Techniques such as applying the influence function to weigh data

points are effective for smaller models. They present challenges and require a special

design when adapted to LLMs [272].

In our work, we apply data generation to conversational explanations and utilize

generated data to train the original VLM. We improved the quality of the generated

data and significantly slowed down model degeneracy after multiple generation-training

iterations (see §5.5.1.3).

5.3 Methodology

The overall workflow of EMCEE is illustrated as Figure 5.1 and outlined in Algorithm

1. Starting from a pretrained VLM 𝑉1, we generated a set of synthetic conversations 𝐷1,

while using the repetition penalty to encourage data diversity. Each conversation con-

tains multiple turns, denoted as ⟨(𝒙1, 𝒚1), (𝒙2, 𝒚2), . . .⟩, where the human turn is 𝒙𝑖 and

the machine response is 𝒚𝑖. Then, we applied a hallucination detector 𝑓ℎ, which filters
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out hallucinated conversation turns. That is, if we detect hallucination from the machine

response (i.e., 𝑓ℎ (𝒚𝑖) = 1), (𝒙𝑖, 𝒚𝑖) is removed from the conversation. This process yields

cleaned data 𝐷 clean
1 . Afterwards, we finetuned the VLM on 𝐷 clean

1 , leading to the next

VLM 𝑉2, from which we start another round of generation-filtering-finetuning. This

process is repeated multiple times, without reusing any synthetic data from previous

rounds.

We designed a prompt that is used across all stages, i.e., data generation, model

fine-tuning, and model inference. The prompt includes an instruction, background infor-

mation about the AI model and XAI method, and several demonstration conversations.

The instruction specifies the purpose of the conversation, which is to enhance user com-

prehension of static explanations. The background information includes details about

the prediction task, the machine learning model, the XAI technique, and an example

explanation.

The number of demonstration conversations utilized varies in different stages. During

data generation and model finetuning, we randomly chose zero or one demonstration

and kept it consistent for each mini-batch. During model inference and evaluation, the

number of demonstrations ranged between zero and three.

5.3.1 Repetition Penalty

The repetition penalty encourages the VLM to generate more diverse conversations by

discounting the logits of tokens seen in previous conversation turns. Specifically, given

the logits 𝑧𝑖 for each token 𝑖 in the vocabulary, the probability 𝑝𝑖 of predicting token 𝑖

is computed as,

𝑝𝑖 =
exp(𝑧𝑖/(𝑇 + 𝜃 · 1(𝑖 ∈ 𝐺)))∑
𝑗 exp(𝑧 𝑗/(𝑇 + 𝜃 · 1( 𝑗 ∈ 𝐺)))

, (5.1)

where 𝑇 is the temperature. 𝜃 is the ratio of the repetition penalty. 𝐺 is the set of words

existing in generated conversations in the current round, and 1 is an indicator function.

When the token 𝑖 exists in 𝐺, 1(𝑖 ∈ 𝐺) is 1, otherwise, 1(𝑖 ∈ 𝐺) is 0.

5.3.2 Hallucination Detection and Filtering

VLMs often generate convincing but factually incorrect statements, especially when

answering questions that require reasoning and logical deduction [247, 248, 249, 250, 251].
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Instruction: A chat about explainable AI (XAI)
between a curious human USER and an AI
ASSISTANT. The human USER is well educated but
may need help understanding how AI and XAI work.
The USER asks questions to understand AI's
decision-making process better. The USER's question
should be diverse and related to AI and XAI. The
ASSISTANT gives helpful, concise, detailed, and
polite answers to the human's questions. Here is the
background information for the conversation:
Task: Image classification
Given an image and 1000 predefined categories
(goldfish, dog, bird, cat, etc), the algorithm identifies
which category the image falls into.
Image classification model: swin transformer
Model’s input:

Model’s prediction: Leopard
Explanation for the prediction:

Explanation method: LIME
Description of LIME:
LIME (Local Interpretable Model-Agnostic
Explanations) is a technique used in machine
learning to help explain the predictions made by
complex AI models.
LIME works by creating a simpler, more
interpretable model that approximates the behavior
of the complex model in a small region around a
particular data point. This simpler model is then used
to explain why the complex model made a certain
prediction for that data point. Regions of the image
that are most important for the model's prediction are
highlighted.
<Demonstrations>
The conversation starts:
USER:

Instruction: A chat about explainable AI (XAI)
between a curious human USER and an AI
ASSISTANT. The human USER is well educated but
may need help understanding how AI and XAI work.
The USER asks questions to understand AI's
decision-making process better. The USER's question
should be diverse and related to AI and XAI. The
ASSISTANT gives helpful, concise, detailed, and
polite answers to the human's questions. Here is the
background information for the conversation:
Task: Image classification
Given an image and 1000 predefined categories
(goldfish, dog, bird, cat, etc), the algorithm identifies
which category the image falls into.
Image classification model: swin transformer
Model’s input:

Model’s prediction: Leopard
Explanation for the prediction:

Explanation method: Grad-CAM
Description of Grad-CAM:
The Grad-CAM method is a technique used in
computer vision to understand which parts of an
image a deep learning model focuses on to make its
prediction. It generates a heatmap that highlights the
regions of the image that are most important for the
prediction.
The heatmap is generated by weighting the
activations of the final convolutional layer by their
corresponding gradients and averaging the resulting
weights spatially. The resulting heatmap is overlaid
on the original image to provide a visual
representation of the model's reasoning for its
prediction. The heatmap is generated using a color
gradient that ranges from blue to red. Bluer colors
are used to represent areas of low importance, while
redder colors indicate areas of high importance.
<Demonstrations>
The conversation starts:
USER:

Figure 5.2: The VLM prompt for LIME and Grad-CAM.
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Instruction: A chat about explainable AI (XAI)
between a curious human USER and an AI
ASSISTANT. The human USER is well educated but
may need help understanding how AI and XAI work.
The USER asks questions to understand AI's
decision-making process better. The USER's question
should be diverse and related to AI and XAI. The
ASSISTANT gives helpful, concise, detailed, and
polite answers to the human's questions. Here is the
background information for the conversation:
Task: Image classification
Given an image and 1000 predefined categories
(goldfish, dog, bird, cat, etc), the algorithm identifies
which category the image falls into.
Image classification model: swin transformer
Model’s input:

Model’s prediction: Leopard
Explanation for the prediction:

Explanation method: Integrated Gradients
Description of Integrated Gradients:
Integrated Gradients is a post-hoc technique used in
machine learning to explain the predictions of deep
learning models.
Integrated Gradients works by assigning a score to
each feature in the input, representing its importance
to the model's prediction. It calculates these scores
by looking at how much the model's output changes
when each part of the input changes. It does this by
comparing the actual input to a baseline input (like a
black image) and looking at all the intermediate
inputs in between. Pixels with dark colors indicate
greater importance for the model's prediction.
<Demonstrations>
The conversation starts:
USER:

Instruction: A chat about explainable AI (XAI)
between a curious human USER and an AI
ASSISTANT. The human USER is well educated but
may need help understanding how AI and XAI work.
The USER asks questions to understand AI's
decision-making process better. The USER's question
should be diverse and related to AI and XAI. The
ASSISTANT gives helpful, concise, detailed, and
polite answers to the human's questions. Here is the
background information for the conversation:
Task: Image classification
Given an image and 1000 predefined categories
(goldfish, dog, bird, cat, etc), the algorithm identifies
which category the image falls into.
Image classification model: swin transformer
Model’s input:

Model’s prediction: Leopard
Explanation for the prediction:

Explanation method: Integrated Gradients
Description of Integrated Gradients:
SHAP (SHapley Additive exPlanations) is a post-hoc
explanation approach to explain the output of any
machine learning model.
SHAP works by highlighting the regions of the
image that are most important for the prediction.
Each pixel in the explanation image refers to the
importance value of pixels in the same location as
the input image. Red pixels indicate that the pixels
increase the probability of the particular class, truck.
Blue pixels, on the other hand, decrease the
probability of the class. Pixels with higher absolute
values have higher importance in the classification.
<Demonstrations>
The conversation starts:
USER:

Figure 5.3: The VLM prompt for Integrated Gradients and SHAP.
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Algorithm 1 EMCEE

Input: a pretrained VLM 𝑉1; a hallucination detector 𝑓ℎ, 𝑓ℎ (𝒚) = 1 if 𝒚 is deemed
hallucination; number of conversations

to generate per round 𝑁; maximum number of rounds 𝑅.
Output: a finetuned model 𝑉𝑅
1: for 𝑟 in 1...𝑅 do
2: D𝑟 ← generate 𝑁 conversations from 𝑉𝑟 ;
3: 𝐷 clean

𝑖
← {(𝒙, 𝒚) ∈ 𝐷𝑟 | 𝑓ℎ (𝒚) ≠ 1};

4: 𝑉𝑟+1 ← finetune 𝑉𝑟 on 𝐷 clean
𝑖

;
5: end for

Conversational explanations are mainly about explaining the causal relationship between

static explanations and AI predictions, which involves significant reasoning. Therefore,

hallucination is a major concern in this use case.

To reduce hallucination, we integrated a hallucination detector into the training

process, which identifies and removes hallucinated conversation turns. To train the

detector, we constructed a dataset comprising 1,500 sentences about machine learning

and XAI methods. The dataset is balanced, containing 750 factually correct sentences

and 750 factually incorrect ones. It includes 500 sentences on general machine learning

knowledge, sourced from students studying machine learning. Among 500 sentences, 250

sentences were picked from the class notes by students. After that, the students were

asked to create 250 incorrect sentences based on the correct ones. The remaining 1,000

sentences are about XAI knowledge; we used GPT-4-turbo-2024-04-09 to generate 500

factually correct sentences about XAI and subsequently alter them to be incorrect. All

generated sentences have been rigorously validated by XAI experts. To prevent data

duplication, we manually removed all duplicated sentences. Example sentences from

this dataset are displayed in Table 5.1. We used 80% of the dataset for training the

detector, with the remaining 20% reserved for validation and testing.

5.3.3 Implementation

We used LLaVa-1.5 [273, 274] as our base vision language model. LLaVa-1.5 is an end-

to-end trained large multimodal model that combines a vision encoder and an LLM for

general-purpose visual and language understanding. We chose LLaVa-1.5 for its high
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Sentence Label
When the amount of data stays the same, the more parameters, the more
difficult to estimate the parameters accurately.

0

When the amount of data stays the same, increasing the number of param-
eters can improve the accuracy of their estimates.

1

XAI is less important in systems where decisions are not critical. 0
XAI is only relevant in non-critical systems. 1
Grad-CAM can be applied to any convolutional layer of a network, not just
the final layer.

0

Grad-CAM is restricted to analyzing the input and output layers of a net-
work.

1

LIME can explain any machine learning model as long as it can probe the
model with perturbed inputs.

0

LIME can only explain models that are specifically designed to work with
its framework.

1

The path taken from baseline to input in Integrated Gradients is typically
linear.

0

The path taken is randomly generated in each run of Integrated Gradients. 1
SHAP values can be computed for any data point in the dataset, providing
versatile insights.

0

SHAP values can only be computed for a limited set of predefined data
points.

1

Table 5.1: Examples of sentences with labels in our hallucination dataset. Label
0 means the sentence is factually correct; label 1 means the sentence is factually
incorrect.
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performance in answering scientific questions and proficiency in visual chat scenarios

[273, 274].

For the data generation process, the number of generated conversations 𝑁 at each

round is set to 2000, with 500 conversations for each static explanation method. The

number of training iterations of the generation network is empirically tuned on the vali-

dation set and set to five. The temperature is set to 1.2 to encourage diverse generations

while maintaining coherence. The repetition penalty ratio is set to 1.1. For finetuning

LLaVa-1.5, we used LoRA [275] to only finetune the language model while keeping the

vision encoder and projector frozen. The rank of the LoRA parameter is set to 128,

the batch size is 32, and the learning rate is 2 × 10−4 with cosine annealing. In each

generation-filtering-finetuning round, we finetuned the LLaVa-1.5 for 3 epochs. Finally,

for the hallucination detector, we trained a Bert-base model [17] using the SGD opti-

mizer with a learning rate of 0.01, batch size of 16, and weight decay for 100 epochs.

The hallucination detector achieved an accuracy of 79.5% on the held-out test set.

5.4 Evaluation Methodology

In this section, we present the evaluation methodology used to assess the performance

of our proposed EMCEE model. We employed two evaluation methods: automatic and

human evaluations. The automatic evaluation is crucial for objectively measuring the

model’s ability to generate responses that align with ground truth explanations, using

established metrics. Since our conversational XAI system is designed to help users better

understand and utilize static explanations, human evaluation is necessary to assess its

real-world impact. We examined the system’s effectiveness by observing participants’

comprehension, acceptance, trust in the static explanations, and their ability to collab-

orate with these explanations, both before and after interacting with the system.

5.4.1 Automatic Evaluation Metrics and Dataset

For automatic evaluations, we conducted few-shot evaluations with zero to three demon-

strations. We leverage BLEU [92] and ROUGE [93] scores to measure word overlaps be-

tween generated response text and ground truth text. Higher BLEU and ROUGE scores
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indicate better alignment between the generated and human-written texts, reflecting the

model’s ability to produce more accurate and contextually appropriate outputs. These

two metrics are commonly used in natural language processing (NLP) evaluation, as

they are easy to compute and comparable across different papers.

We conducted our automatic evaluation using the only existing dataset of human-

human conversational XAI interactions, which was collected in previous work by Zhang

et al. [243]. This dataset was gathered using a Wizard-of-Oz (WoZ) setting [215]. Par-

ticipants interacted with what they believed was an autonomous dialogue system, which

was actually operated by a human expert in machine learning and XAI. The dataset in-

cludes 30 conversations on the LIME method and another 30 on the Grad-CAM method.

On average, each conversation contains 27.4 utterances, with each utterance averaging

14.4 words. Due to its small size, we did not use this dataset for training. We employed

one conversation per static explanation method (LIME and Grad-CAM) as a demon-

stration in the data generation prompt and six conversations for demonstrations in the

few-shot evaluation. The remaining 52 conversations were reserved for testing.

Although BLEU and ROUGE are useful and widely used, they have limitations. High

n-gram overlap with human-written references does not necessarily guarantee that users

can understand the generated responses or that the responses are coherent within the

conversation. Therefore, we also conducted human evaluations to assess the effectiveness

of different conversational models in helping users understand, accept, and trust static

explanations.

5.4.2 Human Evaluation Protocol

For the human evaluation, we evaluated the effect of different conversational XAI meth-

ods by observing participants’ objective understanding and subjective perception of

static explanations, before and after interacting with different conversational XAI meth-

ods. Our study has received approval from our Institutional Review Board (#IRB-2023-

254).

5.4.2.1 Participants

We recruited 60 participants for our study. All were 21 years old or older, fluent in

English, and had not been involved in research about XAI previously. We recruited
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Table 5.2: Academic disciplines of our participants and the number of participants
in each group. There are 60 participants from 4 different discipline groups.

Academic Discipline Number of Participants
Business 14
Engineering 10
Humanities 18
Science 18

our participants in two ways: by posting advertisements on an online forum and by

emailing students and staff across various departments and schools. To ensure diversity,

participants came from a broad range of disciplines. For ease of reporting, we categorize

their disciplines into four groups:

• Business, including Business and Accountancy.

• Engineering, including Civil and Environmental Engineering, Electrical and Elec-

tronics Engineering, Chemical Engineering and Biotechnology

• Humanities, including Psychology, Economics, Communication Studies, Linguis-

tics and Multilingual Studies, and Sociology.

• Science, including Biology, Chemistry, Sport Science & Management, and Physics.

Table 5.2 shows statistics of the academic disciplines that the participants enrolled in.

5.4.2.2 Experimental Task

We focused on the image classification task on the ImageNet dataset and trained three

classification models with different top-1 classification accuracies: Swin Transformer

(84.1%), VGG-16 (71.6%), and AlexNet (56.5%). We chose image classification because

it requires minimal domain-specific expertise, making it well-suited for crowdsourcing

among participants from diverse domains. To generate explanations for model predic-

tions, we adopted four feature attribution explanation methods: LIME [155], Grad-CAM

[154], Integrated Gradients [159], and SHAP [162]. For a more comprehensive evalua-

tion, we extended the two XAI methods used in automatic evaluation to these four

attribution explanation methods. The focus is on feature attribution as we believe the
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relationship between input features and model predictions is more intuitive to under-

stand for laypeople than, for example, data attribution [182].

5.4.2.3 Experimental Interface

Our study was conducted on a web-based platform allowing participants to complete the

entire procedure remotely. This platform ensures that all communication between users

and conversational agents is text-based and recorded. Figure 5.4 displays an example

screenshot of the interface. There are two sections on the page. On the left (Figure

5.4 Part A), participants see a task description, a description of the prediction model, a

model input, a model output, an explanation generated by the explanation model, and

a description of the explanation. On the right within the chatbox (Figure 5.4 Part B),

participants engage in a text-based conversation with the agent to clarify the provided

explanation. Participants can ask any questions or provide comments related to the

explanation on the left. In the control group, we replaced the chatbox with a 15-minute

timer. Once the timer reached zero, participants were allowed to proceed to the post-

measurements.

5.4.2.4 Experimental Design

There are two independent variables and two categories of dependent variables. The

first independent variable is the explanation method: LIME, Grad-CAM, Integrated

Gradients, or SHAP. The second independent variable is the participant groups: par-

ticipants either have a conversation with our EMCEE, a conversation with the baseline

LLaVA-1.5, or read the static explanations. We measure participants’ objective under-

standing and subjective perceptions of explanations before and after conversations or

readings. Two categories of dependent variables are collected in the experiment: the

model selection accuracy and the self-reported perception scores.

As indicated in previous work [124], participants’ prior knowledge of AI may influ-

ence their perceptions of explanations, introducing a potential confounding factor. To

mitigate the effects of such factors, we randomly assigned participants to one of the

three groups in the study. Additionally, the results in Section 5.5.2 showed no signifi-

cant difference (p = 0.44) in participants’ pre-conversation self-reported understanding

across the different groups.
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5.4.2.5 Measurement of Users’ Objective Understanding – Selection of Clas-
sification Models

We assessed users’ understanding of static explanations by measuring their performance

in a model selection task. Model selection is a fundamental task for machine learning

practitioners [149]. Specifically, participants were presented with 5 input images, on

which the three classification models make identical decisions. The only differences

between these models are their explanations. Participants must choose the model that

they believe will perform most accurately on unobserved test data. Hence, to make

the correct selection, the participants must understand the explanations. We measured

participants’ objective understanding of static explanations by their accuracy in selecting

the correct model. The complete set of images used for LIME, Grad-CAM, Integrated

Gradients, and SHAP is shown in Figure 5.12, 5.13, 5.14, and 5.15 respectively.

We observe that static explanations do not always faithfully reflect the actual work-

ings of classification models [216, 217, 218] and do not always contain actionable infor-

mation for model selection. In our study, model selection is used to determine whether

users can comprehend static explanations when the explanations do have actionable in-

formation for selection, rather than assessing the explanations themselves. For this, we

chose images that models with high accuracy can provide more reasonable explanations.

An explanation is deemed more reasonable when it highlights features that are unique

to the predicted class and avoids irrelevant features. A good model should have expla-

nations that rely on multiple types of discriminative features, making the model more

robust. Consequently, the model makes the correct decision even if some discriminative

features are absent or occluded. Hence, this approach allows users to easily pick the

best classification models if they understand the static explanations well.

There are also other objective measurements to assess users’ understanding in pre-

vious work [112, 129]. These methods measure users’ accuracy on the same prediction

tasks as the classifier, such as student admission [129] or recidivism prediction [112].

However, these measurements are not suitable for our study. In our case, XAI methods

are applied on top of image classification models. Users can easily identify an image’s

class without relying on explanations. As a result, it is not feasible to evaluate users’ un-

derstanding of XAI by simply asking them to predict an image’s class with and without
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explanations, as was done in previous work [112, 129]. Instead, we used model selection

as the objective measurement. To ensure that the correct model selection reflects users’

understanding of XAI, we carefully curated a set of images. These images were chosen

so that users could only make the correct choice if they comprehended the explanations

provided.

5.4.2.6 Measurements of Users’ Subjective Perception

We also measured participants’ self-reported perception of the static explanations, in-

cluding their comprehension, acceptance, and trust. There are a total of 13 questions.

All questions utilize a 7-point Likert scale for responses. The full list of the questions is

in Table 4.2.

• Comprehension [208, 129]: Participants’ subjective perceptions of their under-

standing of explanations. It serves as a supplement to objective assessments,

offering a more comprehensive view of how well participants understand static

explanations.

• Perceived Usefulness [209, 210, 211]: The degree to which participants feel that the

explanations enhance their experience with deep learning models. Together with

perceived ease of use and behavioral intention, these three factors measure partic-

ipants’ acceptance of static explanations. They are derived from the Technology

Acceptance Model (TAM) [209, 210, 211], a widely applied theory for understand-

ing individual acceptance and usage of information systems. Investigating users’

acceptance of the explanations is very important, as the explanations are intended

for end-users.

• Perceived Ease of Use [209, 210, 211]: Participants’ judgment of the simplicity and

clarity of the explanations.

• Behavioral Intention [209, 210, 211]: The tendency of participants to utilize the

explanation information in the future.
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• Trust [219, 220]: Participants’ confidence in the reliability of the explanation meth-

ods to perform as intended. Trust has been recognized as a key factor in human-AI

collaboration, as it influences how much humans rely on AI models, thus directly

affecting the effectiveness of the human-AI team [221, 222, 223, 224, 225, 213, 276].

5.4.2.7 Experimental Procedure

Before participating in the study, participants signed an informed consent form that de-

tails the study’s objectives and procedures. The form also explained the compensation

and ensured both anonymity and confidentiality of the collected data. After signing,

participants received an email with instructions to access the study platform. Once

logged in, a pop-up window provided a brief overview of the tasks. Participants then

began with pre-experiment measurements for their objective understanding and subjec-

tive perceptions of static explanations. Objective understanding was assessed by letting

participants choose the most accurate of three classification models on unseen test data,

using 5 explanation examples. The subjective perception was measured through 13

self-reporting questions. These questions probed participants’ perceived comprehension,

acceptance, and trust in the explanations.

After these initial measurements, we randomly assigned participants into three groups

of equal size. One-third engaged in an online text-based conversation with our EMCEE

model to ask questions and clarify doubts. Another third conversed with the baseline

LLaVA-1.5 model. The remaining third, serving as the control group, spent 15 minutes

reviewing the static explanations independently. The duration matched the average time

spent in conversations by the other two groups. The information provided to partici-

pants at this stage is displayed in Figure 5.4. Since this phase focuses on explaining

XAI methods to users rather than testing their understanding, explanations for just one

classifier were sufficient. We used the Swin Transformer as the classifier due to its higher

classification accuracy.

After the conversation or reading session, participants repeated the same measure-

ments of objective understanding and subjective perceptions as in the pre-session phase.

All results and conversation records are documented. Upon completing the study, par-

ticipants received a $10 reward.
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5.5 Results & Discussion

This section presents the experimental results from both automatic and human evalua-

tions of the baseline and our EMCEE model. For the automatic evaluation, we report

results on an existing dataset of human-human conversational XAI interactions and in-

clude an ablation study to show the effectiveness of different components in our method.

For the human evaluation, we present results on participants’ objective understanding

and subjective perceptions of static explanations, measured before and after different

conditions. We also analyze the collected conversations and provide insights into why our

system can improve users’ understanding, acceptance, and trust in static explanations.

Table 5.3: Automatic Evaluation of pretrained LLaVa-1.5 and our model. We prompt
models with 0 to 3 example conversations.

Methods Shot Num BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L

LLaVa-1.5

0 0.1328 0.0534 0.0235 0.0103 0.3150 0.0595 0.0179 0.2507
1 0.1447 0.0680 0.0361 0.0196 0.2823 0.0823 0.0374 0.2324
2 0.2160 0.1329 0.0985 0.0813 0.3365 0.1469 0.1014 0.2883
3 0.1979 0.1265 0.0854 0.0687 0.3153 0.1339 0.0839 0.2709

EMCEE
(Ours)

0 0.2394 0.1659 0.1270 0.1055 0.3918 0.2295 0.1794 0.3418
1 0.2895 0.2186 0.1826 0.1618 0.4513 0.2854 0.2391 0.4006
2 0.3056 0.2336 0.1945 0.1721 0.4629 0.2964 0.2454 0.4054
3 0.2786 0.2100 0.1769 0.1571 0.4380 0.2798 0.2339 0.3881

5.5.1 Results of Automatic Evaluation

5.5.1.1 Comparison of Baseline and Our Method

Table 5.3 presents the automatic evaluation results of both the baseline LLaVa-1.5 model

and our EMCEE model when we prompt them with 0 to 3 example conversations. Our

model exhibits substantial improvements over LLaVa-1.5 in terms of both BLEU and

ROUGE scores. Specifically, EMCEE shows an increase of 81.6% in BLEU scores and

80.5% in ROUGE scores compared to LLaVa-1.5. These results suggest that our model,

trained on self-generated synthetic conversations in a multi-round setting, can better

explain static XAI and produce responses more aligned with human answers to users’

inquiries.
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Table 5.4: An ablation study of the proposed EMCEE on the conversational expla-
nation dataset

Methods BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-3 ROUGE-L

EMCEE 0.3056 0.2336 0.1945 0.1721 0.4629 0.2964 0.2454 0.4054
No Multi-round Training 0.2808 0.2079 0.1685 0.1465 0.4198 0.2608 0.2162 0.3756
No Repetition Penalty 0.2824 0.2214 0.1854 0.1657 0.4219 0.2778 0.2329 0.3798

No Hallucination Detection 0.2730 0.1977 0.1631 0.1408 0.4161 0.2375 0.1950 0.3625

5.5.1.2 Ablation Study

We created the following ablated versions of EMCEE: (1) No multi-round training,

which performs one round of synthetic generation, filtering, and model finetuning. (2) No

repetition penalty, which removes the repetition penalty. (3) No hallucination detection,

which does not detect and remove hallucinated conversation turns.

Table 5.4 summarizes the results of different ablated versions of EMCEE. We make

the following observations. First, the absence of multi-round training significantly re-

duces the performance across all BLEU and ROUGE metrics. This demonstrates that

generating synthetic conversations and filtering out hallucination conversations in an

iterative way can gradually improve the quality of generated conversations and thus im-

prove the performance of our model. Second, the model’s performance decreases when

the repetition penalty is removed. This result indicates that the diversity of synthetic

conversations plays a crucial role in our model. Third, the most substantial performance

drop occurs when the hallucination detector is removed, with a 10.7% decrease in BLEU

scores and a 15.3% decrease in ROUGE scores. This result highlights the importance

and necessity of filtering hallucinated synthetic data after generation.

5.5.1.3 Effects of Multiple Generation-Training Iterations

In the training of EMCEE, we repeated the generation-training process multiple times.

We investigated how iterations affect the performance of EMCEE and ablated versions

of EMCEE in BLEU-4 and ROUGE-L scores, as shown in Figure 5.5.

We observed that the ablated versions of EMCEE improved in the first few itera-

tions and decreased afterward. This is similar to the findings of Briesch et al. [246],

who showed that repeatedly training models with self-generated data initially caused

performance gains but, after a few iterations, resulted in degenerate synthetic data with
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low diversity and eventual performance drop. This is especially apparent when we re-

moved the repetition penalty or the hallucination filter, as both BLEU-4 and ROUGE-L

decreased drastically after the third and fifth iterations, respectively. However, with

both the repetition penalty and the hallucination filter of EMCEE, the performance

drops became substantially milder. For BLEU-4, a small drop was observed after the

fifth iteration. For Rouge-L, the performance effectively plateaued around the sixth and

seventh iteration. We conclude that the proposed techniques, including the repetition

penalty and the hallucination filter successfully slow down degeneracy in training with

synthetic data.

5.5.2 Results of Human Evaluation

Table 5.5 presents the human evaluation results, comparing the LLaVa-1.5 model, EM-

CEE, and the control group across four explanation methods: LIME, Grad-CAM, In-

tegrated Gradients, and SHAP. Explanation methods (LIME, Grad-CAM, Integrated

Gradients, SHAP) and participant groups (control, LLaVa-1.5, EMCEE) are between-

subject variables, while time (before vs. after) is a within-subject variable. We con-

ducted a three-way Analysis of Variance (ANOVA) to analyze the results.

To ensure the validity of the ANOVA results, we verified its underlying assumptions:

independence, normality, and equal variance. For independence, participants were ran-

domly assigned to one of the three groups and each participated in the study only once.

For normality, we performed Shapiro-Wilk tests on participants’ subjective understand-

ing of different explanation methods. The resulting p-values were 0.155, 0.171, 0.062,

and 0.084, indicating that the normality assumption was met. For equal variance, we

conducted Bartlett’s test, which yielded a p-value of 0.376, confirming that this assump-

tion was also satisfied.

5.5.2.1 Effects of Different Conversational XAI Systems on Users’ Objective
Understanding and Subjective Perception of Static Explanations

Results showed significant main effects for group (𝐹 (2, 48) = 3.79, 𝑝 = .04), method

(𝐹 (3, 48) = 43.25, 𝑝 < .001), and time (𝐹 (1, 48) = 18.48, 𝑝 < .001). The EMCEE

group, the Grad-CAM method, and the after-conversation condition displayed the high-

est objective decision accuracy. We also found a significant interaction effect between
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Table 5.5: Results of human evaluations before and after conversations. Each score
is presented as mean ± standard deviation and the change 𝛿 = after − before.

Explanation
Methods

Conversational
Explanation

method

Evaluation
Timing

Objective
Understanding

(Model Selection
Accuracy)

Subjective
Understanding

Acceptance
Trust

Perceived
Usefulness

Perceived
Ease of Use

Behavioral
Intention

LIME

Control
before 0.36 ± 0.09 4.60 ± 1.67 5.40 ± 1.19 4.73 ± 1.04 4.90 ± 0.55 4.05 ± 0.97
after 0.32 ± 0.18 4.40 ± 1.52 5.13 ± 1.26 4.27 ± 1.30 4.60 ± 0.42 3.95 ± 1.71
𝛿 -0.04 -0.20 -0.27 -0.46 -0.30 -0.10

LLaVa-1.5
before 0.36 ± 0.17 4.00 ± 1.58 5.20 ± 1.02 4.40 ± 1.62 4.90 ± 1.02 4.10 ± 0.22
after 0.44 ± 0.17 4.80 ± 1.48 5.60 ± 0.60 5.20 ± 0.60 5.20 ± 0.76 4.30 ± 0.54
𝛿 0.08 0.80 0.40 0.80 0.30 0.20

EMCEE
(Ours)

before 0.36 ± 0.09 4.20 ± 0.84 5.27 ± 0.64 4.53 ± 0.60 5.00 ± 0.35 4.20 ± 0.37
after 0.52 ± 0.11 5.20 ± 0.45 5.93 ± 0.64 5.60 ± 0.68 5.70 ± 0.45 4.85 ± 0.34
𝛿 0.16 1.00 0.66 1.07 0.70 0.65

Grad-CAM

Control
before 0.80 ± 0.14 4.00 ± 1.00 5.27 ± 0.36 4.67 ± 0.67 5.00 ± 0.61 4.30 ± 0.37
after 0.84 ± 0.17 4.00 ± 1.22 5.20 ± 0.84 4.27 ± 0.92 4.90 ± 0.82 4.40 ± 0.80
𝛿 0.04 0.00 -0.07 -0.40 -0.10 0.10

LLaVa-1.5
before 0.76 ± 0.17 4.00 ± 1.41 5.33 ± 0.41 4.87 ± 0.38 5.20 ± 0.57 4.40 ± 0.29
after 0.84 ± 0.09 4.80 ± 0.45 5.60 ± 0.44 5.13 ± 0.51 5.50 ± 0.50 5.00 ± 0.47
𝛿 0.08 0.80 0.27 0.26 0.30 0.60

EMCEE
(Ours)

before 0.80 ± 0.20 4.00 ± 1.22 5.13 ± 1.07 4.80 ± 0.77 5.20 ± 0.27 4.15 ± 0.72
after 0.92 ± 0.11 5.40 ± 0.89 6.13 ± 0.61 5.40 ± 0.93 6.10 ± 0.42 5.25 ± 0.90
𝛿 0.12 1.40 1.00 0.60 0.90 1.10

Integrated
Gradients

Control
before 0.20 ± 0.20 3.80 ± 0.45 4.80 ± 0.50 3.87 ± 0.90 4.20 ± 0.97 3.65 ± 0.45
after 0.24 ± 0.17 4.00 ± 0.71 4.73 ± 0.76 3.80 ± 0.77 4.00 ± 1.17 3.65 ± 0.72
𝛿 0.04 0.20 -0.07 -0.07 -0.20 0.00

LLaVa-1.5
before 0.24 ± 0.09 3.80 ± 0.45 4.73 ± 0.49 3.87 ± 0.77 4.40 ± 1.08 3.85 ± 0.55
after 0.28 ± 0.18 4.00 ± 1.00 5.00 ± 0.71 4.40 ± 1.60 4.70 ± 1.20 3.85 ± 0.22
𝛿 0.04 0.20 0.27 0.53 0.30 0.00

EMCEE
(Ours)

before 0.20 ± 0.14 3.60 ± 1.14 4.67 ± 0.71 3.60 ± 0.44 4.60 ± 0.65 3.85 ± 0.22
after 0.44 ± 0.09 4.60 ± 0.55 5.20 ± 0.61 4.73 ± 0.55 5.50 ± 0.71 4.50 ± 0.40
𝛿 0.24 1.00 0.53 1.13 0.90 0.65

SHAP

Control
before 0.44 ± 0.17 4.20 ± 0.84 5.20 ± 0.38 4.47 ± 0.56 4.80 ± 0.27 4.20 ± 0.57
after 0.48 ± 0.23 4.00 ± 1.00 5.07 ± 0.80 4.33 ± 0.85 4.70 ± 0.76 4.30 ± 0.54
𝛿 0.04 -0.20 -0.13 -0.14 -0.10 0.10

LLaVa-1.5
before 0.48 ± 0.11 3.80 ± 1.79 5.40 ± 0.49 4.87 ± 1.73 5.00 ± 1.06 4.20 ± 1.47
after 0.60 ± 0.14 5.20 ± 1.64 5.60 ± 0.44 5.67 ± 0.78 5.20 ± 0.91 4.60 ± 1.14
𝛿 0.12 1.40 0.20 0.80 0.20 0.40

EMCEE
(Ours)

before 0.48 ± 0.41 3.80 ± 1.30 5.40 ± 0.60 4.60 ± 0.92 5.00 ± 0.79 4.20 ± 0.91
after 0.80 ± 0.14 5.60 ± 1.14 6.13 ± 0.69 6.00 ± 0.41 5.90 ± 0.89 5.30 ± 0.82
𝛿 0.32 1.80 0.73 1.40 0.90 1.10
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group and time (𝐹 (2, 48) = 5.44, 𝑝 = .007), as displayed in the Figure 5.6. In partic-

ipants’ initial decisions, no significant differences were observed between the EMCEE,

LLaVA-1.5, and control groups. During the final decision, participants interacting with

EMCEE or LLaVa-1.5 both showed improved decision accuracy. However, participants

using our EMCEE model consistently demonstrated a greater increase in model selection

accuracy after the conversation. This phenomenon highlights EMCEE’s effectiveness in

helping participants collaborate with static explanations.

We observed varied objective performance across explanation methods (𝐹 (3, 48) =
43.25, 𝑝 < .001). Participants achieved the highest accuracy in the model selection task

with Grad-CAM and the lowest accuracy with Integrated Gradients. A potential reason

might be the inherently intuitive nature of the explanations produced by Grad-CAM

compared to others [243].

Regarding participants’ subjective understanding, we found a significant main effect

of evaluation timing (𝐹 (1, 48) = 30.56, 𝑝 < .001) and a significant interaction between

group and time (𝐹 (1, 116) = 10.16, 𝑝 < .001). Initially, there was no significant differ-

ence in participants’ self-reported understanding of static explanations among different

groups. After the conditions, participants who received conversational explanations from

EMCEE reported significantly greater improvements than the other two groups across

all four explanation methods.

For perceived usefulness, the results showed a significant main effect of method

(𝐹 (3, 48) = 2.86, 𝑝 = .0046) and time (𝐹 (1, 48) = 21.35, 𝑝 < .001), as well as a sig-

nificant interaction between group and time (𝐹 (2, 48) = 15.37, 𝑝 < .001), as depicted in

Figure 5.8. Participants’ perceived usefulness increased after interacting with LLaVa-1.5

or EMCEE, though the improvement is much smaller with LLaVa-1.5. In contrast, for

the control group, perceived usefulness dropped after more time to the static explana-

tions was provided.

Similar results were observed for participants’ perceived ease of use. There were

significant main effects of method (𝐹 (3, 48) = 3.83, 𝑝 = .002) and of time (𝐹 (1, 48) =
22.14, 𝑝 < .001), as well as a significant interaction effect between group and time

(𝐹 (2, 48) = 15.5, 𝑝 < .001). The interaction effect is displayed in Figure 5.9. The

perceived ease of use increased after participants interacted with EMCEE or LLaVa-

1.5. EMCEE produced a greater improvement than LLaVa-1.5. On the contrary, the
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control group’s perceived ease of use decreased after spending more time with static

explanations.

For the behavioral intention, results showed significant main effects of the group

(𝐹 (2, 48) = 5.14, 𝑝 = .009), method (𝐹 (3, 48) = 2.84, 𝑝 = .004), and time (𝐹 (1, 48) =
18.48, 𝑝 < .001). We also observed a significant interaction effect between group and

time (𝐹 (1, 116) = 20.94, 𝑝 < .001). The interaction figure is displayed in Figure 5.10.

Participants are more inclined to use explanations in future scenarios after receiving

conversational explanations from EMCEE. On the other hand, the behavioral intention

of the control group decreased for all explanation methods.

The boost in perceived usefulness, ease of use, and behavioral intention after inter-

acting with EMCEE can be attributed to the increased understanding of static explana-

tions. Prior to the interactions, participants might have had limited knowledge or even

misconceptions about the explanation methods [243]. Experiment results showed that

participants gained a clearer understanding of how the XAI methods function, after the

participants’ questions were addressed in the conversations with EMCEE. Consequently,

they reported perceiving the static explanations as more useful and easier to use, and

were more inclined to use the static explanations in future tasks.

For the trust measurement, results showed a significant main effect of time (𝐹 (1, 48) =
40.16, 𝑝 < .001) and a significant interaction effect between group and time (𝐹 (1, 116) =
43.7, 𝑝 < .001), as shown in Figure 5.11. Initially, there were no significant differences

in trust scores among the groups. However, by the end, participants who interacted

with EMCEE reported the highest trust scores. According to theories of trust [231,

232, 208], the ability to build a mental model of AI systems is the key to user trust in

AI. The improvements in trust may be a result of an improved understanding of static

explanations, as indicated by earlier results.

From table 5.5, one observation to note is that the deltas are small relative to the

standard deviation of the measurements. The relatively large standard deviation is due

to inherent variations in individuals’ subjective perceptions. These variations arise from

differences in participants’ backgrounds, experiences, and understanding of explanation

methods. Despite this, the deltas capture the overall differences across the entire user
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Table 5.6: Overview of Collected Questions. Including categories of questions, ex-
amples, and the number of questions in each category.

Question Category Question Examples Num

Generic questions
about machine
learning and

explainable AI
concepts

• What is a deep learning model?
• What is Swin Transformer?
• What is an explanation method?

87

Questions related to
the provided
explanations:

• How does SHAP determine the regions of the image that are
most important for the prediction?

• How does it mean by the output changes when the input
changes (in Integrated Gradients)?

• Would the Grad-CAM get wrong?

168

Extended questions

• Can I use grad-cam for an image containing more than 1 type
of animals?

• What if some important or unique parts of the animal are
blocked? How should this image be classified, and can you
provide such explanations?

• What are the potential limitations when using SHAP in prac-
tical applications?

103

group before and after the study, indicating the impact of different experimental condi-

tions. Our deltas are consistently higher than those of the baselines across all explanation

methods and measurements, demonstrating the effectiveness of the proposed EMCEE.

5.5.2.2 Analysis of Collected Conversations

We collected 40 conversations between participants from four different discipline groups

and two conversational explanation systems. On average, each conversation has 22.8

turns. By conducting a basic content analysis of the users’ questions, we divide them

into three categories:

• Generic questions about machine learning and explainable AI concepts: Questions

about fundamental terms and concepts in machine learning and explainable AI that

lay people may not know. Examples include, ”What is a deep learning model?”,

”What is accuracy?”, or ”What are explanation methods?”
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• Questions related to the provided explanations: Questions about the specific expla-

nations provided during the conversation, such as how the explanation is created

and how the explanation methods function. Examples include, ”How does Grad-

CAM produce the heatmap?” or ”What do different colors represent in SHAP?”.

• Extended questions: Questions that arise after users understand the provided

explanations, e.g., generating other explanations for the current prediction, expla-

nations for different predictions, or comparisons between the provided explanation

and other explanation methods.

Based on this categorization, we classified all questions in our collected conversations.

In total, we identified 358 questions across the three categories. Table 5.6 provides

examples and the number of questions in each category. As observed in Table 5.6, a

large portion of the questions revolve around basic machine learning and explainable AI

concepts. This trend might be attributed to the diverse backgrounds of the participants.

It suggests that many participants may not be familiar with machine learning models

and explanation methods. This is consistent with the real application of explanation

methods, where non-expert users often need clarification on fundamental concepts.

We also observed a significant interest of participants in questions related to the pro-

vided explanations. This suggests that explanations generated by Grad-CAM, LIME,

and Integrated Gradients are not always easily understood by users. This highlights

the importance of tailoring responses to users’ specific questions to enhance their under-

standing of these explanations. Furthermore, participants demonstrated notable curios-

ity regarding extended questions, such as asking for new explanations or comparisons

between different explanations. This indicates that as participants become more famil-

iar with the provided explanations, they develop an interest in exploring alternative

methods and understanding how models might behave in different scenarios.

To better understand the advantages of the proposed EMCEE model compared to the

baseline LLaVa-1.5, we randomly selected 60 question-answer pairs from the conversa-

tions collected in the human evaluation. For each model, we selected 10 question-answer

pairs from each of the three question categories. We then recruited three well-educated

annotators to evaluate the answers based on two criteria: Factual Correctness and Un-

derstandability. Factual correctness assesses whether the responses are accurate, while

94



Chapter 5. Tailoring Explainable AI to Laypersons Through Conversations

Model
Question Category 1 Question Category 2 Question Category 3

Understandability
Factual

correctness
Understandability

Factual
correctness

Understandability
Factual

correctness
LLaVa-1.5 0.77 0.70 0.63 0.77 0.78 0.70

EMCEE(ours) 0.78 0.83 0.83 0.87 0.80 0.80

Table 5.7: Understandability and Factual Correctness of replies generated by EM-
CEE and LLaVa-1.5. Two scores are rated as 0 or 1. The best results are in boldface.
We measure the inter-rater reliability with Fleiss’ Kappa [1]. Our annotations obtain
“moderate agreement” for Understandability (0.57) and “substantial agreement” for
Factual Correctness (0.675).

understandability measures whether the responses are easy to comprehend. Each cri-

terion is rated as either 0 or 1. Table 5.7 presents the results, which showed that the

EMCEE model consistently generated more factually correct answers across all three

categories, compared to the baseline model. This improvement can be attributed to

the use of a hallucination detector during the training phase, which removes factually

incorrect statements from the synthetic data and reduces the hallucinations in the final

model. Regarding understandability, EMCEE outperforms the baseline, particularly in

questions related to the provided explanations. This is likely due to the method used for

generating synthetic conversations, where both questions and answers are conditioned

on the explanations. As a result, when trained on this data, the EMCEE model becomes

more adept at answering questions about the explanations provided.

Type Utterance
Q: Does the XAI provide explanations about how the classification

model made the prediction?
A: No, it only gives local explanations about what the model pre-

dicts.
Q: Are there any limitations to the Grad-CAM?
A: No, there are no limitations to the method.
Q: Is the process of SHAP complicated?
A: No, SHAP is a relatively simple process, even though it provides

deeper feature attribution insights than traditional methods such
as permutation importance tests.

Q: Does LIME produce probabilities or classifications?
A: LIME produces classifications, not probabilities.

Table 5.8: Examples of conversation turns that are identities as hallucinations by
the detector.
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5.5.2.3 Examples of Identified Hallucinations in Generated Conversations

To qualitatively assess the effectiveness of the hallucination detector, we selected four

conversation turns identified as hallucinations by the detector, as presented in Table

5.8. These examples demonstrate that LLMs tend to generate untruthful responses

about both fundamental machine learning concepts and various XAI techniques. The

hallucination detector in our model can successfully identify and exclude such incorrect

turns from the synthetic dataset. Consequently, the hallucination detection and filtering

process diminishes the occurrence of hallucinations in the synthetic data and enhances

the performance of models finetuned on this refined dataset.

5.5.2.4 Addressing Key Requirements for Conversational Explanation Sys-
tems

As discussed in Chapter 4.4.3, we identified three key requirements for building effec-

tive conversational explanation systems: (1) extensive knowledge of AI and XAI, (2)

the ability to generate new explanations based on user input, and (3) the capability to

interpret scientific diagrams and visualizations. The proposed EMCEE model in this

chapter meets the first and third requirements. EMCEE is built on LLaVa, which is

pretrained on a broad range of knowledge, including AI-related content. It is further

trained on synthetic conversations covering various AI and XAI topics, enabling it to

answer both general and explanation-specific questions. The third requirement is also

fulfilled: EMCEE is trained on synthetic conversations designed to help users under-

stand visual elements in explanation diagrams, such as heat maps and saliency maps.

Combined with LLaVa’s vision-language pretraining, EMCEE is capable of interpret-

ing scientific diagrams and visualizations for users. The second requirement, however,

remains unmet. While EMCEE can clarify and elaborate on existing explanations, it

cannot generate new explanations or simulate model behavior under different conditions.

5.6 Limitations

We identified five limitations of the current work. First, the static explanations used

in our study are limited. Our experiments focused on feature attribution explanation
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methods on image classification. Even though our method is applicable to any static

explanation method, the performance of our model on other types of static explanation

methods, such as example-based explanation methods, or NLP tasks, is yet to be ex-

plored. Second, with 79.5% accuracy on held-out test data, the hallucination detector is

not perfect. Errors from the detector may cause hallucinated responses to slip through

or valid responses to be incorrectly filtered. Third, we mainly focused on removing fac-

tuality hallucinations, while not considering faithfulness hallucinations [277]. Factuality

hallucinations refer to statements that are factually incorrect or fabricated. Faithfulness

hallucinations refer to statements that are not related to instructions and contextual

information. In data generation, our model also may generate unrelated conversations

to the static explanations. We leave building a detector or using other methods to filter

these unrelated conversations for future work. Fourth, previous work [124] indicates that

prior knowledge of AI may influence participants’ perception of explanations. We mit-

igated this potential confounding factor by randomly assigning participants. However,

the effect of prior knowledge on the use of conversational XAI remains an open problem.

Finally, our research is confined to one geographical region. Factors such as cultural

backgrounds could potentially affect how users interact with XAI and how they seek

to clarify confusion. Future studies could involve recruiting participants from diverse

countries and regions.

5.7 Summary

In this chapter, we propose the fEw-shot Multi-round ConvErsational Explanation (EM-

CEE) to provide customized explanations to users from diverse domains. To deal with

data scarcity, we train the EMCEE with synthetic data. We first use a vision language

model to generate synthetic conversations with the repetition penalty to promote the

diversity of generated data. Then, to reduce hallucinations in generated data, we apply

a hallucination detector to filter hallucinated conversation turns after the data genera-

tion. To iteratively improve the performance, we recycle the generation-filter-finetuning

process multiple times. Both automatic and human evaluation demonstrate that EM-

CEE outperforms baseline models by a large margin. In practice, EMCEE significantly
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improved users’ comprehension, acceptance, trust, and collaboration with static expla-

nations. By analyzing conversations, we demonstrate that EMCEE can generate more

truthful and understandable responses, leading to a better user interaction experience.
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Figure 5.4: The interface where users discuss static explanations with a conversa-
tional agent. Part A: Information about static explanations, including a task de-
scription, a description of the prediction model, a model input, a model output, an
explanation generated by the explanation model, and a description of the explana-
tion. Part B : A chatbox where users converse with a conversational agent to clarify
the explanation.
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Figure 5.5: BLEU-4 and Rouge-L scores over the number of training iterations for
LLaVa-1.5, EMCEE and different ablated version of EMCEE.

(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.6: Model selection accuracy for (a) LIME and (b) Grad-CAM (c) Integrated
Gradients (d) SHAP before and after conditions.
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(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.7: Subjective understanding score for (a) LIME and (b) Grad-CAM (c)
Integrated Gradients (d) SHAP before and after conditions.
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(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.8: Participants’ self-report usefulness score for (a) LIME and (b) Grad-
CAM (c) Integrated Gradients (d) SHAP before and after conditions.
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(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.9: Participants’ self-report ease of use score for (a) LIME and (b) Grad-
CAM (c) Integrated Gradients (d) SHAP before and after conditions.
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(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.10: Participants’ self-report behavioral intention score for (a) LIME and
(b) Grad-CAM (c) Integrated Gradients (d) SHAP before and after conditions.

104



Chapter 5. Tailoring Explainable AI to Laypersons Through Conversations

(a) LIME (b) Grad-CAM

(c) Integrated Gradients (d) SHAP

Figure 5.11: Participants’ trust for (a) LIME and (b) Grad-CAM (c) Integrated
Gradients (d) SHAP before and after conditions.
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Figure 5.12: Objective evaluation questions used for LIME.
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Figure 5.13: Objective evaluation questions used for Grad-CAM.
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Figure 5.14: Objective evaluation questions used for Integrated Gradients
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Figure 5.15: Objective evaluation questions used for SHAP.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion

In this thesis, we propose to build user-centered dialogue systems from important as-

pects: personalization, continuity, and support for diverse users.

In chapter 2, we design a users-centered dialogue system from better personaliza-

tion. We build a conversational recommendation system, KECRS that can provide

recommendations with information about items. To give more convincing recommen-

dations, we propose to utilize knowledge graphs to generate more related information

about recommended items in responses. We develop the Bag-of-Entity loss and the

alignment loss to generate naturalistic conversations and effectively utilize knowledge

graphs containing background information about recommendations. The experimental

results demonstrate that KECRS can generate more diverse, informative, and relevant

recommendations than state-of-the-art baselines.

In chapter 3, we design a users-centered dialogue system with the ability to conduct

long-term and continuous conversations with users. We build a multi-session open-

domain dialogue system HAHT that can build long-term relationships with users by

maintaining the memory of history conversations. Experimental results demonstrate

that HAHT can generate more humanized and history-aware responses than state-of-

the-art models. Human experiments demonstrate that HAHT can better remember and

utilize history conversations with users to conduct more personalized conversations.

In chapter 4 and chapter 5, we design a users-centered dialogue system for user

diverse information needs. We first conduct Wizard-of-Oz experiments to investigate
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how free-form conversations assist users in understanding static explanations, promot-

ing trust, and making informed decisions about AI models. After proving the benefits

of conversations on static explanations, we propose the fEw-shot Multi-round ConvEr-

sational Explanation (EMCEE) to provide customized explanations to users. To deal

with data scarcity, we train the EMCEE with synthetic data. We tackle the two main

challenges of training with synthetic data: the lack of data diversity and model hallu-

cination. In practice, EMCEE significantly improved users’ comprehension, acceptance,

trust, and collaboration with static explanations. To the best of our knowledge, we are

the first study of how free-form conversations may facilitate neural network explainabil-

ity in a computer vision task. EMCEE is also the first conversational explanation that

can answer free-form follow-up questions after providing static explanations to the user.

We hope that our works could foster more dialogue systems that can consider users’

needs at the first place and are designed from the user perspective.

6.2 Future Work

In the following paragraphs, we discuss some of the potential research directions:

Improving evaluations for dialogue systems. Existing evaluations of dialogue sys-

tems rely on both automatic and human evaluations. Common automatic evaluation

metrics, such as BLEU and ROUGE, measure the n-gram overlap between a system-

generated text and a human-written reference text. However, there are multiple proper

and correct ways to reply to the same conversation turn, which is usually not considered

in existing automatic evaluations. Human evaluation can address this issue by asking

human annotators to rate the appropriateness and relevance of each response within the

context of conversations. However, human evaluation is very cost- and time-intensive.

Furthermore, human evaluations conducted by different papers are usually difficult to

compare due to different annotators. Therefore, a faster and more reliable evaluation

method for dialogue systems would accelerate the research process and facilitate more

consistent comparisons across models.

Unifying item recommendation network and response generation network

for conversational recommendation systems. In the proposed conversational rec-

ommendation system, the item recommendation network and the response generation
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network are trained separately. This separation results in a cumbersome training process

and leads to semantic misalignment between the item representations in the recommen-

dation system and the word representations in the response generation network. Such

misalignment may prevent the model from recommending items that align with user

expectations, as evidenced by the significant performance drop observed after removing

the alignment loss (Section 2.3). Although our proposed embedding alignment mitigates

this issue, it does not completely resolve it. With the rapid advancement of large lan-

guage models (LLMs), LLMs have demonstrated the ability to understand items based

on descriptions and user-item interaction history [47, 48]. A promising future direction

is to leverage LLMs to unify item recommendation and response generation.

Summarization and retrieval for multi-Session conversations. In HAHT, we

proposed maintaining conversation history by encoding different historical conversation

sessions into dense representations. At the time, language models struggled to handle

long-context inputs effectively. However, with recent advancements in model architec-

tures and the increasing availability of GPU resources, LLMs can now process inputs

exceeding 200k tokens. Given this, summarizing historical conversation sessions or ex-

tracting key sentences may be a more effective approach for managing multi-session

conversations. However, summarizing historical conversations introduces new challenges.

First, generating accurate and informative summaries without losing critical context re-

mains an open problem, as existing methods may omit essential details or introduce

hallucinations. Second, dynamically selecting the most relevant sentences from past ses-

sions requires robust retrieval mechanisms that can effectively capture user intent and

maintain coherence across sessions. Lastly, integrating these summaries into ongoing

conversations without disrupting the natural flow is challenging, especially when user

queries require nuanced contextual understanding. Future work should explore advanced

retrieval-augmented generation (RAG) techniques, adaptive summarization strategies,

and more efficient memory management mechanisms to enhance multi-session dialogue

coherence and efficiency.

Expanding applications of conversational explanations. In the conversational

explanations, our experiments focused on feature attribution explanation methods on

image classification. The main goal of feature attribution is to understand the contri-

butions of each input feature to a model’s decision. There are also other explanation
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methods, like example-based explanation methods which focus on the influence of par-

ticular data instances. All these explanation methods can provide meaningful insights

for users to understand AI models and predictions. However, understanding different ex-

planation methods requires different knowledge bases. Users may ask different questions

for different explanation methods on different tasks. As we demonstrated in Chapter 4,

it is hard to anticipate questions from laypersons before the study. Therefore, conver-

sational explanations for different explanation methods and different tasks may require

special design and are worth exploring.

Removing hallucinations in dialogue systems. In the conversational explanation

task, to mitigate hallucinations in dialogue systems, we train a hallucination detector

to identify and filter out hallucinated conversation turns during training. To build this

detector, we constructed a dataset containing examples of hallucinated statements about

basic machine learning and explainable AI methods. However, hallucinations are not

limited to a single task; they occur across dialogue systems in various domains and

settings. Therefore, developing more general and sophisticated hallucination detection

methods remains an important direction for future work. One promising approach is to

detect hallucinations based on uncertainty estimation [278, 279]. Uncertainty estimation

leverages the model’s own confidence in its predictions to identify whether outputs are

unfaithful or factually incorrect. Importantly, it operates solely on the LLM-generated

text, avoiding the need for additional resources, external knowledge, or further super-

vised training.

Dialogue systems for low-resource languages. Most existing dialogue systems are

designed for widely spoken languages like English, Spanish, German, and Chinese, which

require extensive data for training [280]. However, collecting large amounts of training

data is challenging for most languages in the world. There are over 7000 languages

around the world. The top 15 languages comprise more than 90% of online texts [281].

Future work should explore innovative strategies to build dialogue systems for languages

with limited training data. Possible solutions can be adopting transfer learning from

high-resource to low-resource languages [282] and employing meta-learning techniques

to learn to acquire a new language with limited data [283].
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