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ABSTRACT

To advance artificial intelligence, it is essential to equip machines with emo-

tional intelligence, thereby enhancing human-AI communication and relation-

ships. In this thesis, I present our work on building emotionally intelligent con-

versational agents, focusing on three key themes: empathetic understanding,

reliable responding, and engaging interaction.

For empathetic understanding, we propose two models, GREC and CARE,

which are designed to generate empathetic responses by interpreting user emo-

tions and the underlying emotional causalities through graph-based structures.

While GREC reasons over an external commonsense knowledge graph, CARE

integrates causal relationship inference directly within the model. To ensure

reliable responding, we address two challenges. First, we introduce d-PM,

a method to learn user preferences while accounting for individual disagree-

ments, and align conversational agents accordingly. Second, to mitigate unhelp-

ful responses that could hinder emotional support, we propose Muffin, a frame-

work that reduces the likelihood of such responses by leveraging multi-faceted

AI feedback. These two works are complementary, where one increases user

satisfaction and the other mitigates unhelpfulness. Both methods are model-

agnostic and can enhance transformer-based models, including state-of-the-art

ones. The last theme centers on engaging interaction in emotionally intelligent

conversational agents. We present two works: one for evaluation and one for

model alignment. Since conversation engagement reflects the overall experi-

ence of an entire dialogue and involving real human users can be costly, we

employ model-simulated users in our studies. First, we propose ClientCAST, a



framework to evaluate LLM-based therapists. After interacting with the conver-

sational agents, simulated clients complete questionnaires to assess the overall

conversational engagement. Second, to enhance engagement, we align conver-

sational agents with conversations that are likely to produce higher engagement

levels. This is achieved through Monte Carlo Tree Search for interaction, which

identifies dialogue trajectories associated with greater user engagement.

Together, these contributions offer a comprehensive approach to building

emotionally intelligent conversational agents that are empathetic, reliable, and

engaging.
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Chapter 1

Introduction

1.1 Background

Emotional intelligence is a vital capability that empowers individuals to rec-

ognize, understand, manage, and influence their own emotions and those of

others. This skill is essential for fostering effective communication, empathy,

and strong interpersonal relationships [114, 45]. It is required in a wide range of

downstream applications, such as medical dialogue [36], counseling [104], and

social chatting [170]. Since the creation of ELIZA [142] in the 1960s, integrat-

ing emotional intelligence into conversational agents has been a primary focus

in both research and industry, as shown in Fig. 1.1. This evolution is evident

in various conversational agents, from PARRY [26] and ALICE [132] to more

recent advancements like XiaoIce [170] and Pi AI [2].

Early conversational agents, such as PARRY and ALICE, were developed us-

ing rule-based or retrieval-based methods. These traditional approaches relied

on predefined rules, patterns, or a fixed response corpus, limiting the agents’

ability to understand the context or generate truly dynamic responses [61].

With the advent of deep learning and language models, recent conversa-

tional agents have been built on these models, enabling agents to generate more

natural, context-aware, and flexible conversations. Unlike earlier rule-based or
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Rule-based Era Smart Assistant Era Deep-Learning Era

PARRY


1971

1966


ELIZA
 ALICE


1994

XiaoIce


2014

  * XiaoMi

  * DuMi

  * XiaoAI

  * Tianmao Jingling

   ...


2016-2018

Large-scale
pretrained models

  * Blender

  * Meena

   ...


2020

Figure 1.1: Introduction: Development timeline of emotionally intelligent con-
versational agents.

retrieval-based chatbots, modern AI-driven conversational agents can under-

stand users’ emotional and cognitive states, maintain context over longer in-

teractions, and adapt their responses based on historical conversation and user

states. These advances significantly improve the emotional intelligence of con-

versational agents. During the past six to seven years, numerous studies have

focused on developing emotionally intelligent chatbots using these approaches.

This thesis explores modern AI-driven methods to advance this field.

Emotionally intelligent conversational agents, implemented using neural net-

works, are at the forefront of enhancing human-computer interaction by recog-

nizing, interpreting, and appropriately responding to human emotions. These

advanced agents aim to foster empathetic, reliable, and engaging interaction,

bridging the gap between human emotional complexity and artificial intelli-

gence. When users share their feelings and thoughts, these AI models are de-

signed to evaluate the emotional and cognitive states of the users. After the

assessment process, conversational agents generate contextually appropriate

responses that offer meaningful support and foster a sense of connection and
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understanding, enhancing the overall user experience and strengthening the

human-agent relationship. By continually refining the interaction, emotionally

intelligent agents can provide mental health support to buffer daily stress [137]

and even facilitate expert training [139].

Numerous studies have explored this subject. Some approaches analyze and

incorporate user emotions into response generation [89, 82], others integrate ex-

ternal knowledge into the process [34, 113], and some use dialogue acts to guide

the response generation [23]. Additionally, some methods combine at least two

of the above-mentioned aspects for emotionally intelligent chatbots [164, 128].

While these approaches have made significant strides in enhancing the emo-

tional intelligence of conversational agents, they often overlook the critical im-

portance of a user-centric perspective.

1.2 Motivation

This thesis prioritizes the user’s perspective in the design process of emotion-

ally intelligent conversational agents. By focusing on this perspective, agents

can gain a deeper understanding of the context and nuances of user emotions,

leading to more meaningful empathy. Additionally, it enables agents to tailor

their responses according to the user’s unique preferences and behaviors, ulti-

mately fostering a deeper connection and trust between the user and the agent.

Moreover, a user-centric design enhances user satisfaction and engagement by

aligning the agent’s responses with the user’s expectations. In essence, priori-

tizing user aspects is crucial for developing conversational agents that are not

only intelligent but also supportive and empathetic in their interactions.

The goal of the work in this thesis is to develop innovative solutions for

creating emotionally intelligent conversational agents by placing the user’s per-
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spective at the core of the design process.

The investigations are expected to provide emotional and mental health sup-

port with consideration of each user’s specific situation, buffering their depres-

sion and stress in the real world. By doing so, these agents can ensure empa-

thetic understanding, deliver reliable responses, and maintain engaging inter-

actions. Therefore, this thesis is organized around three key themes step by step

according to the emotional intelligence level of the agents: from empathetic un-

derstanding to engaging interaction. They are outlined as follows:

• Empathetic Understanding: How to effectively equip models with the ca-

pability to comprehend not only the user’s emotions but also the experi-

ences that trigger these emotions?

• Reliable Responding: How to enable models to generate reliable responses

that are supportive from the user perspective while avoiding potentially

harmful outputs?

• Engaging Interaction: How to develop models that facilitate genuinely en-

gaging interaction, fostering deep connections with users, and providing

effective support?

During my Ph.D. journey, I investigated these themes, generating innova-

tive insights and proposing new methods. Notably, in the area of Empathetic

Understanding, our work is among the first to incorporate the causes of emo-

tions into conversation generation, enabling a more empathetic understanding

of users. In terms of Reliable Responding, while many studies have focused

on improving supportive response generation, our research uniquely empha-

sizes user feelings and prioritizes user perspectives. To the best of our knowl-

edge, our work is also pioneering in evaluating and enhancing the effectiveness

of emotionally intelligent conversational agents at the conversation level and
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from a user perspective. These designs ultimately contribute to more Engaging

Interaction.

1.3 Thesis Outline

Building on the three central themes discussed earlier, this thesis is structured

into three parts. Each theme is explored in a dedicated part and illustrated

through two research studies. An overview of these studies is provided in Ta-

ble 1.1.

Part I explores the first research theme: Empathetic Understanding. Achiev-

ing empathetic understanding requires recognizing both the user’s emotional

and cognitive states, which naturally equip agents with emotional intelligence

from a user aspect. While emotional states correspond to the user’s emotions–

previously studied for their role in enhancing empathetic response generation

[89, 82]–cognitive states relate to the user’s experiences. However, not all user

experiences contribute to empathetic understanding; those that are closely re-

lated to the user’s emotions are particularly important. For example, if a user

says “I lost my wallet on my way to the theater,” focusing on “lost” would

be more helpful to understand the user than the “theater.” Therefore, we would

like to involve causes and effects of emotions to help understand the user. Specif-

ically, we leveraged the graph structure to indicate the understanding process

for their interpreter. Two works–W1 and W2–were presented in this thesis to

show the effectiveness:

• In W1, we used the emotion causes reasoned from a causal knowledge

graph to assist the conversation agents in understanding the user before

response generation. Correspondingly, we designed an empathetic chat-

bot named GREC. Specifically, it is assumed that the latest user utterance
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suggests the user’s emotions and feelings worth paying attention to, and

the clauses in this utterance are regarded as emotion cues. Then, the emo-

tional causes are identified in the previous historical conversation with

a cause classifier. In order to figure out the causal relationship between

the emotion cues and causes through a multi-hop reasoning over a causal

knowledge graph, named ConceptNet [122], to infer semantic paths from

keywords in the cause context to keywords in the emotion cues. These

reasoned graphs are named emotional causality graphs. A multi-layer

Graph Convolutional Network (GCN) is used to encode the graphs. The

encoded graphs are used to serve for the response generation in two ways.

On the one hand, the fused graph-aware representation is fed into the de-

coder to generate a generic vocabulary distribution for the empathetic re-

sponse. On the other hand, to explicitly exploit the information of emo-

tional causality, multi-hop reasoning on the emotional causality graphs is

adopted to obtain the vocabulary distribution over the nodes of the graphs

at each step of generation, which affects the final vocabulary distribution.

• W1 has demonstrated the effectiveness of incorporating emotional causes

and effects for enhancing empathetic understanding and response gener-

ation. While it relies on an external reasoning process, our goal is to em-

power the model itself with the ability to internally reason about emotion-

related causalities. Thus, W2 advanced the model’s capabilities by en-

abling it to reason about the causal relationships among emotions and

relevant events without relying on external knowledge graphs, achieving

a deeper and more accurate empathetic understanding of users. Similar

to W1, we also utilized a graph structure to show the emotional causal-

ities given the context. To this end, we proposed a Conditional Varia-
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tional Graph Auto-Encoder (CVGAE). This model utilizes the keywords

mentioned in the conversation to represent the user’s experiences and an

emotion word to denote the user’s emotional state. The CVGAE then rea-

sons about the causal relationships among these elements, formulating a

causal graph that captures all plausible causalities interdependently and

simultaneously, conditioned on the user’s emotion, dialogue history, and

predicted future dialogue content. This approach turns causality reason-

ing into a conditional graph generation task, enabling the model to infer

not only explicitly stated causalities but also those that are plausible yet

not directly expressed in the dialogue. Subsequently, a graph-infused de-

coder incorporates the information derived from this emotional causality

graph into the response generation process through a multi-source atten-

tion mechanism. By integrating causality reasoning and response gener-

ation, we enhanced the model’s understanding of the user’s feelings and

experiences. This integration allows the model to generate responses that

reflect a more nuanced and empathetic understanding, thereby achiev-

ing truly empathetic responses without the need for external knowledge

graphs.

In Part II, we explored the generation of Reliable Responses. While lan-

guage models enhance the flexibility of text generation tasks, ensuring the relia-

bility of their responses remains a critical challenge. Although numerous stud-

ies have proposed methods to improve the helpfulness of model-generated re-

sponses, especially in the emotional support context [164, 34, 23], few consider

user-specific preferences for helpfulness. As a result, responses deemed “help-

ful” by the model may still fail to satisfy users. Moreover, enhancing helpfulness

alone does not prevent the generation of harmful responses. A reliable conver-
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sational system must also focus on mitigating unhelpfulness. To address these

challenges in emotionally intelligent conversational systems, two studies (W3 &

W4) explore methods to improve both the helpfulness and safety of generated

responses.

• In W3, we focused on the language model alignment with users’ prefer-

ences in terms of emotional support. While there can be inherent disagree-

ments due to the subjective nature of human preferences, the language

model is expected to try its best to satisfy each individual. Therefore,

it is necessary for the language model to consider universal preferences

through preference modeling. Previous approaches typically rely on ma-

jority voting or averaging to consolidate multiple inconsistent preferences

into a merged one. However, such methods cannot capture the nuanced

degrees of disaggregation among humans and may only represent a spe-

cialized subset of individuals, thereby lacking the ability to quantitatively

disclose the universality of human preferences. Therefore, we proposed

a novel Bayesian approach, which is designed to approximate a “univer-

sal preference” that comprises the preferences of “all individuals”, given

the preferences of several individuals. Specifically, the observed prefer-

ence among selected individuals serves as prior knowledge. The Bayesian

approach aims to leverage the distribution of all possible universal prefer-

ences (likelihood probability) to adjust and smooth the initially observed

one, leading to the derivation of a universal preference (posterior). Upon

obtaining the universal preference, the likelihood of the expected prefer-

ence types is calculated to establish a preference score. This score is then

utilized for further language model alignment to generate responses that

can try the best to emotionally support each user.
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• W4 was concentrated on unhelpfulness mitigation in the context of emo-

tional support. Improving the response helpfulness does not guarantee

reliable responses all the time, given the fact that approximately 30% of

responses generated by the SOTA emotional support chatbot on the ES-

Conv benchmark are identified as unhelpful under strict evaluation crite-

ria. Their occurrence can significantly undermine supportive efforts and

damage the trust between the users and the model. To address this crit-

ical issue, we introduced a novel model-agnostic framework called Muf-

fin, which stands for Mitigating unhelpfulness with multifaceted AI feed-

back for emotional support. The Muffin framework tackles the problem

through two key deliberations. First, it considers multiple facets of emo-

tional support, recognizing that previous models often emphasize a single

facet, such as empathetic expression or response coherence, potentially

leading to unhelpfulness. To address this, Muffin incorporates a multi-

faceted AI feedback module that assesses responses from various emo-

tional support facets. This module leverages the advanced capabilities

of recent large language models, such as LLaMA, which are instruction-

tuned to avoid inefficient and expensive human feedback collection. Sec-

ond, Muffin directly minimizes the probability of generating unhelpful

responses. While previous models typically optimize by minimizing the

negative log-likelihood of golden responses, Muffin introduces an addi-

tional objective to specifically target and reduce the likelihood of unhelp-

ful responses. This is achieved by contrasting unhelpful responses, identi-

fied by the feedback module, with non-unhelpful ones. Through these two

steps, Muffin effectively mitigates unhelpful responses generated by emo-

tional support conversation models. In addition, Muffin can be applied
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on any transformer-based model, ensuring that a wide range of emotional

support models can benefit from Muffin’s multifaceted feedback and un-

helpfulness mitigation strategies.

In Part III, we would like to investigate the overall effect of the conversa-

tional agents from the interaction level. To the best of our knowledge, few pre-

vious works have paid attention to the interaction-level effect of emotionally

intelligent conversational agents. This is because the user’s immediate reac-

tion, which can significantly influence the agents’ performances during con-

versations, is difficult to obtain. Therefore, either evaluating or optimizing the

emotionally intelligent conversational agents from a conversation level is a chal-

lenge. In part three, we take a small step towards the conversation-level evalu-

ation. Accordingly, W5 was proposed:

• W5 was devoted to evaluating the overall performance of emotionally in-

telligent conversational agents during conversations from the users’ per-

spective. In particular, we utilized large language models (LLMs) to sim-

ulate clients in counseling therapy to assess the performance of AI thera-

pists. This approach offers two significant advantages over involving real

human participants: (1) Ethically, it mitigates the risk and unsafety that

humans can frequently mimic clients and be exposed to potentially harm-

ful AI-generated content. (2) Technically, it allows for consistent com-

parison of different AI therapists’ performances with the same client. To

achieve this, we developed ClientCAST, a client-centered framework for

automatically assessing AI therapists. In this framework, the simulated

client interacts with an LLM therapist and completes questionnaires re-

lated to the interaction. The results of these questionnaires enable the as-

sessment of AI therapists from three client-centered perspectives.
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Research Theme Work Index Dataset

Empathetic Understanding
W1

EmpatheticDialog

W2

Reliable Responding
W3

Emotional Support Conversation

W4

Engaging Interaction W5 High-Low Quality Counseling

Table 1.2: Introduction: Datasets Used in this Thesis.

Since the focus is different in different works, we adopt different datasets, as

shown in Table 1.2. The detailed information is included in each part.

1.4 Contributions

The contributions of this thesis are summarized as follows:

• This thesis explores the design of emotionally intelligent conversational

agents using deep learning techniques. we proposed user-centric approaches

to enhance user understanding, response generation, and engagement in

interactions.

• We were among the first to research the causes and effects of emotions in

dialogue, with the goal of achieving a more empathetic understanding of

the user’s state and crafting more empathetic responses. We proposed two

distinct approaches that utilized graph-based representations to model the

comprehension process effectively.

• This thesis introduced an important research direction focused on reli-

able responding. We developed methods to increase the supportiveness
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of responses from the user’s perspective while minimizing unhelpful re-

sponses that may harm users.

• To the best of our knowledge, the works in this thesis are the first to em-

phasize the overall interaction effect from a user perspective. We investi-

gated methods to evaluate counseling conversations, which can be used

to improve the engagement of conversational agents.



Chapter 2

Literature Review

This chapter reviews existing studies on emotionally intelligent conversational

agents, with a primary focus on key tasks and the approaches used to address

them. Additionally, dataset collection and evaluation remain significant chal-

lenges in developing emotionally intelligent chatbots, making them a relatively

important topic for discussion. While emotionally intelligent conversational

agents are primarily designed to provide emotional support to individuals in

need, they can also assist supporters in their roles. Therefore, this chapter also

explores their potential applications in the last section.

2.1 Tasks and Solutions

With research on emotionally intelligent chatbots, scholars and practitioners

continue to deepen their understanding of emotional intelligence and its di-

verse applications. Additionally, advancements in underlying techniques have

accelerated, shifting the focus of research. As a result, existing studies can be

broadly categorized into three main areas: emotional response, empathetic dia-

logue, and emotional support. The following sections will outline the objectives

of each task and discuss the various approaches that have been employed to

address them. An overview of these tasks is shown in Table 2.1.
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Task Focus Popular
Time Common Methods

Emotional
Response

To generate responses that
both accurately and natu-
rally express a predefined
emotion.

2017-2019

• emotional embeddings in-
corporation

• emotion-rich decoding

• emotional vocabulary
computation

Empathetic
Dialogue

To understand and pre-
dict users’ emotional states,
along with their experi-
ences and thoughts.

2018-

• multi-task learning

• external knowledge incor-
poration

• emotional cause reasoning

Emotional
Support

To guide users toward pos-
itive feelings and thoughts
by buffering their depres-
sion and distress after em-
pathetic understanding.

2021-

• user state reasoning

• dialogue act planning

• therapy technique imple-
mentation

Table 2.1: Literature Review: Overview of Tasks for Emotionally Intelligent
Conversational Agents.

2.1.1 Emotional Response

Early research on emotionally intelligent chatbots primarily focused on emo-

tional expression [166, 168, 121, 171]. This task, referred to as emotional re-

sponse, involves producing model-generated responses that can naturally and

accurately exhibit emotional tones. In addition, given a user query, most of these

studies were aimed at the output that can respond to the user in semantics while

accurately expressing a predefined emotion.

Limited to the model architecture, i.e., recursive neural network (RNN), ex-

isting works typically addressed this task in the following three approaches:

Emotional Embedding Incorporation Some methods incorporate emotional em-

beddings for emotional expression. Usually, an emotional embedding is

concatenated with the semantic word embedding. Then, such information
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plays an important role in the decoder hidden state computation or loss

computation. The emotional embeddings can be obtained from existing

emotional embeddings, such as the Valence Arousal & Dominance (VAD)

[91] embedding, or be trained with the generation model.

Emotion-Rich Decoding Another straightforward way is to enrich the decod-

ing process with emotional information. For instance, EmoDS designs ex-

tra attention to related emotional words [121]. In MojiTalk [171], authors

adopt a reinforced CVAE to guide the response generation with the spe-

cific emotion as the condition. [43] investigates emotion embeddings and

emoji expression for empathetic understanding and expression in book-

ing dialogue systems. ECM uses an internal memory, which is connected

with the gated recursive unit (GRU) using a write gate and a read gate, to

indicate the emotion state decay [168].

Emotional Vocabulary Computation Leveraging emotional vocabulary to in-

fluence the final word selection is also a classical approach. Typically, the

vocabulary distribution is computed with the final decoder hidden states.

In order to emphasize emotional expression, another distribution of emo-

tional vocabulary can also be involved to determine the final word proba-

bilities.

In this task, the emotional expression of the model-generated responses is

usually evaluated by the accuracy of the emotion of the response. In particular,

an emotional classifier was adopted to classify the generated responses and then

evaluate the effectiveness of the methods.

Simply expressing the emotion in the response is neither practical nor a

true demonstration of emotional intelligence. Moreover, with advancements

in model training techniques and the emergence of powerful language mod-
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els, this task has become relatively straightforward and simple to address. As

a result, recent research in the field of natural language processing has shown

limited interest in this area.

2.1.2 Empathetic Dialogue

Empathy is the ability to perceive and understand an individual’s feeling from

their aspects. It involves not only the actual or inferred emotional states of the

other person but also their experiences and thoughts [99, 32]. Accordingly, the

task of empathetic dialogue aims to understand the user and then respond to

acknowledge it appropriately. Unlike to the emotional response, empathetic

dialogue emphasizes understanding of users.

A number of methods have been proposed to develop empathetic conver-

sational agents, which can be divided into two categories according to their

empathy type when understanding the users:

Affective Empathy This line of work is focused on the comprehension of the

user’s emotions inferred from the historical conversation before an ap-

propriate response, which is referred to as affective empathy [120]. The

simplest method is to predict the user’s emotion(s) and then concatenate

the emotion(s) and the user query as the model input for response gen-

eration [109]. However, it has been proven ineffective to utilize merely

one emotion to understand the user and express empathy. It is because

the user’s emotional state can be complex, and one emotion is unable

to present itself. MoEL proposes a method for blending emotional re-

sponses in dialogue generation [82]. Its architecture consists of a shared

listener that captures the dialogue context and multiple emotional listen-

ers, each generating responses with a specific emotion. The final response
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is a weighted combination of the shared listener’s output and the emo-

tional listeners’ outputs, where the weights are determined by the user’s

predicted emotion distribution based on the dialogue context. The model

is trained using multitask learning, which involves maximizing the max-

imum likelihood estimator (MLE) for the ground truth response and the

probability of the user’s actual emotion. Based on MoEL, MIME was pro-

posed to allow the response to mimic the user’s emotion to show their

understanding of the user [89]. The user’s emotion is comprehended us-

ing polarity-based emotion (negative or positive) based on the dialogue

context. Then, the emotion representations are considered in the response

generation for the emotional mimicry. This approach works, since its de-

sign somehow achieves the effects of somatic empathy, which involves

having a physical reaction in response to what someone else is experienc-

ing [107]. EmpDG deepened the comprehension of user emotions with

additional consideration of fine-grained token-level emotions [74]. In par-

ticular, when encoding the dialogue context, emotion-related words are

encoded by an additional transformer encoder and concatenated after the

dialogue context vectors. Furthermore, EmpDG is designed to enhance

the understanding of the user’s emotional state by involving emotional

information in the next user utterances as feedback. Thus, the model

is trained with an additional loss to enhance the model’s empathy abil-

ity. Notably, all three aforementioned works used the embedding of the

first input token, i.e., [CLS], to predict the user’s actual emotion through

multitask learning. Moreover, fine-tuning pretrained language models on

an empathetic dialogue corpus with multiple training objectives is also a

straightforward and effective method, as demonstrated by CAiRE [81].
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Affective & Cognitive Empathy In addition to considering user emotions, un-

derstanding the user’s experiences and thoughts enhances cognitive em-

pathy, which involves grasping another person’s mental state and predict-

ing their potential reactions to a situation.

S1: I’m sorry. I understand that you’re feeling sad and

that what you’re experiencing is difficult.

S2: I’m sorry to hear about your grandmother. I know you

miss her, and I’m here for you.

For example, the statement S1 demonstrates cognitive empathy, while S2

reflects mainly affective empathy. A common and straightforward method

to understand and predict the user’s experiences and thoughts is to in-

volve external knowledge to assist the understanding of the user’s state-

ments. Various external knowledge bases are involved, including seman-

tic knowledge (WordNet), commonsense knowledge (ConceptNet, Wiki-

data, and YAGO), causal knowledge (Cause Effect Graph [79] and ATOMIC

[56]), and sentimental knowledge (NRC-VAD [93] and SenticNet [19]).

KEMP [75] adopts the NRC-VAD and ConceptNet to enrich the dialogue

context by linking related concepts with words in it. Therefore, an emo-

tional context graph is constructed. For emotional expression, KEMP learns

emotional signal from this graph and uses the signal to guide the empa-

thetic response generation. GREC [136] understands both the affective and

cognitive states of the users by considering the causes of emotion. It first

identifies the cause cues in the dialogue context that can trigger the user’s

emotion in the immediate turn. Then, emotional causality graphs are con-

structed based on the keywords that can represent the emotion and the

causes by multi-hop reasoning over the Cause Effect Graph. These graphs

are then used to enrich the model’s empathetic expression. Furthermore,
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some other works could enable the model itself to reason relevant knowl-

edge to understand the user’s cognitive state without extraction from ex-

ternal knowledge bases. For instance, CEM [113] uses COMET, a com-

monsense reasoning model trained in ATOMIC, to infer the user’s feelings

and thoughts (intention, needs, effect, wants). Then, both the dialogue

context and the inferred knowledge are combined for the response gener-

ation. Some works focus on deeply exploring the user’s experiences re-

lated to emotions within the dialogue context, without relying on external

knowledge. For example, EMMA [77], RecEC [44], and GEE [63] identify

the causes of emotions in the dialogue context and use this information to

influence response generation. CARE [134] reasons both the causes and

effects of user emotions using a causal graph generated by a conditional

variational graph auto-encoder. Additional attention is then given to this

causal graph during response decoding. Recently, large language models

have demonstrated the ability to generate users’ emotional and cognitive

states through prompting [146] or chain-of-thought (CoT) fine-tuning.

2.1.3 Emotional Support

Emotional support aims to alleviate individuals’ emotional suffering by helping

them understand and confront their current challenges [16, 50]. It can take the

form of assistance with daily distress and depression or counseling therapy. The

task of emotional support conversations requires a deeper level of emotional

intelligence than the aforementioned two tasks, with the added responsibility

of managing users’ emotions and guiding the conversation.

When developing emotional support conversational agents, the following

factors are consistently considered in existing studies:
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User States As mentioned in the previous section, incorporating external knowl-

edge has been proven to effectively enhance empathetic understanding of

users, which serves as a fundamental pillar of emotional support. By in-

tegrating relevant knowledge, models can better comprehend users’ emo-

tions, contextual nuances, and underlying concerns, benefiting from mean-

ingful support. For example, KEMI [34] leverages COMET to generate

relevant knowledge and constructs a graph with the support of HEAL, a

mental health knowledge graph [145], to facilitate empathetic comprehen-

sion. Similarly, MISC [128] improves the model’s comprehension of user

posts by integrating commonsense knowledge inferred through COMET.

Beyond incorporating external knowledge, the method proposed in [164]

focuses on the transition between cognitive and emotional states among

user utterances. Overall, these approaches align with techniques used in

empathetic conversations. More recently, some methods have also prompted

language models to reason about users’ evolving emotional and cognitive

states using instructions or chain-of-thought (CoT) reasoning, as demon-

strated in [133] and [78].

Communication Skills While empathetic understanding is essential for emo-

tional support, effectively guiding the conversation is equally important.

To achieve this, various communication strategies are employed in the

method design. MISC [128] introduces a mixed-strategy learning mod-

ule to guide response generation, seamlessly integrating multiple strate-

gies based on a distribution derived from the [CLS] token embeddings in

the input dialogue context. Inspired by A* search, MultiESC [23] antic-

ipates communication strategies by estimating future user feedback, se-

lecting those that yield the most favorable long-term outcomes. KEMI [34]
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prioritizes proactivity, dynamically switching between initiative-driven

and non-initiative strategies to either provide empathetic responses or ini-

tiate problem-solving discussions as needed. TranESC [164] recognizes

that responses can emphasize different aspects–semantic expression, emo-

tional expression, or strategic intent–and allows for fluid transitions be-

tween these elements. In [135], the authors consider universal communi-

cation preferences and optimize the model to generate responses guided

by strategies designed to accommodate diverse user needs. Muffin [137]

also considers the effectiveness of communication skills by mitigating the

likelihood of responses adopting inappropriate communication skills.

Therapy Techniques This line of research explores the use of artificial intelli-

gence to implement therapy techniques for providing mental health sup-

port. Unlike emotional support for everyday issues such as depression,

this type of support focuses on addressing cognitive distortions and facil-

itating behavior change. Among various therapeutic techniques, Cogni-

tive Behavioral Therapy (CBT) is one of the most practical and effective

treatments, helping individuals manage their problems by changing their

thoughts and behaviors [11]. A common implementation method involves

the use of large language model (LLM) agents. For instance, CBT-LLM

[96] is trained on a psychological health QA dataset generated by GPT-3.5,

which is prompted with instructions containing CBT knowledge. CoCoA

[70] incorporates both a basic memory and a cognitive distortion memory

to store personal information and identify cognitive distortions, respec-

tively. For response generation, it employs dynamic prompting to deter-

mine the specific response act, effectively guiding the generation process.

[156] proposed AutoCBT, an autonomous multi-agent pipeline, where a
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counselor agent serves as the interface and several supervisor agents func-

tion as the backend. Specifically, a routing mechanism determines when

the supervisors take on their roles, while memory mechanisms store his-

torical context for these supervisors.

While previous studies have focused on improving response generation, the

overall conversation-level support effect has received less attention. To the best

of our knowledge, few methods–apart from our works, which will be discussed

in Part III–have been proposed to address this issue.

2.1.4 MultiModal Researches

In addition to the text (utterance content), other information, such as images

(facial information and stickers) and voices, contribute to emotional intelligence

significantly. As a result, research on emotional intelligence conversational agents

involving multiple modalities is always an important focus. For instance, there

is work considering the emotional status contained in the voice and facial ex-

pression to implement a virtual coach [126]. [39] proposes an amazing open-

source multi-modal empathetic chatbot, which adopts multi-modal encoders

and decoders for understanding and generation, and an LLM for intermediate

reasoning. In addition, images can assist emotional expression. For instance,

PEGS is proposed to integrate stickers with textual interaction [162], which en-

ables richer empathetic information.

2.2 Challenges

Building and evaluating emotionally intelligent conversational agents can be

challenging for several reasons:
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• Ethical and privacy concerns: Research in this domain often involves sen-

sitive data, such as private conversations, mental health counseling, or

personal experiences, raising significant ethical and privacy issues.

• Complexity of emotional intelligence: Emotional intelligence itself is a

multifaceted and evolving concept, encompassing empathy, self-awareness,

emotional regulation, and social skills. Defining and replicating these abil-

ities in conversational agents remains a significant challenge.

• Lack of standardization: Emotional expression and perception vary across

individuals, cultures, and contexts, making it difficult to establish univer-

sal benchmarks for emotional intelligence in conversational agents.

Beyond methodological challenges, dataset collection and evaluation methods

also pose significant difficulties due to these factors. This section will discuss

these two major challenges in the research of emotionally intelligent conversa-

tional agents.

2.2.1 Dataset Collection

Collecting dialogues that require significant emotional intelligence can be chal-

lenging. Previous studies have primarily relied on one of three methods for

dataset collection: web crawling, crowdsourcing, or data synthesis. Table 2.2

provides an overview of existing datasets used in studies on emotionally intel-

ligent conversational agents. The table includes the dataset name, source, scale,

publication year, whether an official split is available, and whether the conver-

sations are multi-turn interactions.

Web Public Data Social media platforms provide a valuable source of data for

analyzing emotional expression. Prior studies, for example, have utilized
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dialogues (post-comment pairs) from Weibo [117], annotating the emo-

tions expressed by speakers [168]. Similarly, Reddit serves as a rich data

source, particularly for discussions on topics such as depression and men-

tal health. The Persona-based Empathetic Conversation (PEC) dataset

[167] was derived from two subreddits: happy and offmychest, with data fil-

tered using specific rules. However, a key limitation of this method is that

the dialogues from these platforms are single-turn interactions and lack

real-time engagement. Additionally, responses are not based on familiar-

ity with the original poster, as they stem from post-comment pairs rather

than sustained conversations. Beyond social media platforms, data can

be collected from other platforms. For instance, XiaoAI Empathetic Con-

versation (X-EMMA) [77] was collected from online logs and annotated

with emotion classes and causes. PsyQA [124] was crawled from the Q&A

column of Yixinli, a Chinese mental health service platform. YouTube

also provides rich public counseling demonstrations. High-Low Qual-

ity Counseling dataset [105] and expert-Annotated MI (AnnoMI) dataset

[151] were derived from public videos on YouTube. Emotional Dialogues

in OpenSubtitles (EDOS) [147] was obtained from the OpenSubtitles [83],

a public movie and TV subtitles corpus.

Crowdsourcing Many existing datasets are collected through crowdsourcing.

For example, the Empathetic Dialogue dataset [109] and the Emotional

Support Conversation (ESC) dataset [85] were created using Amazon Me-

chanical Turk (MTurk). Specifically, workers were hired and instructed

to engage in conversations following predefined guidelines. In general,

crowdsourced data is of high quality. However, due to the high costs as-

sociated with training and data collection, datasets obtained through this
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method are typically small in scale.

Synthetic Data With the advancement of LLMs, many studies have leveraged

LLMs to synthesize datasets. SMILE [108] used ChatGPT to rewrite public

single-turn conversations into multi-turn dialogues, creating SMILECHAT.

Similarly, SoulChatCorpus [22] employed a prompt with ChatGPT to trans-

form single-turn psychological counseling conversations into multi-turn

empathetic dialogues. Notably, the original single-turn conversations were

obtained through crowdsourcing. In [158], the authors collected online

psychological counseling reports and used them to construct CPsyCounR.

Additionally, PsyDTCorpus [154] was generated using dynamic one-shot

learning with GPT-4. Synthesizing datasets helps balance cost and qual-

ity, but human verification remains essential. Moreover, model-generated

data may not always align with real-world distributions, posing challenges

for practical applications.

Compared to datasets collected through crowdsourcing or synthesis, web-crawled

datasets are often simpler in terms of emotional intelligence exploration and for-

matting but tend to be larger in scale.

2.2.2 Evaluation

When evaluating content generated by emotionally intelligent conversational

agents, both semantic accuracy and emotional intelligence should be consid-

ered. Numerous methods have been proposed to assess semantic accuracy, with

the most common approach being the comparison of generated responses with

ground truth references. For instance, BLEU [100] and ROUGE [80] measure

n-gram similarity, while BertScore [160] captures embedding similarity. Addi-

tionally, qualitative metrics such as Fluency and Consistency are often used to
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evaluate responses. In particular, Fluency assesses the grammatical correctness

and naturalness of a response, ensuring it reads smoothly and is free from lin-

guistic errors. Consistency measures whether the response aligns logically with

the given context and does not contradict prior statements or known facts. The

diversity of responses is also taken into account by Dist-n [73].

However, evaluating emotional intelligence remains challenging. As men-

tioned earlier, emotional expression and perception vary across individuals and

cultures, making standardized evaluation difficult. Additionally, emotional in-

telligence is inherently complex, further complicating the assessment process.

Previous studies have proposed various evaluation methods, which will be dis-

cussed in this subsection.

Evaluation Methods The two most common methods for evaluating emotion-

ally intelligent conversational agents are rating and comparison. In the rating

approach, annotators assess an agent-generated response along with its cor-

responding context, scoring it based on a specific metric. In the comparison

method, annotators evaluate two responses–typically generated by different

models–for the same conversation context and determine which one performs

better. Annotators can be classifiers, LLMs, or human evaluators.

Evaluation Metrics To assess emotional expression and perception effectively,

various metrics are utilized:

• Emotion Accuracy: This metric evaluates whether the generated response

correctly identifies and expresses the intended emotion in a given context.

It measures alignment with expected emotional cues and appropriateness

of emotional tone. This metric is mainly used in emotional response gen-

eration, such as in [168].



Chapter 2. Literature Review 29

• Strategy Accuracy: This assesses whether the conversational agent em-

ploys the appropriate emotional strategies, such as comforting, encour-

aging, or sympathizing, based on the context and user’s emotional state.

This metric is adopted in works that involve support strategies to guide

the response generation [23, 128]

• Fact-Check / Knowledge: It evaluates whether the response maintains

factual correctness and does not introduce misinformation while address-

ing the emotional aspect of the conversation. Studies enhancing responses

with external knowledge evaluate models using this metric [128].

• Empathy: This metric measures the agent’s ability to understand and re-

spond to the user’s emotions in a way that demonstrates compassion and

emotional awareness. It is widely used in various works [137, 34, 23, 128,

136].

• Comforting: This measures the agent’s ability to soothe and reassure the

user, particularly in distressing or emotionally sensitive situations. A com-

forting response should acknowledge the user’s emotions and offer words

of encouragement or support. This metric is used in works including [137,

23].

• Suggestion: It assesses whether the agent provides relevant and construc-

tive advice, recommendations, or alternative perspectives that can help

the user navigate their situation effectively. This metric is used in works

including [137, 23].

• Identification: It evaluates the agent’s ability to accurately recognize and

reflect the user’s emotional state, ensuring that the response is contextu-

ally appropriate and emotionally attuned. This metric is used in works

including [137, 23].
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• Helpfulness: This evaluates whether the response provides meaningful

help. This is an overall of the effectiveness of support, guidance, or so-

lutions that address the user’s concerns. This metric is used in works in-

cluding [137].

• Safety: This metric evaluates whether the response is ethical, non-harmful,

and avoids generating content that could be offensive, manipulative, or

emotionally damaging [108].

• Proactivity: This measures the agent’s ability to anticipate user needs and

offer assistance or emotional support before being explicitly asked, con-

tributing to a more responsive interaction. This metric is used in works

including [34].

• Engaging: This metric assesses whether the agent successfully engages

the user in the conversation, ensuring that the user feels heard and en-

couraged to fully express their emotions by the end of the interaction.

The above metrics are commonly used in previous studies, while additional

metrics with clear definitions can be proposed to evaluate conversational agents

in different contexts. However, a standardized set of metrics that ensures consis-

tency across evaluations–similar to how BLEU and ROUGE are widely adopted

for semantic assessment–remains lacking for emotional intelligence evaluation.

Evaluation Pipelines Several evaluation pipelines have been proposed to as-

sess the conversational behaviors of LLM therapists. For example, BOLT [24] is a

proof-of-concept computational framework developed to systematically assess

the conversational behaviors of LLM therapists. It seeks to compare their inter-

actions with those of both high- and low-quality human therapists and explore
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whether their responses can be adjusted to exhibit more desirable therapeu-

tic behaviors. Similarly, ClientCAST [138] was introduced to assess the overall

performance of LLM therapists in counseling conversations from the client’s

perspective. In ClientCAST, LLMs are prompted to assume the role of a client,

engage in conversations with LLM therapists, and subsequently complete ques-

tionnaires evaluating their counseling experience.

2.3 Applications

Emotionally intelligent conversational agents are typically designed to provide

emotional support to users. However, they can also assist emotional supporters

by generating draft responses or helping train them. Therefore, the applications

of these agents will be discussed in this subsection.

2.3.1 Emotional Support Chatbots

Most of the previous works, which have been mentioned in Section 2.1, focus

on conversational agents that provide emotional support to users. These chat-

bots are designed to recognize and respond to users’ emotions, offering empa-

thetic interactions and psychological support. They can be integrated into men-

tal health platforms, customer service, and social companionship applications.

By leveraging natural language understanding and affective computing, these

agents help users feel heard, validated, and comforted. Some advanced mod-

els use therapeutic techniques, such as CBT strategies, to guide users through

emotional challenges.
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2.3.2 Human Trainer Agents

In addition to directly supporting users, emotionally intelligent conversational

agents can serve as training tools for human supporters, such as therapists and

counselors. These agents can simulate emotionally charged conversations, al-

lowing trainees to practice their responses in a controlled environment. By pro-

viding real-time feedback and analysis, these systems help improve emotional

intelligence, active listening skills, and empathy in human trainees. Moreover,

they can generate sample responses, assisting human supporters in refining

their communication strategies. For instance, Patient-Ψ [139] has been proposed

to provide simulated counseling scenarios for trainees and offer feedback on

their performance after conversations.

2.3.3 Human-AI Collaboration

Emotionally intelligent conversational agents can also enhance human-AI col-

laboration by assisting human professionals in managing emotionally sensitive

conversations. For example, in customer service scenarios, these agents can an-

alyze customer sentiment and suggest appropriate responses to human agents

in real-time. In mental health settings, AI-driven assistants can help therapists

track patient emotions over time, identify patterns, and provide supplementary

support during sessions [119] or even between sessions. By working alongside

humans rather than replacing them, these agents create a synergistic relation-

ship, leveraging both human intuition and AI-driven analysis to improve the

overall quality of emotional support.
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Empathetic Understanding
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Responding with empathetic understanding has benefited a wide range of

downstream applications, such as medical dialogue systems [36], counseling

conversation [104], and social chatbots [170]. The ability of empathy is to per-

ceive, understand, and respond to another individual’s feelings, experiences,

and situations [99, 32]. It emphasizes understanding of the other. Empathy is

composed of two aspects [30], which are (i) affection, i.e., emotion understand-

ing and appropriate emotional reaction [53], and (ii) cognition, i.e., comprehen-

sion and reasoning of the other’s experiences and situation [106]. Affection

has been naturally considered in the empathetic conventional system in vari-

ous ways [82, 89, 74]. Despite their success, their models lack understanding

of the user’s experiences, resulting in very weak empathy. The cognitive as-

pect of empathy should be involved, thereby enhancing users’ comprehension.

To this end, we propose to consider emotional causalities in conversations. On

the one hand, emotional causality is an integral component of emotional expe-

rience [57]. On the other hand, it is recognized as an important feature in the

analysis of human emotion [148]. In this part, two novel approaches are pro-

posed, each employing a distinct reasoning mechanism to improve empathetic

understanding. The first approach leverages external commonsense knowledge

graphs to support reasoning over emotional causality, allowing the model to in-

corporate this broader knowledge. The second approach enables the model to

infer emotional causalities internally, learning to identify and reason about the

cause-and-effect relationships of emotions directly from conversations.



Chapter 3

Understanding with Multi-hop over

Knowledge Graph

3.1 Introduction

This chapter introduces a novel method for enhancing empathetic understand-

ing by leveraging emotional causality. Our approach aims to bridge the gap

between a user’s emotions and their underlying experiences by extracting emo-

tional causality paths from an external commonsense knowledge graph and in-

corporating them into response generation. The process involves three main

steps. First, we identify emotion cues and cause cues from the conversation.

Next, we employ multi-hop reasoning over a commonsense graph to infer paths

from the causes to the emotions, constructing an emotional causality graph.

These graphs are then encoded by multi-layer Graph Convolutional Networks

(GCNs). The encoded graphs are integrated into the response generation in

an implicit and explicit way. Implicitly, a fused, graph-aware representation is

fed into the decoder to generate a generic vocabulary distribution for the em-

pathetic response. Explicitly, to explicitly leverage the emotional causality in-

formation, we perform a second round of multi-hop reasoning directly on the

causality graphs during each generation step. This process yields a vocabu-
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lary distribution over the graph’s nodes, which is then used to refine the final

output. We name this novel approach Graph-based multi-hop Reasoning on

Emotional Causality (GREC). The experimental results on the EMPATHETICDI-

ALOGUES [109], a benchmark for empathetic dialogue generation, suggest that

the proposed methods improve the model’s understanding of the user’s feel-

ings and experiences. In addition, GREC is able to significantly improve the

empathy level of generated responses.

To summarize, the main contributions of this chapter are as follows:

(1) It integrates emotional causality reasoning into empathetic response gen-

eration, enabling a deeper and more nuanced understanding of the user’s

emotional experiences.

(2) It introduces a novel multi-hop reasoning mechanism over an external

commonsense knowledge graph to model the formation process of user

emotions. This inferred knowledge is then utilized to guide response gen-

eration.

(3) It empirically verifies the effectiveness of the proposed model and evalu-

ates the contribution of each component. Experimental results show that

GREC, with emotional causality reasoning, significantly improves the em-

pathetic quality of responses compared to baseline models.

3.2 Method

The overview architecture of the proposed model, GREC, is shown in Fig. 3.1.

Based on a transformer model, emotional causalities are used to augment both

the encoder and the decoder with a graph-based approach. For the encoder, we

construct a series of emotional causality graphs for the conversation through
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Figure 3.1: GREC: Overview architecture.

multi-hop reasoning over ConceptNet (Section 3.2.1), and then apply a multi-

layer GCN encoder to model these emotional causality graphs (Line 19). Be-

sides, we use a typical transformer encoder for context understanding (Sec-

tion 3.2.2). For the decoder, we combine both the sequential information ob-

tained by the transformed-based conversation context encoder and the struc-

tural knowledge obtained by the graph-based emotional causality encoder to

compute the generic vocabulary distribution (Section 3.2.3). Additionally, a

graph-based decoder with multi-hop reasoning computes the distribution over

the concepts of the graph to enhance the generic vocabulary distribution for

better generating the response (Section 3.2.3).

3.2.1 Emotional Causality Reasoning and Encoding

Emotional Causality Graph Construction

To understand the emotional causality of the user’s emotional experience in the

conversation context, we construct a series of emotional causality graphs based

on the given context. Specifically, we first identify the emotion concepts and
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the cause concepts in the dialogue context and then reason out the relations be-

tween emotion concepts and cause concepts from the external commonsense

knowledge graph, namely, ConceptNet, through a multi-hop strategy for con-

structing the emotional causality graphs.

To derive the emotion and cause concepts, we first locate the emotion and

cause clauses within the dialogue context. Specifically, we treat each clause in

the immediate utterance Q as an emotion clause, since the objective is to gener-

ate an empathetic response to this utterance. Rather than constructing a single

graph for the entire utterance, we build a separate emotional-causality graph for

each clause of Q, because different clauses may correspond to distinct causes.

For every emotion clause, its potential cause clauses are identified from the con-

versation history using the RTHN model [152], which determines whether a

clause serves as the emotional cause of another clause within a given context.

These cause clauses are then concatenated to form the cause context for the cor-

responding emotion clause. Finally, we extract verbs, nouns, adjectives, and

adverbs from each emotion clause and its associated cause clauses as the emo-

tion concepts and cause concepts, respectively.

To construct the emotional causality graphs based on the emotion concepts

and cause concepts, we adopt multi-hop reasoning over ConceptNet to infer se-

mantic paths from emotion concepts to cause concepts, as shown in Fig. 3.2. It

illustrates the process of deducing causal paths over an external commonsense

graph starting from the cause concept experience. Underlined terms in red corre-

spond to the cause concepts in the cause context, while underlined terms in blue

correspond to the emotion concepts in the emotional clause. The green space

represents a segment of the external commonsense knowledge graph. All can-

didate concepts are retained throughout the procedure to preserve rich seman-
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tic information. We then perform multi-hop emotional causality reasoning on

each clause pair that exhibits a cause–emotion relationship, iteratively deducing

potential intermediate concepts from the complete set of cause concepts. The

detailed steps for discovering these intermediate concepts and their relations,

which help bridge cause and emotion concepts, are illustrated in Algorithm 1.

Specifically, we maintain a concept stack S to store candidate concepts for in-

clusion in the emotional-causality graph. Initially, S is populated with all cause

concepts in C(i)
cans. At every hop h, we pop elements from S and gather their

unvisited neighboring concepts (lines 6–10). From these neighbors, the top-K

concepts—ranked by semantic similarity—are pushed back into S (lines 11–17),

where semantic similarity is measured by the cosine similarity of their word

embeddings. If an emotion concept ve is encountered in S, it is popped im-

mediately without further neighbor expansion. After H hops, we obtain the

final emotional-causality graph, in which all intermediate concepts and edges

are preserved, mimicking how humans recall and connect related ideas when

composing a conversational response.

Graph-based Emotional Causality Encoder

Graph neural networks have been proven effective for producing graph-aware

representations of nodes in the graph via integrating neighbors’ information

of each node [169]. Therefore, to obtain the representation of concepts and re-

lations in the emotional causality graphs, we apply multi-layer GCN [67] en-

coders to encode the emotional causality graphs. Moreover, following the idea

of the TransE model [164], we update a concept embedding with the subtrac-

tion between each neighbor concept embedding and the corresponding relation

embedding to obtain the relation representation.
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Figure 3.2: GREC: An example of emotional causality graph construction.

For each emotion clause, there is a constructed emotional causality graph

G = (V, R), where V denotes concepts and R denotes relations. The concepts in

V are initialized by pretrained word embeddings, and the relations in R are ini-

tialized with randomly initialized relation-type embeddings. For each concept

vi, we update its embedding at the (l + 1)th layer by aggregating its neighbours

Ni including pairs of the concept and the relation liking to vi:

h(l+1)
i = σ

W(l)
s h(l)i + ∑

(j,r)∈Ni

1
|Ni|

W(l)
n

(
h(l)j − h(l)r

) , (3.1)

where h(l)i , h(l)j and h(l)r are the embeddings of node vi, node vj, and the relation

between vi and vj at layer (l)th; W(l)
s and W(l)

n are the two trainable parameter

matrices specific to the layer lth; and σ is a non-linear active function. The rela-

tion embedding is also updated at the (l + 1)th layer via a linear active function:

h(l+1)
r = W(l)

R h(l)r . (3.2)
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Input: ConceptNet, GC;
The sets of cause concepts and emotion concepts:
Vcas = {v1

cas, . . . , vM
cas}, Vemo = {v1

emo, . . . , vN
emo}.

Output: An emotional causality graph, G.

1 Initialize an emotional causality graph G = (vcas, ∅);
2 Initialize a concept stack S with cause concepts;
3 Initialize an empty temporal triple list T;
4 for h from 1 to H do
5 while S is not empty do
6 pop vi from S;
7 Ni: the neighbouring concepts of vi in ConceptNet;
8 foreach vj in Ni do
9 append

(
vi, r, vj

)
into T;

10 end
11 select the top K tail concepts which is most similar to the concepts

in Vemo from T;
12 foreach

(
vi, r, vj

)
in T do

13 add vj and r into G;
14 if vj not in Vemo then
15 push vj into S
16 end
17 end
18 end
19 end
Algorithm 1: Framework of Emotional Causality Graph Construction by
Multi-hop Reasoning over ConceptNet

After L iterations, the following contents can be obtained:
{

h(L)
v1 , . . . , h(L)

v|V|

}
, a

set of concept representations, and
{

h(L)
r1 , . . . , h(L)

r|R|

}
, a set of relation representa-

tions.

3.2.2 Conversation Context Encoding

We utilize a transformer encoder [129, 33] for conversation context understand-

ing. Same as previous works [82, 89, 74], we flatten all conversation context in

C, and then add a special token CLS at the beginning of the input, denoting the
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global memory of the whole sequence.

C = [CLS; C] . (3.3)

After that, the input tokens are converted to word embeddings. To embody

the influence of the emotional cause and effect, we incorporate fixed causal em-

beddings into the input to show the importance of the clause in terms of their

frequency as an emotional cause. In addition, we adopt dialogue state embed-

dings to distinguish situation text, the speaker’s utterance, and the listener’s

utterance. The representation of the encoder input is as follows:

EC = emb
(
C
)
+ embcas

(
C
)
+ embutt

(
C
)

. (3.4)

Here, emb, embcas, and embutt represent the token embedding layer, causal em-

bedding layer, and the dialogue state embedding layer, respectively. Finally, we

use Transformer [129] to encode the input.

SC = TRSenc

(
EC

)
, (3.5)

where SC ∈ RLc×dmodel , and LC is the length of the input sequence.

To better learn the context representation, we introduce an auxiliary task

of emotion prediction, which is also adopted in previous methods [82, 89, 74].

Specifically, we use the global memory of the whole sequence SC
0 to predict the

emotion label qe as follows:

q = SC
0 , (3.6)

qe ∼ P (e|C) = σ(Weq). (3.7)

3.2.3 Emotional Causality Augmented Decoding

The emotional causality augmented decoder for empathetic response genera-

tion consists of two components, namely, a transformer-based decoder involv-
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ing the overall emotional causality information and a graph-based decoder with

multi-hop reasoning on the emotional causality graphs. These two decoders

compute a generic vocabulary distribution and a graph-related concept distri-

bution, respectively. And the final vocabulary distribution is a gated combi-

nation of these two vocabulary distributions. Under this setting, the influence

of emotional causality can be strengthened through both implicit and explicit

mechanisms.

Transformer-based Decoder with Emotional Causality

We integrate emotional causality with the transformer-based decoder by first

using a GRU [25] to derive a holistic representation of emotional causality re-

lations, which is subsequently fused into the generation process of the generic

vocabulary distribution.

A sequence of encoded emotional causality graphs is constructed for every

conversation. For each graph, its representation is computed through average

pooling of the triple vectors (vi, r, vj) ∈ Gn, giving

hGn = ∑
(vi,r,vj)∈Gn

1
|Gn|

[
h(L)

i ; h(L)
r ; h(L)

j

]
, (3.8)

where [ ; ] denotes vector concatenation. Given the sequence of emotional causal-

ity graph representations {G1, . . . ,GNq}, we employ a bidirectional Gated Recur-

rent Unit (GRU) [25] to encode this sequence, which is

−→sn = GRU
(−−→sn−1, hGn

)
,

←−sn = GRU
(←−−sn−1, hGNq−n+1

)
.

(3.9)

Then, we concatenate the forward last hidden state and the backward last hid-

den state of the GRU cells to combine the forward and backward representations

of the emotional causality:

sNq =
[−→sNq ;←−sNq

]
. (3.10)
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Finally, we obtain the emotional causality vector, representing the overall emo-

tional causality, through a linear transformation:

HQ = σ(WgsNq), (3.11)

where Wg is the trainable parameter matrix.

Then, we integrate the emotional causality vector into the transformer de-

coder. Similar to the context encoder, we use a special token SOS together to

represent the universal information of the decoder input y<t. Then we append

the emotional causality vectorHQ to this special vector. That is

Et = emb ([y<t]) , (3.12)

st = trsdec([emb(SOS) +HQ; Et], SC). (3.13)

Finally, we compute the generic vocabulary distribution:

P (V | st,HQ) = so f tmaxw∈V (Wvocst + b) . (3.14)

Graph-based Decoder with Multi-hop Reasoning

Inspired by the idea of multi-hop reasoning flow [59] and pointer-generator decoder

[10], we adopt a graph-based decoder, which computes the concept distribution

with multi-hop reasoning on the emotional causality graphs. At each decoding

step, we adjust the weight of each concept in the graph by combining its neigh-

bouring evidence and the current decoder state. Initially, scores of all cause

concepts are set to 1, while other concepts are assigned a score of 0. Then, we

broadcast information about scored concepts on the graph to update the un-

visited concepts. For an unvisited concept vi ∈ V , score(v) is computed by

aggregating the evidence from its visited neighbouring concepts Ni
in:

score (vi) = ∑
(vj,r)∈Ni

in

1∣∣∣Ni
in
∣∣∣
(
γ · score(vj) + R

(
vj, r, vi

))
. (3.15)
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Here, γ is a discount factor and R
(
vj, r, vi

)
is the triple relevance under the

current decoder output, which can be computed as below:

h(j,r,i) =
[

h(L)
j ; h(L)

r ; h(L)
i

]
, (3.16)

R
(
vj, r, vi

)
= σ

(
h(j,r,i)Wrelst

)
. (3.17)

After L-hop interactions, the distribution over the concepts is as follows:

P (V | st,G) = so f tmaxv∈V (score (v)) . (3.18)

The final generation distribution conjoins the distribution over the concepts

in the emotional causality graphs V and the distribution over the standard vo-

cabulary V with a soft gate gt, which decides whether or not to refer to the

emotional causality graphs:

gt = σ
(
Wgst

)
, (3.19)

ot ∼ P (yt | y<t, C,G,HQ) = gt · P (V | st,G)

+ (1− gt) · P (V | st,HQ)
. (3.20)

3.2.4 Training Objectives

To enhance the empathy of the model, the model is trained via multi-task learn-

ing with an auxiliary task to predict the emotion label of the speaker. We com-

pute the multi-task loss with the prediction results qe ∼ P (e|C), which is com-

puted in Equation (3.7).

Le = −
|E|

∑
e=1

pelog (qe) , (3.21)

where pe is the real label probability of the speaker’s emotion (1 for the true

emotion label, and 0 for the others), and qe is the predicted one (Section 3.2.2).

The loss of the response generation task is:

Lg = −
|Y|

∑
t=1

|V|

∑
v=1

pt
vlog (ot

v) , (3.22)
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where Y is the target output, pt
v is the true probability of the token w at the

position t in Y, and ot
v is the predicted one.

The total loss of the model is a weighted sum of these two components

through a coefficient λ:

Loss = Lg + λLe. (3.23)

3.3 Experiments

3.3.1 Experimental Settings

Dataset Experiments were conducted on the popular benchmark EMPATHET-

ICDIALOGUES [109]. Table 3.1 shows an example from EMPATHETICDIALOGUES.

Both methods were tested on this dataset. The dataset consists of 25k crowd-

sourced one-on-one conversations. Each conversation is developed between a

speaker and a listener, along with a label indicating the speaker’s emotion and a

paragraph describing their emotional situation. There are 32 emotion categories

distributed in a balanced way. The speakers talk about their situations, and the

listeners attempt to understand the speakers’ feelings and reply accordingly. At

the training time, the emotional labels of the conversations are given in terms of

the degree of empathy to facilitate multi-task learning, while the labels are not

provided when testing the model and evaluating the generation performance.

Following its original division, we adopt approximately 80%, 10%, and 10% of

the dataset for training, validation, and testing.

Comparison Models The following seven models are selected for comparison

in the task of empathetic response generation:

• Transformer with Multitask (Multi-TRS). This model employs a univer-
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Table 3.1: GREC: A conversation from EmpatheticDialogue.
Label: Excited
Situation: My wife and I took a 3 week trip to New
Zealand last year.
Conversation:
Speaker: My wife and I decided to go on an international
trip last year, and it was my first trip out of the US. It
was an amazing experience, and one of the best and most
memorable things I’ve ever done.
Listener: That’s awesome! How helpful were the other
people so that you could enjoy your trip?
Speaker: My wife was amazing. She booked the whole trip
for us, and planned out some things for us to do while we
were there.
Listener: Must have been super fun.

sal transformer encoder-decoder architecture [129] and is trained under a

multi-task learning paradigm. The overall loss is computed according to

Eq. (3.21)–Eq. (3.23).

• MoEL. The Mixture of Empathetic Listeners (MoEL) [82] consists of sev-

eral emotion-specific decoders along with a meta decoder. Each emotion-

specific decoder is tailored to respond to a particular emotion, while the

meta decoder combines outputs from all decoders to produce the final

empathetic response. Our implementation follows the original parameter

settings and reported values in [82].

• MIME. Building upon MoEL, MIME [89] incorporates polarity-based emo-

tion clusters and emotional mimicry to generate more balanced empa-

thetic responses. It introduces stochastic elements in the emotion mixture,

allowing the model to produce diverse responses that align with the emo-

tional context.

• EmpDG. This model [74] leverages both dialogue-level and token-level

emotional information to capture fine-grained nuances in the speaker’s

emotions. Additionally, it incorporates speaker feedback within an inter-
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active adversarial framework to enhance the expression of empathy.

All the above models consider merely the users’ emotions.

Implementation Details Pytorch is used in the model implementation. The

token embedding is initialized with pre-trained Glove vectors of dimension 300

[103] and shared by the transformer embedding layer, the projection layer of the

decoder, and the graph-based encoder.

For the transformer encoder–decoder, we employ 6 layers with 8 attention

heads. The query, key, and value embeddings each have a dimensionality of

40. The position-wise feed-forward sublayer is replaced by a 1D convolutional

block with 50 filters of width 3. Clause–level causal embeddings, used to indi-

cate the importance of clauses in the conversation context, are randomly initial-

ized and kept fixed during training, with the dimensionality empirically set to

300. For emotion–cause extraction, we follow the original RTHN approach [152]

and pretrain an emotion-causality detection model on the REMAN dataset [62].

The resulting RTHN achieves an F1 score of 0.95, showing strong accuracy in

identifying emotion causes. Optimization uses Adam [65] with a batch size of

32 and an initial learning rate of 0.1. The learning rate decays by a factor of 0.1

every 500 steps until reaching 1× 10−5. Beam search is performed with a beam

size of 5. For statistical significance testing, the model is trained for 10 epochs.

3.3.2 Evaluation

Automatic Evaluation Metrics Three kinds of metrics are applied for auto-

matic evaluation: (1) Perplexity (PPL) [5], which measures the model’s confi-

dence in the response generation. (2) BLEU [100], which estimates the matching

between n-grams of the generated response and those of the golden response.
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Model PPL↓ BLEU-3↑ BLEU-4↑ PBERT↑ RBERT↑ FBERT↑
MoEL 36.87±0.97 4.53±0.53 2.80±0.32 .499±.008 .467±.007 .480±.006
MIME 37.88±0.49 4.48±0.15 2.71±0.09 .490±.004 .466±.002 .475±.002

EmpDG 55.64±3.78 3.64±0.38 1.99±0.22 .475±.007 .458±.008 .465±.004
GREC 32.66*±0.32 4.96*±0.14 3.16*±0.08 .532*±.003 .506*±.003 .512*±.004

Table 3.2: GREC: Automatic evaluation results.

BLEU-3 and BLEU-4 are adopted. (3) BERTScore [160], which computes the

similarity for each token in the generated response with that in the golden re-

sponse. We use its matching precision, recall and F1 score (PBERT, RBERT, and

FBERT). For perplexity, a lower score indicates a better performance, while for

the rest of the metrics, higher scores indicate better performance. Table 3.2

demonstrates the automatic results. For each method, multiple runs are re-

peated with different seeds. The average values of the results are displayed

along with the standard deviations. The values marked with ∗mean the results

are statistically significant with p < 0.05. The highest score in terms of each met-

ric is in bold. It can be observed that the proposed model, GREC, outperforms

other models in most of the evaluation metrics. The lowest perplexity score sug-

gests that GREC is more confident in its generated responses than other models.

The highest BLEU and BERTScore scores indicate that the approach can gener-

ate more human-like responses by incorporating causality reasoning. All the

above advantages are especially significant and stable, which is evident in the

high degrees of statistical significance and small standard deviations, respec-

tively.

Human Ratings For qualitative evaluation, we conduct human assessments

to compare GREC with other baseline models. Three annotators with diverse

demographic backgrounds, including age, occupation, and nationality, rated

the responses. We randomly selected 120 samples from the test set and eval-

uated them on three dimensions: empathy (the extent to which the response
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Model Empathy↑ Relevance↑ Fluency↑
MoEL 2.73 2.63 4.82
MIME 2.30 2.24 4.88

EmpDG 2.31 2.27 4.52
GREC 2.79 2.87 4.84

Table 3.3: GREC: Human rating results.

reflects understanding of the speaker’s feelings), relevance (how appropriately

the response aligns with the conversation context), and fluency (the naturalness

and grammatical correctness of the response). Each dimension is scored on a

1–5 scale, where 1 indicates the lowest quality and 5 the highest. As shown in

Table 3.3, differences in fluency across models are minimal, whereas GREC con-

sistently achieves the top scores for empathy and relevance. We attribute this

improvement to the integration of emotional causality. Unlike MoEL, MIME,

and EmpDG, which rely primarily on emotion labels or keywords to represent

the speaker’s emotions, emotional causality allows the model to capture how

these emotions arise. By encoding rich semantic relations between causes and

emotions and applying multi-hop reasoning over the emotional causality graph,

GREC can focus on the most relevant information, resulting in responses that are

both more empathetic and contextually appropriate.

Human A/B Test To evaluate the overall performance of various models, we

conduct a human A/B comparison. For two models, A and B, in our study,

GREC vs. Multi-TRS, MoEL, MIME, annotators are asked to determine which

model produces the better responses. Annotators may choose Tie if the quality

of responses from both models is similar, whether good or poor. As shown

in Table 3.4, responses generated by GREC and CREA are generally preferred

by human judges over those from Multi-TRS, MoEL, MIME, and EmpDG. This

suggests that our proposed models are more capable of producing responses
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GREC vs. GREC wins GREC loses Tie
Multi-TRS 50.0% 22.5% 27.5%
MoEL 48.3% 20.8% 30.8%
MIME 35.0% 27.5% 37.5%
EmpDG 62.7% 11.7% 25.6%

Table 3.4: GREC: Human A/B test results.

that are both empathetic and contextually relevant.

According to Table 3.4, responses generated by GREC are more often pre-

ferred by human judges in general than the responses from Multi-TRS, MoEL,

and MIME. This also indicates that our model is able to generate more empa-

thetic and more relevant responses.

3.3.3 Further Analyses

Ablation Study To verify the effect and the contribution of each component

of the proposed models, an ablation study is conducted. The following three

settings are considered:

(1) w/o graph. In this variant, the explicit graph representation of emotional

causality is removed, and the causality information is provided as plain

text. As a result, the emotional causality construction described in sec-

tion Section 3.2.1 is omitted. For understanding emotional causality, we

extract a sequence of clauses corresponding to emotional causes from the

conversation context. These sequences are encoded using RNNs, replac-

ing the GCN encoder introduced in section line 19. During decoding, both

implicit and explicit forms of emotional causality are still leveraged. In-

stead of calculating the concept distribution as in Equation (3.18), we de-

termine the weights of the emotion and cause concepts V by

P (V | st,V) = so f tmaxw∈V (emb(w)st + b) . (3.24)
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Method PPL↓ BLEU-3↑ BLEU-4↑ PBERT↑ RBERT↑ FBERT↑
w/o graph 33.93 3.47 2.20 .485 .461 .473
w/o implicit decoding 33.50 4.90 3.05 .517 .475 .496
w/o explicit reasoning 32.94 4.62 2.81 .500 .463 .477

Table 3.5: GREC: Automatic evaluation results of ablation study.

Method Empathy↑ Relevance↑ Fluency↑
w/o graph 2.54 2.54 4.80
w/o implicit decoding 2.72 2.73 4.70
w/o explicit reasoning 2.62 2.62 4.93

Table 3.6: GREC: Human rating results of ablation study.

(2) w/o implicit decoding. To study the effect of implicit emotional causality,

we remove its integration within the transformer decoder as described

in section Section 3.2.3 (denoted as w/o encoder). Consequently, Equa-

tion (3.13) is replaced with

st = trsdec([emb(SOS); Et], SC). (3.25)

(3) w/o explicit reasoning. We ablate the explicit use of the emotional causal-

ity by removing the graph-based decoder with multi-hop reasoning in

section Section 3.2.3. The final vocabulary distribution is calculated by

Equation (3.14) only.

The results in Table 3.5 and Table 3.6 show that all components contribute to

GREC because removing any of them decreases the overall performance. More-

over, each component contributes to GREC from different aspects. Based on the

observation and the design of the model, we have the following analysis:

(1) Emotional causality graphs contribute the most to the model performance.

When the graph structure is removed, performance in both empathy and

relevance drops significantly by 9.03% and 11.45%, respectively. These

graphs, enriched with external commonsense knowledge, provide a more
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robust representation of emotional causality. While leveraging the emo-

tional cause clause alone improves performance over baselines such as

Multi-TRS and MoEL in empathy and relevance, emotional causality graphs

offer a more semantically rich relationship between cause and emotion.

Moreover, the graphs support multi-hop reasoning, supplying the decoder

with more informative signals.

(2) Decoding with the emotional causality in an implicit way also benefits the

model. Compared to the other two ablated variants, it exhibits smaller

performance degradation across most evaluation metrics. However, flu-

ency sees a notable decline. This may stem from the implicit nature of

emotional causality integration within the transformer decoder—while this

approach does not produce dramatic performance gains, it allows emo-

tional causality to subtly shape the vocabulary distribution, making its

influence more organic.

(3) Graph-based decoding with multi-hop reasoning further enhances the model,

especially in empathy and relevance. This component enables the decoder

to reason over the emotional causality graph, extracting key information

that supports more contextually appropriate and emotionally resonant re-

sponses. Nevertheless, it negatively affects fluency, likely because emo-

tional causality graphs include not only helpful cues but also noisy infor-

mation. Future work could focus on refining graph construction or selec-

tively filtering information to reduce noise and improve response fluency.

Case Study Table 3.7 shows two cases generated by GREC. These utterances

are from continuous dialogues in the test set. The gold responses are also dis-

played. Terms reflecting empathy are highlighted in green. The results indi-

cate that GREC more accurately captures the speaker’s emotions and gener-
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ates responses that are natural and contextually appropriate compared to other

models. In both example conversations, GREC produces responses that convey

suitable emotions and expressions. For instance, it employs verbs such as “get

it back” and “complain” when reacting to a negative attitude, demonstrating

specificity and a nuanced understanding of the speaker’s feelings. By contrast,

other models tend to rely on generic emotional words, which may sound less

natural and could apply to a variety of situations. GREC also effectively iden-

tifies key concepts driving the speaker’s emotions. In the second conversation,

it references “shadow,” which is central to that dialogue. Moreover, GREC gen-

erally shows improved performance from the second turn onward, a trend ob-

served in these examples. These observations suggest that emotional causality

graphs encode critical contextual information and enable the model to leverage

it for generating more appropriate responses at each turn.

To investigate how emotional causality information contributes to empa-

thetic response generation, we visualize the attention scores of concepts within

the emotional causality graph during sentence generation. Fig. 3.3 presents

an example graph for the speaker’s second utterance, “It was so scary . . . an in-

truder!", showing how attention weights for different concepts evolve across the

decoding steps. Here, red circles denote the cause concepts, blue circles indicate

the emotion concepts, and green circles mark the concepts that appear in the fi-

nal generated response. The area of each circle is proportional to its attention

weight at the corresponding decoding step.

The related concepts, which are suitable for this conversation, are inferred

and selected. Moreover, the attention weights of the concepts varying over the

decoding steps are reflected in this figure. The attention weights for the trivial

terms, e.g., “war” and “storm,” decrease, while weights for necessary terms,
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Conversation 1
Speaker Emotion: DISGUSTED
Situation: I once went to a pizza place and found a hair on my pizza. I was
grossed out.
Speaker I had pizza at a restaurant a couple days ago and found a hair on my pizza!
Gold It is disgusting. What did you do?
Transformer What did you do ?
GREC That is so gross! Did you get it back?
Speaker I told the waiter and demanded a refund! It was gross.
Gold You did good. You should have called the manager to tell him know.
Transformer Wow, that is gross. I hope you were able to fix it .
GREC It is so gross. Did you complain to the manager ?
Conversation 2
Label: TERRIFIED
Situation: One night my children and I came home, and I saw a shadow inside
the home when I came inside. My heart jumped into my throat and you could
hear my scream in the next town for fear!
Speaker One night when my children and I came home, I saw a shadow inside! I

was so fearful and afraid!
Gold Oh that can be scary. I don’t watch horror movies because I know that I’ll do

just that!
Transformer Terrified, oh no! I am so sorry to hear that.
GREC Oh no! I hate when that happens to me. What was it?
Speaker It was so scary! Luckily, it was actually my shadow! The light made my

shadow show up, but it first appeared to be an intruder!
Gold Well I’m glad you were ok! Sometimes it’s not just a shadow.
Transformer Terrified, I am sure it was a scary movie.
GREC I can imagine. I would have been terrified.

Table 3.7: GREC: Case study.
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Figure 3.3: GREC: A case of the emotional causality graph.

such as “terrified” and “darkness,” increase over steps. In addition, “terrified"

is even selected in the response. This indicates that the model can reason out

important information from the emotional causality graphs for empathetic re-

sponse generation through a multi-hop strategy. Additionally, concepts with

higher scores are deduced from the cause concepts. This significantly enhances

model transparency and explainability.

3.4 Conclusion

This chapter explores the involvement of emotional causalities to deepen the

empathetic understanding of the user’s states in response generation. Specifi-

cally, a method named GREC is proposed to incorporate emotional causalities in

empathetic response generation. These emotional causalities are extracted with

a multi-hop reasoning over an external knowledge graph. Through the reason-

ing process, the multi-hop explores how the emotion emerges and provides a

deep understanding of the user’s emotion. With a typical transformer model

as the skeleton, we augment the encoder and decoder with emotional causality.

Experiments were conducted on the benchmark, EmpatheticDialogues. Results

prove that GREC outperforms competitive models, including those state-of-the-

art. We show that graph-based reasoning provides better model transparency
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and explainability in the ablation study and the case study.



Chapter 4

Emotional Causalities Generation for

Understanding

4.1 Introduction

User emotion: impressive

User: My brother got a custom-made bowling-ball, and ever
since then he's been killing the game! It is awesome to see.


game

impressive

bowling-ball

awesome custom-made

player

cool

killing
brother

brother

impressive

game

impressive

killing

impressive
awesome

impressive

bowling-ball


impressive

custom-made


impressive

GEEMIME's response: The ball
sounds pretty fun!

Our response: That is so cool. I bet
he is a great player.

Figure 4.1: CARE: Causality reasoning for empathetic understanding.

The previous chapter demonstrated that incorporating emotional causali-

ties can significantly enhance a model’s empathetic understanding of users. To

obtain the emotional causalities, it adopts multi-hop reasoning over an exter-
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nal commonsense knowledge graph. This chapter proposes an alternative ap-

proach to reasoning about emotional causalities by leveraging the model’s inter-

nal structure, thereby eliminating the reliance on external knowledge sources.

Specifically, the model is named as CARE (CAusality Reasoning for Empathetic

conversation). CARE reasons all plausible causalities, i.e., causalities stated ex-

plicitly in the dialogue history and probably in the future dialogue, interdepen-

dently and simultaneously by formulating the reasoning as a conditional graph

generation task. We propose a method to achieve a deeper understanding of a

user’s feelings and experiences by generating a causal graph. In this graph, each

node represents a word related to the user’s emotions or experiences, and each

edge indicates a causal relationship between them. This graph is conditioned on

the user’s emotion, the conversation’s history, and predicted future dialogue. To

accomplish this, we design a Conditional Variational Graph Auto-Encoder (CV-

GAE), which is a conditional extension of the Variational Graph Auto-Encoder

(VGAE) [66]. The CVGAE uses latent variables to perform conditional structure

prediction, enabling it to model all plausible causalities. This approach allows

the model to gain a deeper, more nuanced understanding of the causal factors

behind a user’s emotions and experiences. In addition, certain feelings and

experiences–though not explicitly mentioned in the dialogue history–can be in-

ferred during this process, as illustrated in Fig. 4.1. This implicit understanding

plays a crucial role in generating empathetic responses, which previous meth-

ods are unable to achieve. Then, CARE infuses all plausible causalities into re-

sponse generation using a multi-source attention mechanism in the decoder. In

addition, we adopt multi-task learning to integrate causality reasoning and re-

sponse generation during training. The experimental results on the benchmark

EMPATHETICDIALOGUES [109] prove the effectiveness of CARE.
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In summary, the primary contributions of this chapter are outlined as fol-

lows:

(1). We introduce an approach to reason over all potential causalities in empa-

thetic dialogues in an interdependent and simultaneous manner, enabling

a deeper comprehension of the user’s emotions and experiences through

the internal model structure.

(2). Causality reasoning is formulated as a conditional graph generation prob-

lem, and we employ CVGAE, which leverages latent variables for condi-

tional structure prediction, to perform this reasoning effectively.

(3). We present CARE, a model that enhances empathetic response generation

by incorporating causality reasoning, and demonstrate its superior perfor-

mance on the EMPATHETICDIALOGUES benchmark.

4.2 Method

'
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previous user utterances:  
I blame myself for smoking in
the house today when it was
raining outside.

the user emotion label: guilty

the next user utterance: 
It is a horrible addiction I keep
putting off correcting. I plan to
quit from tomorrow.

Figure 4.2: CARE: Overview architecture..

Fig. 4.2 illustrates the overall architecture of the proposed CARE model.

Solid lines denote modules or data utilized for both posterior and prior com-
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putations, whereas dashed lines indicate components used solely for posterior

computations. CARE begins by reasoning over all potential causalities simulta-

neously through the construction of a causal graph. Specifically, CVGAE is em-

ployed to generate this graph using the user’s emotion, dialogue history, and

predicted future dialogue content. It is important to note that CVGAE oper-

ates differently during training and inference: during training, it reconstructs a

posterior causal graph (via R-NetG) using the posterior graph as input, whereas

during inference, it produces a posterior causal graph (via P-NetG) based on

a prior causal graph. The prior causal graph encodes causal relations explic-

itly present in previous user utterances, while the posterior graph incorporates

additional causalities emerging in the next user utterance. Finally, CARE inte-

grates the causalities from the reasoned graph into response generation through

multi-source attention in the decoder.

4.2.1 Graph Construction

I need a prior causal graph Gprior = (V , Eprior) and a posterior causal graph

Gpost = (V , Epost), for causality reasoning at inference and training stage, re-

spectively. We construct them with the assistance of a causal knowledge graph,

i.e., Cause Effect Graph (CEG) [79]. These two graphs share the same node set,

which theoretically contains all nodes in CEG. However, for effectiveness, we

only consider those among a certain set of nodes V , which contains emotion la-

bel words, words appearing in previous user utterances, and one-hop neighbors

of the above two kinds of words. The edge sets of these two graphs are differ-

ent. Eprior contains causal relationships in previous user utterances, while Epost

also contains those in the next utterances. In specific, we collect Eprior and Epost

according to following rules. For any couple nodes in V having a relationship
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in CEG, if both nodes are covered by the user emotion label word and words in

previous user utterances, we add the relationship into Eprior; if both nodes are

covered by the user emotion label word and words in previous and next user

utterances, we add the relationship into Epost.

4.2.2 Conditional Variational Graph Auto-Encoder

A novel structure CVGAE is designed to generate a (posterior) causal graph for

causality reasoning. As an extension of VGAE, CVGAE works in a similar man-

ner. In particular, it generates graphs’ latent variables for graph reconstruction

under some conditions, including a context condition, an emotion condition,

and a context latent variable.

Context and Emotion Conditions The context condition is expected to pro-

vide information about the dialogue context C, thus it is derived from the en-

coder output. Following [140], we use multi-head attention to perform it. That

is:

cctx = MultiHead(vrand, Eout, Eout), (4.1)

where Eout ∈ R|C|×d is the encoder output computed by TRSenc(C) and d is the

hidden size; vrand ∈ R1×d is a randomly initialized vector and is regarded as a

single query for multi-head attention.

The emotion condition is expected to provide information about the user’s

emotion e. Accordingly, we define the emotion embedding Eemo ∈ Rd, which

converts an emotion label into embeddings. The emotion condition is formu-

lated as:

cemo = Eemo(e). (4.2)
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Context Latent Variable I use a context latent variable zc to provide informa-

tion from the future dialogue. This variable is generated by a contextual recog-

nition net (R-NetC in Fig. 4.2) with dialogue context C and the golden response

R as input:

qc(zc|C, R) = N (zc|µc, σc2). (4.3)

Here µc = MLPµ(clant) is the mean vector and logσc = MLPσ(clant) is the log-

variance vector, where clant is accessed similar to Eq. (4.1):

Erep = TRSenc(C⊕ R), (4.4)

clant = MultiHead(vrand, Erep, Erep). (4.5)

Graph Latent Variables We generate graph latent variables Zg by a recogni-

tion net (R-NetG in Fig. 4.2): qg(Zg|V , Apost, ccond), where Apost is the adjacency

matrix of Gpost.

q(zg
i |V , Apost, ccond) = N (zg

i |µ
g
i , œg2

i ),

with µg = GCNLayerµ(HV , Apost),

and logσg = GCNLayerσ(HV , Apost).

(4.6)

Here, N is a sampling function following the Gaussian distribution. µ is the

matrix of the mean vectors µi; logσ is the matrix of log-variance vectors logσi.

The shared hidden state HV is generated with attention to the concatenation of

cctx, cemo, and zc:

ccond = cctx ⊕ cemo ⊕ zc,

ĤV = GCNLayerh(V , Apost),

HV = MultiHead(ĤV , ccond, ccond).

(4.7)

Causal Relation Generation With graph latent variables Zg, we reconstruct

the posterior causal graph. The graph is represented by a matrix adjacency Â,
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which can be computed by:

p(Â|Z) =
|V|

∏
i=1

|V|

∏
j=1

p(Âij|zi, zj),

with p(Âij = 1|zizj) = sigmoid(z⊤i zj), zi, zj ∈ Zg.

(4.8)

Then we select top-k relationships from the reconstructed graph according to

their probability, denoted as R = (r1, . . . , rk), where ri is the sum of the head

and tail node embeddings.

Inference Stage During inference, R (the golden response) and Apost are un-

available, thus we use a prior net pg(Zg′|V , Aprior, c′cond) (P-NetG in Fig. 4.2) to

approach qg(Zg), i.e., Eqs. (4.6) and (4.7). Aprior is Gprior’s adjacency matrix, and

c′cond = cctx ⊕ cemo ⊕ zc′, where zc′ is obtained by a contextual prior net (P-NetC

in Fig. 4.2):

pc(zc′|C) = N (zc′|µc′, σc′2), (4.9)

with µc′ = MLPµ′(cctx), logσc′ = MLPσ′(cctx).

4.2.3 Graph-Infused Response Generation

To infuse the reasoned R into generation, we enable the decoder to attend to

both dialogue context and the causal graph (Multi-Source Decoder in Fig. 4.2).

Typically, the original decoder includes Ldec decoder layers, each consisting of

three sub-layers. The first one, i.e., the self-attention sub-layer, computes a rep-

resentation of the input sequence:

Ĥ = MultiHead(Hin, Hin, Hin),

H(sel f )
out = LayerNorm(Ĥ + Hin),

(4.10)

where Hin is the embedding right-shifted response for the first decoder layer,

and is the output of the (l − 1)-th decoder layer for the l-th decoder layer. Then
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the decoder attends to the dialogue context by a cross-attention sub-layer:

Hin = H(sel f )
out ,

Ĥ = MultiHead(Hin, Eout, Eout),

H(cross)
out = LayerNorm(Ĥ + Hin).

(4.11)

The output of the l-th decoder layer is obtained by the feed-forward sub-layer:

Hin = H(cross)
out ,

H( f f n)
out = LayerNorm(FFN(Hin) + Hin).

(4.12)

Finally, we apply linear transformation and a softmax operation on the output

of the Ldec decoder layer to predict the token probability distribution at each

token position t:

Pt = so f tmax(HL
out,tWo + bo), (4.13)

where HL
out,t is the final output for the t-th token; Wo ∈ Rd×dvocab and bo ∈ Rdvocab

are parameters, and dvocab is the vocabulary size.

In particular, we slightly modify the cross-attention sub-layer of the origi-

nal decoder with the multi-source attention mechanism. The output after this

modified sub-layer is computed by:

ĤC = MultiHead(H(cross)
in , Eout, Eout),

ĤR = MultiHead(H(cross)
in ,R,R),

Ĥ = (ĤC ⊕ ĤR)Wmulti,

H(cross)
out = LayerNorm(Ĥ + H(cross)

in ),

(4.14)

where Eout ∈ R|C|×d is the encoder output, Wmulti ∈ R2d×d is a group of linear

transformation parameters, and Hin is the output of the self-attention sub-layer

of the decoder computed by Eq. (4.10). Notably, the reset of the original decoder,

i.e, Eqs. (4.10), (4.12) and (4.13), remains the same. In this way, we generate the

final response.



Chapter 4. Emotional Causalities Generation for Understanding 66

4.2.4 Training Objectives

The model is optimized with multi-task learning to further integrate the causal-

ity reasoning and the graph-infused response generation. For the causality rea-

soning, we consider graph reconstruction accuracy and similarity between the

posterior and prior distributions. The corresponding loss can be calculated by:

Lr =Eqg(Zg|V ,Apost,ccond)
[logp(Â|Zg)]

−KL[qg(Zg)||pg(Zg′)]

−KL[qc(zc)||pc(zc′)],

(4.15)

where KL[q(·)|p(·)] is the Kullback-Leibler divergence between q(·) and p(·).

The response generation loss is calculated by:

Lg =
|R|

∏
t=1

Pt, (4.16)

where Pt is obtained by Eq. (4.13). Finally, we train CARE by maximizing (Lr +

Lg).

4.3 Experiments

4.3.1 Experimental Settings

Dataset Experiments were conducted on the popular benchmark EMPATHET-

ICDIALOGUES[109]. Its original division 8:1:1 for training, validation, and test-

ing is adopted in the experiments.

Comparison Models Seven models are selected for comparison, and they are:

Transformer with Multitask (Multi-TRS), MoEL [82], MIME [89], EmpDG [74],

KEMP [75], CEM [113], RecECsoft [44], and GEEMIME [64]. The above models
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can be divided into two categories. The first four models consider only the

affection aspect of empathy, i.e., the user’s emotions and have been introduced

in Section 3.3.1. The last four models also take into account cognitive empathy:

• KEMP. Utilizes external commonsense knowledge and an emotional lexi-

con to better comprehend and generate empathetic responses [75].

• CEM. Produces the causes and effects of the user’s most recent experi-

ences and incorporates them into context encoding to enhance understand-

ing of the user’s situations and emotions [113].

• RecECsoft. Focuses on emotional causes extracted from the dialogue con-

text at the word level using a soft gated attention mechanism within the

decoder [44].

• GEEMIME. Applies a rational speech act framework to refine MIME’s gen-

erated response, emphasizing words that trigger emotions in the dialogue

context [64].

All the above models, as well as ours, are built upon a transformer backbone for

a fair comparison. For a fair comparison, the parameter settings and training

processes of all comparison models are the same as suggested in their original

papers and implementations.

Implementation Details Pytorch is used to implement the proposed models.

The token embedding is initialized with pre-trained Glove vectors of dimension

300 [103] and shared by the transformer encoder, graph-based encoder, and the

projection layer of the decoder. The hidden size d is set to 300. The number of

nodes |V| is 800, and the number of selected relationships k is 512 (0.16%). Both

the encoder layer number and the decoder layer number are 2. The batch size is
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Model PPL↓ BLEU-3↑ BLEU-4↑ PBERT↑ RBERT↑ FBERT↑

Aff
MoEL 36.87±0.97 4.53±0.53 2.80±0.32 .499±.008 .467±.007 .480±.006
MIME 37.88±0.49 4.48±0.15 2.71±0.09 .490±.004 .466±.002 .475±.002
EmpDG 55.64±3.78 3.64±0.38 1.99±0.22 .475±.007 .458±.008 .465±.004

Aff+
Cog

KEMP 36.59±0.45 4.13±0.29 2.43±0.15 .484±.005 .460±.004 .470±.005
CEM 36.70±0.44 3.55±0.42 2.24±0.24 .498±.001 .461±.006 .477±.004
RecECsoft 149.3±15.9 3.02±0.15 1.62±0.12 .491±.004 .461±.002 .473±.002
GEEMIME - 2.76±0.18 1.50±0.14 .472±.002 .443±.002 .456±.001
GREC 32.66*±0.32 4.96*±0.14 3.16*±0.08 .532*±.003 .506*±.003 .512*±.004
CARE 32.84*±0.23 4.88*±0.13 2.95*±0.06 .501±.004 .475*±.002 .486*±.003

Table 4.1: CARE: Automatic evaluation results.

set as 16. When training the model, we use Adam optimizer [65] and vary the

learning rate following [129].

4.3.2 Evaluation

Automatic Evaluation We employ PPL, BLEU, and BERTScore to automati-

cally assess the performance of the proposed method. The evaluation results on

the EMPATHETICDIALOGUE test set are presented in Table 4.1. Here, Aff and

Cog indicate models that incorporate affective and cognitive aspects for empa-

thy, respectively. For each method, experiments are repeated multiple times

using different random seeds, and the reported values correspond to the mean

along with the standard deviation. Results marked with ∗ denote statistical sig-

nificance at p < 0.05. For each metric, the highest score is highlighted in bold.

According to the results, CARE outperforms all models except GREC in

terms of all metrics. The lowest perplexity score suggests that our proposed ar-

chitecture is more confident in its generated responses than other models. The

table does not present the perplexity score of GEEMIME. This is because its gen-

erated token probability distribution depends on the mediated results of MIME

and its emotion cause detector, and therefore, PPL is less relevant to its core

structure, i.e., rational speech act framework. The highest BLEU and BERTScore
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scores indicate that our approach can generate more human-like responses by

incorporating causality reasoning. Especially, all the above advantages are sig-

nificant and stable, evident in high degrees of statistical significance and small

standard deviations, respectively. Comparing the GREC model to others, we

found that external knowledge significantly improves response quality. This

effect is especially pronounced when measured against the golden response.

Human Ratings Although automatic evaluations provide insights into model

performance, they are limited in capturing aspects such as empathetic under-

standing and contextual appropriateness. Following prior work, we randomly

select 128 conversations along with their generated responses from different

models for human assessment. Three PhD students with expertise in mental

health support conducted the evaluation. For each generated response, they

rated the following dimensions: (1) Empathy, indicating the extent to which the

response reflects understanding of the user’s feelings and experiences; (2) Rele-

vance, assessing whether the response is on-topic and suitable in the context of

the preceding conversation; (3) Fluency, evaluating the linguistic quality and co-

herence of the response. All ratings were made on a 5-point Likert scale, where

5 represents the highest quality. The final score for each metric was obtained by

averaging the three annotators’ ratings.

Table 4.2 presents the results of human evaluations, with the highest scores

highlighted in bold. To quantify agreement among annotators, we compute

Fleiss’s kappa, obtaining a value of 0.41, which indicates a moderate level of

inter-rater consistency. From these results, two key observations emerge. First,

CARE achieves the top scores in Empathy and maintains relatively high Rele-

vance and Fluency compared to most baseline models. This suggests that our

interdependent and simultaneous causal reasoning indeed enhances both em-
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Model Empathy↑ Relevance↑ Fluency↑

Affection
MoEL 2.73 2.63 4.82
MIME 2.30 2.24 4.88
EmpDG 2.31 2.27 4.52

Affection
+Cognition

KEMP 2.26 2.18 4.81
CEM 2.77 2.70 4.93
RecECsoft 2.16 2.21 4.74
GEEMIME 1.75 1.75 4.78
GREC 2.79 2.87 4.84
CARE 2.83 2.79 4.86

Table 4.2: CARE: Human rating results.

pathetic expression and content relevance, as intended. By leveraging reasoned

causalities, CARE better comprehends user emotions and experiences. More-

over, this reasoning allows the model to infer plausible user feelings and ex-

periences that are not explicitly stated in the prior conversation, enabling it to

generate responses with stronger empathy, as illustrated in the case study. Sec-

ond, models that incorporate both affective and cognitive factors (shown in the

bottom half of the table) do not consistently outperform those focusing solely

on affective aspects (top half of the table). This pattern is also reflected in the

automatic evaluation results in Table 4.4. Although causal reasoning can intu-

itively aid the understanding of user feelings and experiences, unrefined rea-

soning may result in a narrow perspective and diminished empathetic quality.

Comparing GREC and CARE, we observe that external knowledge can improve

response relevance, yet grounding empathetic understanding in the dialogue

context contributes more significantly to the expression of empathy.

Human A/B Test To assess the overall performance of various models, we con-

duct a human A/B evaluation. For a pair of models, A and B, in our study,

CARE vs. Multi-TRS, MoEL, MIME, EmpDG, annotators are asked to judge

which model generates better responses, imagining themselves as the users. If

the responses from both models are equally good or bad, annotators can choose
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CARE vs. CARE wins CARE loses Tie
Multi-TRS 51.7% 20.0% 28.3%
MoEL 50.0% 21.7% 28.3%
MIME 41.7% 28.3% 30.0%
EmpDG 68.3% 10.0% 21.7%

Table 4.3: CARE: Human A/B test results.

Model Variant PPL↓ BLEU-3↑ BLEU-4↑ PBERT↑ RBERT↑ FBERT↑
w/o reasoning 33.34 4.74 2.83 .493 .473 .481
w/o condition 33.23 4.74 2.83 .501 .473 .485
Full model 32.84 4.88 2.95 .501 .475 .486

Table 4.4: CARE: Automatic evaluation results of the ablation study.

Model Variant Empathy↑ Relevance↑ Fluency↑
w/o reasoning 2.38 2.23 4.86
w/o condition 2.60 2.47 4.87
Full model 2.83 2.79 4.86

Table 4.5: CARE: Human rating results of the ablation study.

Tie. As shown in Table 4.3, responses produced by CARE are generally favored

by human judges compared to those from Multi-TRS, MoEL, MIME, and Em-

pDG. These results suggest that CARE can generate responses that are not only

more empathetic but also more contextually relevant than models that focus

solely on the user’s emotions.

4.3.3 Further Analyses

Ablation Study For deeper analyses of CARE, we investigate its inner struc-

tures and functions. In specific, we propose two variant models to verify the

contribution of reasoning and the reasoning condition in CARE:

(1) w/o reasoning: We remove the CVGAE structure and directly incorporate

the prior causal graph into response generation.

(2) w/o condition: We replace CVGAE with VGAE to eliminate the effect of
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the reasoning condition.

Results are shown in Table 4.4 and Table 4.5, respectively. From Table 4.4, both

variants achieve relatively high automatic evaluation metric scores. Moreover,

the variant models surpass previous comparison models in Table 4.1. It indi-

cates that causalities can help models respond more like humans, given that

both variants consider additional causalities between the user’s experiences.

However, both variants’ performances in terms of human evaluation are rel-

atively low. Accordingly, we can draw the following three conclusions:

(1) Not all information in the golden response contributes to empathy. Al-

though two variants have high automatic evaluation scores, they fail to

achieve equally high human ratings. Such a phenomenon can also be

clearly observed when comparing the performance of EmpDG and KMEP.

(2) Generated responses considering causalities not mentioned in dialogue

history are more empathetic and relevant, which is supported theoreti-

cally by [106]. It is reflected by higher Empathy and Relevance of w/o

condition than w/o reasoning, given that w/o condition reasons plausible

causalities not mentioned in dialogue history compared with w/o reason-

ing.

(3) Emotional and contextual information guides the model to reason causal-

ities contributing to empathetic expression, given that the full model has

higher Empathy and Relevance than w/o condition.

Analysis of #SelectedRelationships k Fig. 4.3 demonstrates the model perfor-

mance when we increase the number of selected relationships k. The solid and

dotted lines represent BLEU-4 and a two-period moving average, respectively.
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Figure 4.3: CARE: Model performs with the number of selected relationships k
increasing.

For each k, we repeat five runs and compute the average BLEU-4.. The perfor-

mance of CARE with regard to BLEU-4 first rises and then drops as we increase

the number of relationships infused in response generation k. It indicates that

sufficient causalities benefit empathetic expression, but excessive ones could in-

volve noise and hurt empathy.

Case Study Table 4.6 presents a case along with responses generated by the

models and comparison models. The content showing comprehension of feel-

ings and experiences is highlighted in italic. From the table, CARE can respond

more empathically to the user than other models. Notably, CARE is able to

show deep and considerate comprehension of the user’s feelings and experi-

ences in the response. For instance, it understands that the “apprehensive”

emotion comes from the lack of confidence and the user has already proposed

a quite effective solution (great idea).
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Speaker Emotion: apprehensive
Speaker: I had some hesitations when I was at the gym today, thought I wouldn’t be able
to handle the weights.
Listener: How’d it turn out? Congrats on deciding to lead a healthier life, by the way.
Speaker: I decided to focus on the music that was blasting, just tried switching up what I
play in the gym, it sounds like vikings are bringing me into battle
MoEL That is great. I am sure you will do great!
MIME I am sure you will be fine.
EmpDG That is a great time to have! You should always feel the same way.
KEMP I am glad you are going through that.
CEM I am sure it will be fun!
RecECsoft That is a lot of money. How long did you do?
GEE I hate that. I hope you are okay.
CARE That is a good idea. I hope you have a lot of confidence.

Table 4.6: CARE: Case study.

4.4 Conclusion

This chapter also focuses on empathetic understanding of users via emotional

causalities. In particular, a method is proposed to reason about all plausible

emotional causalities in conversations interdependently and simultaneously, aim-

ing for a deeper understanding of the user’s feelings and experiences in em-

pathetic dialogue. This problem is formulated as a conditional graph genera-

tion task. To address it, we design CVGAE, a model that leverages latent vari-

ables for conditional structure prediction, incorporating both the dialogue con-

text and predicted future conversation content to facilitate causality reasoning.

The inferred causalities are then integrated into the response generation pro-

cess through a multi-source attention mechanism in the decoder. The complete

framework is referred to as CARE (CAusality Reasoning for Empathetic conver-

sation). Experimental results on the EmpatheticDialogues benchmark demon-

strate that CARE outperforms previous methods in both automatic and human

evaluations. Compared with GREC, introduced in the previous chapter, CARE

conducts emotional causality reasoning through its internal model structure,

thereby eliminating the reliance on external knowledge bases.



Part II

Reliable Responding
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The empathetic understanding of emotionally intelligent conversational agents

has been explored. Building on this foundation, this part further investigates the

challenge of generating reliable and supportive responses in emotional support

conversations. Emotional support conversation systems are designed to gener-

ate responses that can buffer the emotional distress experienced by users (help-

seekers) and help users to work through the challenges they are confronting

[85]. Prior studies have enhanced response generation by incorporating dia-

logue strategies [164, 23] and/or leveraging external knowledge sources [34,

128], aiming to improve the overall supportiveness and empathy of system out-

puts. These systems are typically designed to act as supporters, providing emo-

tional buffering for users (help-seekers) and assisting them in navigating the

challenges they face [85]. Despite significant progress, ensuring the reliability of

responses from emotionally supportive systems remains a critical challenge. As

these systems interact with a wide range of users, an important open problem

is how to satisfy diverse individual needs while avoiding harmful or inappro-

priate responses. Addressing this issue is essential for building effective and re-

liable emotional support systems. Thus, two methods are proposed in this part

to improve user satisfactory and mitigate unhelpful responses, respectively.



Chapter 5

User Satisfactory Improvement via a

Bayesian Approach

5.1 Introduction

Maximizing user satisfaction across diverse individuals is one of the important

aspects of reliable responding. It is a common method to align models with

human preferences using either contrastive learning or reinforcement learning.

In this process, human preference learning is significant. Due to the high sub-

jectivity of personal standards and human values, it can be difficult to reach a

consensus on preferences among individuals in scenarios of emotional support,

significantly increasing the learning difficulty. As depicted in Fig. 5.1, people

can have different feelings towards the same response in the emotional support

conversation because of their own experiences and values. A reliable, emotion-

ally intelligent conversational agent is expected to consider the benefits of uni-

versal groups, including minorities, and generate less controversial and more

helpful content, like supporter B instead of A Existing methods for tackling this

challenge often rely on aggregation techniques like majority voting or averag-

ing to reconcile human preferences [58, 38, 13]. However, this approach has

two key limitations. First, aggregated preferences may cater to specific sub-



Chapter 5. User Satisfactory Improvement via a Bayesian Approach 78

                      a controversial response & feelings of different help-seekers

I can understand that. But you should first get the
sleep you need and stop thinking these things.Help-Seeker I indeed need to get enough sleep.

Thanks for understanding...

The problem is exactly that I cannot sleep!

...

I'm going through some things with myself. I barely sleep and do nothing but
think about how I am worthless. I'am afraid to talk to others about my issues.

Supporter A

               a less controversial response & feelings of different help-seekers

You're not alone. In fact, most people have felt this
to some degree at some point in their life.

My issues may be not big deals.

I won't be laughed at if I tell friends.

So how can I solve it?
...Supporter B

Figure 5.1: Alignment with d-PM: Different levels of user satisfaction.

groups, risking the generation of controversial content as seen with Supporter

A in Figure Fig. 5.1. Second, certain tasks, such as emotion analysis [68] and

ethical evaluation [51], are inherently subjective and inconsistent [9], making

dismissal of this disagreement problematic. Therefore, to generate widely ac-

ceptable and less controversial outputs, it is crucial for a model to account for

the disagreements inherent in human preferences [71], rather than simply dis-

missing or averaging them out. To solve this problem, we introduce a novel

Bayesian-based approach termed Preference Modeling with Disagreement (d-

PM). This method is designed to approximate a “universal preference” that

comprises the preferences of “all individuals,” given the preferences of several

individuals. Although a soft label, derived from several individuals, can intu-

itively account for disagreement, outliers, or extreme labels can disproportion-

ately influence the overall perception. Therefore, we employ Bayesian inference

to refine these preferences. The observed preferences from a selected group of

individuals serve as prior knowledge. Our proposed d-PM (distributional pref-

erence modeling) framework leverages the distribution of all possible universal

preferences, or the likelihood probability, to adjust and smooth this initial data.

This process allows us to derive a universal preference, a posterior distribution
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that is more robust and less biased. Once the universal preference is obtained,

we calculate a preference score for a given text by evaluating its likelihood un-

der the expected preference types. This score is then used to align a language

model. Based on our d-PM model, we further optimize language models to

generate widely acceptable and less controversial texts. We propose using a

contrastive learning strategy to calibrate the generation model toward produc-

ing responses with high preference scores. This approach is more advantageous

than existing RL strategies, which are often computationally costly in terms of

convergence [47] and online decoding [165].

The main contributions are threefold:

(1) To the best of our knowledge, this work is the first to align emotional sup-

port conversational agents with human preferences while considering in-

herent disagreement among different individuals.

(2) In order to model human preferences with their disagreement, a Bayesian

approach is proposed, Preference Modeling with Disagreement (d-PM).

Additionally, we use its preference scores to calibrate emotional support

conversational agents via contrastive learning for generations that can be

widely accepted and less controversial.

(3) We conduct experiments on an emotional support benchmark, i.e., emo-

tional support conversation, to validate the performance of the proposed

method. Experimental results demonstrate the effectiveness and versatil-

ity of the proposed method.
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(b). Calibration for Alignment
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Figure 5.2: Alignment with d-PM: Preference modeling with disagreement and
alignment accordingly.

5.2 Method

5.2.1 Problem Formulation

Fig. 5.2 shows the overview of the proposed method. We first use a Bayesian ap-

proach, i.e., d-PM, to model human preferences with disagreement (Section 5.2.2).

Then, we calibrate an emotional support conversational agent by contrastive

learning with preference scores of d-PM to align this model with human pref-

erences (Section 5.2.3). Generally, these two processes can be formulated as fol-

lows.

Preference Modeling with Disagreement Human preferences can be inferred

from a human-annotated dataset, denoted as D. Each instance in the dataset

is represented as a triplet (c, s, l). Here, c is a context; s is a text; and l is a

label indicating the annotators’ preferences. The inherent disagreement in hu-

man preferences can be encapsulated within the label in two distinct ways. In

the first approach, the label can be a soft label derived from multiple annota-

tions, all attributed to the same sentence [68]. These annotations are sourced
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from multiple human annotators to preserve disagreement among individuals.

The second approach is the direct collection of a global consensus. In this con-

text, the label signifies the proportion of people who find a particular sentence

acceptable, an estimate provided by a single human annotator [172, 41].

Aimed at capturing human preference with disagreement within the dataset,

we assume there is a distribution ρ over two classes, {acceptable, unacceptable},

comprising preferences of all humans, and therefore l is the sampling result

from ρ. We employ a preference model R(θ) to infer ρ given c and s as inputs

and the probabilistic format of l as the prior distribution. Since we focus on

whether s is widely acceptable, the likelihood of the class acceptable is defined

as the preference score:

S(s,c) = R(s, c; θ)acceptable. (5.1)

Calibration for Alignment To align emotional support models with human

preferences, the existing generation model G(ξ0) is calibrated using preference

scores. Here, G(ξ0) denotes a model that has been fine-tuned on a dataset (X, Y),

where X and Y represent the input set and the corresponding output set, re-

spectively, and ξ0 are the optimized parameters. Significantly, if the dataset for

preference modeling is identical to the (X, Y) dataset, then (x, y) ∈ (X, Y) cor-

responds to (c, s) ∈ D. Otherwise, the two datasets should belong to a similar

domain to ensure compatibility. For each x ∈ X, K candidate sequences {ỹk}k=K
k=1

are decoded using G(ỹk|x; ξ0). The model G(ξ0) is then further optimized to

align the likelihoods of these candidate responses with their associated pref-

erence scores {S(ỹk,x)}k=K
k=1 , thus encouraging generation behaviors that reflect

human-aligned preferences.
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5.2.2 Preference Modeling with Disagreement

A distribution ρ is established to represent the universal preference for the text

s given its context c. Therefore, the observed annotations l are considered as

samples from ρ, and can form a prior distribution pi(ρ). Drawing inspiration

from [111], a Bayesian approach is adopted to approximate ρ using this prior.

Specifically, a connection between ρ and l is established through the opti-

mization process of a generative model. This model is designed for generating

text s conditioned on ci and ρ: p(s|ci, ρ). The log-likelihood of the text can be for-

mulated as ∑i log p(si|ci) = ∑i log (∑ρ p(si|ci, ρ)pi(ρ)), where pi(ρ) is the prior

preference distribution. Its optimization can be achieved by introducing a vari-

ational posterior distribution q(ρ|si, ci) for the i-th datapoint, and minimizing

the free energy (negated evidence lower bound) formulated as:

−∑
i

log p(si|ci) + ∑
i

∑
ρ

q(ρ|si, ci) log
p(si|ci, ρ)pi(ρ)

q(ρ|si, ci)
. (5.2)

Minimization of the free energy involves estimations of both the forward distri-

bution of text si: p(si|ci, ρ), and the posteriors q(ρ|si, ci), which can be computed

by our preference model:

q(ρ|si, ci) = R(si, ci|θ). (5.3)

As for p(si|ci, ρ), it is defined only on the i-th datapoint and is computed by

minimizing Eq. (5.2) for fixed q(ρ|si, ci), s.t., ∑i p(si|ci, ρ) = 1 for all ρ. Thus, the

optimum is achieved by:

p(si|ci, ρ) = ai,ρ =
q(ρ|si, ci)

∑j q(ρ|sj, cj)
. (5.4)

From Eq. (5.4), the generative model can be regarded as a matrix of variables

ai,ρ describing conditional probabilities of different responses si given different

latent distributions ρ with known ci.
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In a variational way, Eq. (5.2) can be rewritten as− log p(si|ci)+∑i KL(q(ρ|si, ci)∥ri(ρ)).

Here, ri(ρ) ∝ p(si|ci, ρ)pi(ρ) is the posterior model of the generative model, and

it can be reformulated with reduction of p(si|ci, ρ) to the matrix in Eq. (5.4):

ri(ρ) = αi · pi(ρ)p(si|ci, ρ) = αi
pi(ρ)qi(ρ|si, ci)

∑j qj(ρ|sj, cj)
, (5.5)

where αi is a scalar enabling ∑ρ ri(ρ) = 1. Accordingly, minimizing the free

energy reduces to minimizing the KL divergence between q(ρ|si, ci) and ri(ρ).

The minimization of the free energy in Eq. (5.2) can be derived as:

∑
i

KL(q(ρ|si, ci)∥ri(ρ)) = min
θ

∑
i

KL
(
R(si, ci; θ)

∥∥∥αi · pi(ρ)
R(si, ci; θ)

∑jR(sj, cj; θ)

)
.

(5.6)

By optimizing the above objective, the parameters θ of the preference model

can be effectively learned.

5.2.3 Calibration for Alignment

G(ξ0) is able to generate texts with both high and low preference scores. As

shown in Fig. 5.3, it demonstrates evaluations over 1,000 data instances across

three emotional support conversation models. However, we expect to cali-

brate the model such that the generation probability aligns with these prefer-

ence scores. Specifically, diverse beam search [131] is used to generate multi-

ple candidates and then use d-PM to evaluate these candidates. For the sake

of more likely generating a high preference score text, we propose a model-

agnostic module to leverage contrastive learning to calibrate generation likeli-

hood, aligning with d-PM. Taking inspiration from recent calibration work [124,

86, 161], this process is implemented through the following three steps:
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Figure 5.3: Alignment with d-PM:

The maximum and minimum pref-

erence scores of 10 candidates gen-

erated via diverse beam search.

Step 1: Candidate Generation We gen-

erate candidates from the text genera-

tor G(ξ0), which has been fine-tuned

on corresponding dataset (X, Y) and its

parameters are ξ0, on its own training

dataset. Given an input sequence x ∈ X,

we first use G(ξ0) to generate K candi-

dates {ỹ1, ỹ2, · · · , ỹK} using diverse beam

search. As a result, these candidates will

get similar possibilities yet different pref-

erence scores according to the above pre-

liminary study.

Step 2: Preference-based Ranking We use our proposed d-PM R(θ) to mea-

sure the preference score S(ỹk,x) of each candidate ỹk. Then we rank these can-

didates according to the above preference score and obtain a list of ranked can-

didates: ỹ
′
1, ỹ

′
2, · · · , ỹ

′
K, where S

(ỹ′i ,x)
> S

(ỹ′j ,x)
for ∀ i < j.

Step 3: Likelihood Calibration As mentioned before, we leverage contrastive

learning to assign higher likelihoods to the candidates with higher preference

scores. The following pairwise margin loss is used to adjust the generator G(ξ).

Lr = ∑
i

∑
j>i

max(0, P(ỹ
′
j; ξ)− P(ỹ

′
i; ξ) + λij), (5.7)

where λij is the default margin λ multiplied by the difference in rank between

the samples, i.e., λij = λ ∗ (j− i). P(ỹ
′
i; ξ) is the length-normalized log-probability

of the candidate:

P(ỹ
′
; ξ) =

∑
|ỹ′ |
t=1 logG(ỹ′t|x, ỹ

′
<t; ξ)

|ỹ′ |α
, (5.8)
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where α is the length penalty hyperparameter. To avoid forgetting the token-

level likelihood information of the ground-truth text, we also use an additional

token-level negative log-likelihood. The final calibration loss is as follows:

Lc = −λ
1
|y|

|y|

∑
t=1

logG(yt|x, y<t; ξ) + Lr. (5.9)

We minimize Lc to optimize the generator’s parameters ξ. This process is su-

pervised by our d-PM model and aligns the generation model with human pref-

erence.

5.3 Experiments

5.3.1 Experimental Settings

ESConv dataset (D) The models are tested on the task of emotional support

conversation. The benchmark ESConv [85] is adopted to train and test the mod-

els’ performance. This dataset contains approximately 1kconversationswith 31k

utterances, developing each conversation between a help-seeker and a sup-

porter. All base models follow the original division of ESConv for training,

validation, and testing, using an 8:1:1 ratio. Notably, each model adopts differ-

ent data pre-processing methods. We adhere to each base model’s specific data

division and pre-processing.

d-PM Training The d-PM models are built by fine-tuning the BERT (base, un-

cased) model with prefix-tuning. BERT consists of nBERT
layer layers with hidden

size dBERT. A sequence of prefix tokens, denoted by Lidx, of length |Lidx| is

prepended to the input. The model input is formed by concatenating the pre-

fix, the conversation context, and the text: z = [Lidx; c; s], with zt representing
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the input at time step t. Correspondingly, the activations are h = [hprefix, hc, hs],

where ht stacks all layer outputs at step t. Here, hc and hs are computed using

the original BERT parameters, while hprefix consists of learnable parameters. A

trainable matrix Aθ1 , parameterized by θ1, is initialized with size |Lidx| × ddim,

where ddim = nBERT
layer × dBERT. Thus, the activation ht at each time step t can be

expressed as:

ht =


Aθ1 [t, :] if t < |Lidx|,

BERT(zt, h<t) otherwise.
(5.10)

We employ the final hidden states of the text s (i.e., the outputs from BERT’s last

layer) to compute the probabilities for the classes acceptable and unacceptable.

This is achieved through a multilayer perceptron (MLP) parameterized by θ2.

The overall parameters of the d-PM, θ = (θ1, θ2), are trained using the loss

defined in Eq. (5.6). The preference models used in Alignedmajor and Alignedsoft

adopt the same network architecture, but differ in their respective loss func-

tions, as specified in Eq. (5.11) and Eq. (5.12). Our d-PM implementation is

based on the publicly released code of the UnifiedSKG framework [155]. During

training, BERT’s parameters were kept frozen, and only the prefix was updated.

We set the prefix length to 10, used a batch size of 160, and a learning rate of

5× 10−4.

The human preference labels are obtained from the Motivational Interview-

ing Dataset (MI-Dataset) [143], which contains approximately 17k supporter re-

sponses to help-seeker utterances. Each response was annotated by 2 ∼ 4 ex-

perts according to the MI codes [92]. These annotations can be mapped into

two classes, {acceptable, unacceptable}, and disagreements among annotators

are estimated using our d-PM approach.

To build the d-PM, a BERT model is fine-tuned on the MI-Dataset with prefix-
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The Classes Coarse-Grained
Codes

Fine-Grained
Codes

Examples

acceptable

MI Adherent

1. Advise with Per-
mission

If you agree with it, I could try to
brainstorm some ideas that may
help.

2. Affirm You should be proud of yourself
for your past efforts.

3. Emphasize Au-
tonomy

It is really up to you to decide.

4. Support I know it’s really hard to stop
drinking.

Relational

5. Closed Question Do you think this is an advan-
tage?

6. Open Question What is your take on that?
7. Simple Reflection It sounds like you’re feeling wor-

ried.

8. Complex Reflection Speaker: Mostly, I would change
for future generations.
Listener: It sounds like you have
a strong feeling of responsibility

9. Give Information Logging your cravings is impor-
tant as cravings often lead to re-
lapses.

10. Self-Disclose I used to be similar where I get
obsessed about how people look.

11. Other Good morning, Hi there.

unacceptable MI Non-Adherent

12. Advise without
Permission

You should simply scribble a note
that reminds you to take a break.

13. Confront Yes, you are an alcoholic. You
might not think so, but you are.

14. Direct Don’t do that!
15. Warn Be careful, DO NOT stop taking

meds without discussing with
your doctor.

Table 5.1: Alignment with d-PM: The MI codes in MI-Dataset.

tuning [155, 76]. This dataset originally contains 15 fine-grained response classes,

which are further grouped into three coarse-grained categories based on MI

codes [92]: (1) MI Adherent: responses providing empathetic, compassionate

support, helping the help-seeker feel understood and respected; (2) Relational:

responses aimed at fostering a positive relationship between the help-seeker

and supporter, promoting more constructive interactions; (3) MI Non-Adherent:

responses such as arguing, confronting, or giving unsolicited advice, which may

generate resistance and impede problem-solving.
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For training the d-PM, these coarse-grained categories were converted into

the binary classes acceptable and unacceptable (see Table 5.1). The dataset was

randomly split into training and validation sets with a 9 : 1 ratio. Approxi-

mately 34.93% of the instances exhibit annotation disagreement among the ex-

perts.

Emotional Support Model Training The following models are adopted as the

base models G(ξ0) of the aligned emotional support model:

• Vanilla refers to a standard BlenderBot [112] trained on the ESConv dataset.

The small version of BlenderBot is used in experiments, consistent with

prior studies.

• Joint is built on the BlenderBot backbone and is specifically trained to gen-

erate responses prefixed with an expected communication skill [85]. This

model primarily emphasizes skill efficiency.

• MultiESC [23] is an emotional support conversation model that also fo-

cuses on communication skill efficiency. It predicts communication strate-

gies for several upcoming turns based on the user’s emotional state.

We apply our proposed method to align each base model, thus treating the

well-trained base model as the generator G(ξ0). To evaluate the effectiveness of

d-PM, three alternative preference models are implemented and integrated into

the framework for comparative analysis:

(1) A preference model (major) trained to predict the majority voting result

of annotations from different annotators, denoted as lm, and optimized by

cross-entropy loss, formulated as:

L(θ) = −E(c,s,lm)∼D[pl(lm) log(Rlm(c, s; θ))]. (5.11)
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where pl(lm) denotes the one-hot vector of lm.

(2) A preference model (soft) trained to approximate the direct probabilistic

label of annotations, i.e., the soft label l. The model is optimized by:

L(θ) = E(c,s,l)∼D∥R(c, s; θ)− l∥2. (5.12)

(3) A preference model (w/oA) that does not aggregate annotations and takes

each annotation as independent. This model is optimized by cross-entropy

loss, similar to Eq. (5.11).

We followed the implementation procedures of the base models as described

in [85, 23] and utilized their publicly released code. Each base model was ex-

ecuted once using the seed specified in its code. To ensure a fair comparison,

the aligned models were configured with hyperparameters matching those of

their respective base models, with the exception of an increased learning rate

to improve training efficiency. Concretely, the learning rate was set to 1× 10−3

for Blender-Vanilla and Blender-Joint, and 3× 10−5 for all other models. Due

to GPU memory limitations, the batch size was reduced from 32 to 12 when

training the aligned MultiESC model. For robustness, each aligned model was

trained five times using different seeds (0, 1, 13, 42, 1024), and the reported re-

sults are the averages across these runs.

When training the aligned models, we aim to retain the same hyperparam-

eters used in the training of the base models. We set the candidate number K

to 10. We train each aligned model five times with five different seeds. Subse-

quently, we test each of the five trained models on the test dataset and compute

the average results.
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Model B-1 B-2 B-3 B-4 R-L METEOR CIDEr Extreme

Blender
-Vanilla

Base 17.85 7.08 3.60 2.11 17.06 7.46 15.44 51.02
Alignedmajor 19.07 7.71 3.94 2.28 17.09 7.71 15.97 50.61
Alignedsoft 17.88 7.21 3.68 2.12 16.52 7.31 15.50 50.73
Alignedw/oA 19.70 7.56 3.64 2.05 16.90 7.72 15.62 50.48
Alignedd-PM 20.75 8.32 4.17 2.39 17.41 8.21 16.57 50.38

Blender
-Joint

Base 18.70 7.30 3.61 2.03 17.66 7.56 16.91 50.95
Alignedmajor 20.37 8.61 4.47 2.65 19.23 8.32 21.86 51.57
Alignedsoft 19.36 7.87 3.85 2.09 17.55 7.65 15.90 50.84
Alignedw/oA 21.05 8.14 3.89 2.07 17.65 8.11 15.29 50.68
Alignedd-PM 21.05 8.97 4.74 2.78 19.39 8.48 20.34 51.81

MultiESC

Base 20.36 8.80 4.92 3.14 21.00 8.58 30.69 52.74
Alignedmajor 19.10 8.27 4.61 2.88 20.72 8.24 30.15 52.57
Alignedsoft 19.30 8.33 4.62 2.88 20.83 8.35 30.75 52.54
Alignedw/oA 21.58 8.80 4.74 2.96 20.47 8.78 28.58 51.65
Alignedd-PM 21.59 9.56 5.33 3.36 21.50 9.03 32.65 53.15

Table 5.2: Alignment with d-PM: Automatic evaluation results.

5.3.2 Evaluation

Automatic Evaluation We adopt the following metrics commonly used in pre-

vious work [23, 85] for the automatic evaluation of our proposed method: BLEU

[100] (B-1/2/3/4), ROUGE (R-L) [80], METEOR [6], CIDEr [130], and BOW

Embedding-based matching score [84] (Extreme).

The results are summarized in Table 5.2. Across all automatic metrics, the

Alignedd-PM model consistently outperforms its corresponding base model, with

statistical significance at p < 0.01. This improvement holds regardless of the un-

derlying base model, demonstrating the general effectiveness of our proposed

approach. Alignedmajor and Alignedsoft can enhance performance for Blender-

Vanilla and Blender-Joint, but they fail to provide gains for MultiESC. This high-

lights the limitations of using majority-vote or soft labels to reconcile discrepan-

cies in human preferences. Alignedw/oA shows mixed results: it surpasses the

base model on certain metrics but falls short on others. Its CIDEr score, which

evaluates similarity using TFIDF-weighted n-grams, is notably lower, indicat-
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ing that it is less capable of producing responses containing critical information

from the reference. This limitation arises because the preference scores from

w/oA are narrowly distributed, limiting its ability to correctly rank generated

outputs. Taken together, these findings emphasize the advantage of our pro-

posed preference model, d-PM, in capturing human-aligned preferences more

effectively.

Human Evaluation We conducted human evaluations on model generations

using MultiESC, as it consistently outperforms Blender-Vanilla and Blender-

Joint across most automatic metrics. Specifically, we randomly selected 100

model-generated responses for human assessment. Six annotators with diverse

educational backgrounds, genders, geographic regions, and occupations partic-

ipated in the evaluation. Each response was rated by three different annota-

tors, and the final score was computed as the average of their ratings. For each

input, 3–4 responses generated by different models were presented together,

along with the corresponding context or prompt-reply pair. Annotators were

instructed to compare these responses relative to each other. To mitigate poten-

tial bias, the order of the sentences was randomized, preventing any inference

of the generating model based on position.

Annotators were asked to put themselves in the position of the help-seeker

and evaluate each response across five dimensions: (1) Identification: rated on

a scale from 1 to 5, assessing how well the response helps explore the situa-

tion and pinpoint problems; (2) Comforting: 1–5 scale evaluating the response’s

ability to provide emotional comfort; (3) Suggestion: 1–5 scale measuring how

effectively the response offers practical advice or solutions; (4) Overall: 1–5 scale

for the general quality of the response as emotional support; (5) Global Consen-

sus: number of annotators agreeing that the response is helpful, with 1–5 cor-
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Model Identification Comforting Suggestion Overall Global Consensus
Base 3.017 2.562 2.918 2.598 2.693
Alignedmajor 3.032 2.572 2.880 2.598 2.763
Alignedsoft 3.007 2.557 2.905 2.568 2.747
Alignedd-PM 3.052 2.587 2.952 2.637 2.783

Table 5.3: Alignment with d-PM: Human evaluation results on ESConv.

responding to nobody (< 1%), rare (5% ∼ 25%), controversial (∼ 50%), most

(75% ∼ 90%), and all (> 99%). Each response was rated by three annotators,

and the final score for each metric is the average of these three ratings. The

inter-rater agreement, measured by Fleiss’ kappa, is 0.43, indicating a moderate

level of agreement among annotators.

From Table 5.3, our method performs the best among the methods. In addi-

tion, the seemingly small improvement is meaningful because the 0–5 scoring

scale is highly constrained, and human annotators typically provide scores in a

narrow range. This tendency to avoid extreme values means that any positive

change, no matter how small, is a statistically significant indicator of model im-

provement. Alignedd-PM obtained the highest score in all aspects, including the

global consensus. It demonstrates that our method can generate less controver-

sial and more helpful responses in the task of emotional support conversation.



Chapter 5. User Satisfactory Improvement via a Bayesian Approach 93

5.3.3 Further Analyses
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Figure 5.4: Alignment with d-PM: Model performances with different candidate
numbers K.

The effect of candidate number K during calibration. To investigate how the

number of candidates K affects model calibration, we adjusted the MultiESC

calibration procedure by varying K among 5, 10, 15, and 20. This corresponds to

modifying the beam width in the diverse beam search. In principle, increasing

the number of candidates allows the model to consider more potential outputs,

which could raise the theoretical upper bound of performance. However, as

shown in Fig. 5.4, performance initially improves with larger K but eventually

declines. This decrease occurs because excessively many candidates may in-

clude redundant or highly similar samples, making it difficult for the generation

model to discriminate effectively between them.
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Metric MultiESC RL Ours
B-1 20.36 11.75 21.59
B-2 8.80 4.81 9.56
B-3 4.92 2.78 5.33
B-4 3.14 1.81 3.36
R-L 21.00 19.57 21.50
METEOR 8.58 6.25 9.03
CIDEr 30.69 26.02 32.65
Extreme 52.74 51.21 53.15
#(Samples)/s - 2.65 4.36
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Figure 5.5: Alignment with d-PM: Comparison between alignment with RL and
Ours.

Contrastive Learning vs. Reinforcement Learning. We adopt contrastive learn-

ing to align generation models with human preferences, instead of the com-

monly used reinforcement learning (RL) paradigm. This choice is motivated

by several factors. First, RL typically requires costly online decoding, whereas

contrastive learning can be performed offline in a single pass [165]. Second, RL

often suffers from slow convergence [47]. To illustrate this, we also applied RL

to align MultiESC. As shown in Fig. 5.5, RL processes fewer training samples

per second compared to our contrastive learning framework. The left panel

reports automatic evaluation results (#Samples/s denotes the number of sam-

ples trained per second), and the right panel shows the training loss over steps.

Even after the same number of training steps, RL exhibits higher loss and sub-

stantially lower performance than our method.

Case study A case presenting responses generated by various models is shown

in Table 5.4. Green text: the help-seeker’s emotion and problem. Blue text: the

conversation context (history). Orange text: human evaluation results.
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********** Case One **********

The Help-seeker’s Emotion: Anxiety

The Help-seeker’s Problem: Need a second job to pay off credit card bills.

Problem Type: Job crisis

Supporter: Hello, how are you today ?

Seeker: I’m good, busy. I need another job to pay more bills .

Base I’m sorry to hear that. Is there anything you’d like to talk about?

Overall 2,1,2 Global

Consensus

2,2,2

Alignedmajor I’m sorry to hear that. Would you like to talk about it?

Overall 3,2,2 Global

Consensus

3,3,2

Alignedsoft I’m sorry to hear that. Would you like to talk about it?

Overall 3,2,2 Global

Consensus

3,3,2

Alignedd-PM I’m sorry to hear that. Is there a way you can get a second job to pay off

your debts?

Overall 4,5,4 Global

Consensus

4,4,5

********** Case Two **********

The Help-seeker’s Emotion: Anxiety

The Help-seeker’s Problem: Applying for work, I have been retired for 2 years and would

like to return to the workforce.

Problem Type: Procrastination

Seeker: I have been retired for over 2 years and would like to return to the workforce, part-

time.

Supporter: So you are thinking of going back to work?

Seeker: Yes, it would help us greatly.

Supporter: You have the right idea already.
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Seeker: There are plenty of jobs and not sure where to start.

Base That is a great idea. I think it would be great to get your mind off of retire-

ment.

Overall 2,3,3 Global

Consensus

2,4,3

Alignedmajor Yes, there are plenty of jobs out there. You just need to know where to start.

Overall 4,4,3 Global

Consensus

3,4,3

Alignedsoft I see. So you are thinking about getting back into the field?

Overall 4,4,4 Global

Consensus

4,4,4

Alignedd-PM That is a very good question. Would you be open to looking for a new job?

Overall 4,5,4 Global

Consensus

4,4,4

********** Case Three **********

The Help-seeker’s Emotion: Sadness

The Help-seeker’s Problem: I have a friend who knew me since I was little, she is closer

to my mother’s age so she is kinda like my aunt growing up. She always treats me like I’m

little. But I’m a grown woman now and I want my relationship to go far and grow more.

Problem Type: Problems with friends

Seeker: I have a friend who knew me since I was little. She is a little older than me. She

still treats me like I’m still little. I tried to explain to her that I’m a grown woman and I

grew out of a lot of things when I was a kid.

Supporter: Is she listening to you? I know how it feels to be patronized by people who are

older.

Seeker: She still didn’t get it. I want my relationship to move further but with her like this.

I feel sad. Is there anything I can do?

Supporter: Well, if she is not listening to you when you try to talk to her you have to ask

yourself whether the relationship is really worth it?

Seeker: That’s true . I didn’t think about it. I know she is a good person. So I would give

her a chance and I can talk about it before.
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Base I think it’s always worth talking to someone who is older than you.

Overall 2,1,3 Global

Consensus

2,3,3

Alignedmajor Well, it’s always worth talking to someone who has been through a similar

situation.

Overall 3,4,2 Global

Consensus

3,3,2

Alignedsoft Well, it’s always worth talking to someone who has been through a similar

situation.

Overall 3,4,2 Global

Consensus

3,3,2

Alignedd-PM I think that’s a great idea. I think it’s great that you are willing to give it a

try.

Overall 4,5,5 Global

Consensus

4,5,4

Table 5.4: Alignment with d-PM: Case study.

5.4 Conclusion

In this chapter, we aim to align models with human preferences to finally ad-

vance the development of reliable emotional support conversational agents.

Unlike prior approaches, inherent disagreements in human preferences are ex-

plicitly accounted for. This consideration is motivated by two key factors: first,

achieving consensus is often unrealistic due to the highly subjective nature of

emotional support; second, enforcing uniformity in preferences may uninten-

tionally marginalize minority perspectives. To address these challenges, this

chapter proposes a Bayesian framework–Preference Modeling with Disagree-
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ment (d-PM)–which captures the nuances of disagreement from limited human

feedback. The resulting preference scores are then used to calibrate existing text

generation models. Experimental results on a benchmark emotional support

dataset demonstrate the effectiveness of the proposed approach.



Chapter 6

Unhelpfulness Mitigation via Multifaceted

AI Feedbacks

6.1 Introduction

This chapter deals with the second problem of reliable responding, which is how

to mitigate unhelpful response generation. Previous emotional support con-

versational models occasionally generate well-intended responses that produce

a counterproductive support effect, i.e., exacerbating the negative emotional

states of users or inhibiting effective problem-solving, as shown in Fig. 6.1.

In the psychology and communication theories, these failed support attempts

are termed “unhelpful messages” [46, 17]. The frequency of unhelpful responses

generated by some of the previous models is not extremely high, e.g, approx-

imately 30% of responses generated by MultiESC [23] on ESConv benchmark

[85] are identified as unhelpful under strict evaluation criteria. Unhelpful re-

sponses can undermine prior supportive interactions and erode the trust be-

tween a help-seeker and a supporter [88]. Thus, it is vital to reduce the chance

that a model outputs such responses. We tackle this challenge through two

complementary directions. D1 – Incorporating Multiple Support Facets: Many

earlier studies focus on only one dimension of emotional support—such as em-
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pathetic expression [78], conversational skill [23, 85], or overall coherence [34].

This single-focus design often overlooks other key aspects and may yield un-

helpful replies [46], as shown in Fig. 6.1. D2 – Explicit Suppression of Unhelpful

Outputs: Conventional models are usually trained by minimizing the negative

log-likelihood of reference responses. To move beyond this objective, we aim

to explicitly lower the probability of generating responses judged as unhelpful.

To realize these goals, we introduce Muffin, a mitigating-unhelpfulness frame-

work that leverages multifaceted AI feedback for emotional support. For D1,

Muffin includes an AI feedback module that evaluates a candidate reply across

multiple support dimensions. This module is obtained by instruction-tuning

LLaMA, avoiding expensive manual annotation. For D2, the emotional-support

model is optimized with a combined loss: the standard maximum-likelihood

objective plus a contrastive term that directly penalizes responses flagged as

unhelpful. These two components work together to reduce the production of

unhelpful responses in emotional-support dialogues.

The main contributions of the work presented in this chapter are threefold:

(1) We identify and address a critical challenge in current emotional sup-

port conversation models: their tendency to generate unhelpful responses,

which undermines their reliability.

(2) We propose Muffin, a novel, model-agnostic framework that uses a multi-

faceted AI feedback module to identify and mitigate unhelpful responses

through contrastive learning.

(3) We conduct extensive experiments on state-of-the-art emotional support

models to demonstrate Muffin’s effectiveness in reducing the generation

of unhelpful responses.
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A Conversation between a Help-Seeker and a Supporter

Conversation Context

Ok, I am to listen.

I just don't understand why someone would pretend to be
happy for a year and then decide they were lying and leave.

My fiance left me yesterday. I really have no one to talk to
because my family and friends didn't like him so they think
this is for the best.

Supporter Responses Generated by Models 

Have you considered therapy? That might help for people
in bad relationship. (Bare empathy)

I am sorry to hear that. Maybe you should ask his family
about it? (Incoherent)

I know how hard it is. I suggest that you talk to you parents
about this. (Dysfunctional Skill: Advice w/o Permission)

(BlenderBot)
🤖

(MultiESC)
🤖

(KEMI)
🤖

Figure 6.1: Muffin: Examples of unhelpful responses generated by various emo-
tional support conversation models.

6.2 Method

6.2.1 Problem Formulation

We refer to established theories in psychology and communication [46, 17] and

use the term “unhelpful” to describe responses that consistently result in neg-

ative outcomes during emotional support interactions. In contrast, responses

that generate positive effects, or at minimum avoid causing harm, are labeled

“helpful.” According to these theories, an unhelpful response often arises from

a deficiency in a single facet of emotional support. Such a deficiency can in-

tensify the user’s negative emotions or impede their problem-solving process.

For example, a response may be classified as unhelpful if it either fails to ac-

knowledge the user’s feelings and needs (demonstrating a lack of empathy) or

criticizes the user’s behavior (reflecting a problematic communication skill such

as confrontation). This characteristic serves as a key criterion for identifying un-
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helpful responses.

The primary goal is to mitigate the generation of unhelpful responses. Rather

than training a new model from scratch, we aim to refine a pre-trained emo-

tional support conversation model with the dataset it was originally trained on.

This process unfolds as follows. Let G(θ0) represent the model trained on a

dataset D, where θ0 denotes the model parameters. Each instance in D is de-

noted as (x, y), with x as the input and y as the expected output. Usually, x is

the conversation context, but it contains additional related information in some

models. Assume that there are K samples {ŷ1, · · · , ŷK} with labels {l̂1, · · · , l̂K}.

These samples are the diverse beam search generation results of G(x; θ0). As

for the label l̂k ∈ {0, 1}, it represents feedback to indicate whether the sample

ŷk is unhelpful (l̂k = 0) or not unhelpful (l̂k = 1). The objective is to refine the

model’s parameters θ such that the likelihood of generating unhelpful samples

is reduced relative to helpful ones. In this process, we only modify the training

process, ensuring that the model’s architecture and the inference mechanism

remain untouched. Moreover, the proposed approach is model-agnostic. This

implies that G(θ0) can be any deep learning model designed and trained for

emotional support conversations.

The overall framework of the proposed method, Muffin, is outlined in Fig. 6.2.

+ and − indicate helpful (non-unhelpful) and unhelpful labels, respectively.

It is composed of two principal components, each specifically designed for de-

liberations as mentioned: D1: Consideration of Multiple Facets and D2: Direct

Mimimization of Unhelpful Response Probability, respectively. The multifaceted AI

feedback module aims to identify whether a response from multiple facets of

emotional support is unhelpful. The unhelpfulness mitigation module mitigates

the likelihood of unhelpful responses by contrasting helpful and unhelpful re-
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Figure 6.2: Muffin: Overview architecture.

sponses.

6.2.2 Multifaceted AI Feedback

We distinguish whether a response is unhelpful from multiple facets. However,

collecting feedback from humans is inefficient and costly. In addition, recent

large language models (LLMs), such as the GPT series [98] and LLaMA [127],

demonstrate remarkable natural language understanding capabilities. There-

fore, we decided to obtain feedback from AI.

Instruction-tuning Prompt engineering provides a simple and straightforward

approach to obtaining feedback from LLMs. However, our experiments sug-

gest that it is challenging to manifest the full potential of LLMs for emotional

support without investing significant effort in prompt design, which will be de-

tailed later. As an alternative, we elicit the desired capabilities of the LLM via

instruction tuning [141]. Specifically, we design task descriptions and instruc-

tions tailored to classification tasks related to different emotional support facets.

We use the relevant datasets for these tasks. The prompt format is shown in
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Fig. 6.3. Importantly, the response class reflects whether a response is unhelpful

for the given facet. During training, all texts in italics enclosed in curly braces are

provided to the model. At inference time, the model is required to predict the

response class based on the other italicized inputs within the curly braces.

### Instruction:
{task description and instruction}

### Input:
Conversation Context: {context}
The last supporter statement: {response}
{all possible classes}

### Output:
{response class}

Figure 6.3: Muffin: The prompt to obtain Multifaceted AI Feedback.

Multifaceted AI feedback module The final feedback for an emotional sup-

port response is derived from an aggregation of AI feedback across multiple

facets. For each response along with its corresponding context, the instruction-

tuned LLM is employed to evaluate all the predefined facets individually. If any

facet indicates that the response is unhelpful, the response is assigned a label of

0; otherwise, it is considered helpful (non-unhelpful) and labeled as 1.

6.2.3 Unhelpfulness Mitigation

We mitigate G(θ0) to generate unhelpful responses by contrasting helpful and

unhelpful responses generated by G(θ0) itself, which can be implemented by

the following three steps:

Generating sample responses We utilize G(θ0) to generate responses on its

own training datasetD using diverse beam search [131]. Thus, for each instance
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(x, y) ∈ D, there are K sample responses {ŷ1, · · · , ŷK}.

Getting feedback These responses can be generated because they have rela-

tively high generation probabilities. However, some of them can be unhelpful

responses. Therefore, we adopt the multifaceted AI feedback module to identify

whether these responses are unhelpful. Thus, we obtain K labels {l̂1 · · · , l̂K},

where l̂k ∈ {0, 1}.

Contrasting sample responses We expect that the model G can assign a higher

likelihood to the helpful responses than the unhelpful ones. Therefore, we con-

trast them using the following loss:

Lcl =
1

2K ∑
i

∑
j ̸=i

max(0,

− (l̂i − l̂ j)× (P(ŷi|x)− P(ŷj|x) + λ)),

(6.1)

where λ is the margin hyperparameter. Moreover, P(ŷi|x) is the length-normalized

log-probability of the response ŷi, and it is be computed by:

P(ŷi|x) =
|ŷi|

∑
t=1

logG(ŷi
t|x, ŷi

<t; θ)

|ŷi|α
, (6.2)

where α is the length penalty hyperparameter. In addition to the above loss, we

also consider the negative log-likelihood loss to prevent the model’s generation

from deviating too much from the ground truth. The loss can be formulated as:

Lgen = − 1
|y|

|y|

∑
t=1

logG(yt|x, y<t; θ). (6.3)

The final loss is the combination of the above two losses:

L = βclLcl + βgenLgen, (6.4)

where βcl and βgen are weight hyperparameters.
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6.3 Experiments

6.3.1 Experimental Settings

Base models (G(θ0)) The proposed method, i.e., Muffin, is a model-agnostic

approach designed to mitigate the unhelpfulness of an existing emotional sup-

port conversation model. To examine its effectiveness, we experiment with five

recent models: Vanilla, Joint, MultiESC, TransESC [164], and KEMI [34]. The

first three models have been introduced in Section 5.3.1. The last two models

are detailed as follows:

• KEMI incorporates various knowledge for a mixed-initiative conversation

model, which can provide emotional support [34]. Consequently, the re-

sponse coherence is also enhanced.

• TransESC [164] predicts the transitions of the user’s emotion, the commu-

nication skills, and the conversation keywords. Then, such information is

used for response generation. This model takes into account more than

one facet of emotional support; however, it is not optimized to reduce the

likelihood of unhelpful responses like other models.

We obtain each model’s parameters θ using its official implementation and the

default hyperparameters.

During the training of MuffinG(θ0), we adopt the same hyperparameters as

the base model G(θ0), such as batch size and random seed. To facilitate more

stable convergence, a smaller learning rate of 3× 10−5 is applied. The training

is performed for a single epoch, as the loss stabilizes within one pass over the

data. Other hyperparameters are set as follows: margin λ = 0.01, length penalty

α = 1, and weights βcl = βgen = 1. For response generation, as outlined in
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Section 6.2.3, we sample K = 10 candidate responses. Accordingly, both the

beam size and the number of beam groups are set to 10, while all remaining

generation settings follow those of the base model.

ESConv dataset (D) The ESConv dataset [85] is used to train the aforemen-

tioned base models. All base models, with the exception of TransESC, follow

the original division of ESConv for training, validation, and testing, using an

8:1:1 ratio. TransESC employs a random split while maintaining the same ratio.

Notably, each model adopts different data preprocessing methods. For consis-

tency, we adopt the original data division and preprocessing protocols of each

base model.

Facets of Emotional Support Considered in Muffin and Dataset We consider

three essential facets of emotional support: empathetic expression, skill effi-

ciency, and response coherence, which the base models incorporate into their

models. Here, we would like to describe the unhelpfulness of each facet and

detail the corresponding classification dataset.

Empathetic expression Meaning: Empathetic expressions reflect the supporter’s

understanding and engagement with the help-seeker’s perspective. Their

absence can hinder conversation flow and trust-building [94]. While em-

pathy is multifaceted [136, 99, 12], we adopt the framework by [118], which

defines three mechanisms: emotional reactions, interpretations, and ex-

plorations. Each is rated as no, weak, or strong communication. Re-

sponses lacking empathy across all mechanisms are deemed unhelpful.

For example, “Sleeplessness can result in upsetness,” fails to convey em-

pathy when responding to “I am upset.” Dataset: We use the dataset from

[118], containing 3K context-response pairs annotated under this frame-
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work, to train and evaluate models in detecting unhelpful empathetic re-

sponses. Responses consistently labeled as “no communication” across all

these mechanisms are identified as unhelpful.

Skill efficiency Meaning: Effective communication strategies enable support-

ers to deliver appropriate and impactful messages [46], enhancing their

understanding of the help-seeker and facilitating problem-solving [52].

However, some dysfunctional skills can have adverse effects [8, 18]. For

instance, while advice is generally helpful, unsolicited advice may be less

effective than offering no specific support at all. Dataset: This study eval-

uates skill efficiency using motivational interviewing (MI) skill codes [95],

which classify responses into three categories: MI adherent, MI non-adherent,

and others. Responses labeled as MI non-adherent are considered unhelp-

ful. To train and evaluate models, we use the MI dataset by [144], which

includes 17K context-response pairs annotated with the three MI codes.

Responses labeled as “MI non-adherent” are considered unhelpful.

Response coherence Meaning: While response coherence is a fundamental ex-

pectation in almost all conversational systems [55], it holds particular sig-

nificance in emotional support conversation systems. Incoherent responses

can disrupt communication and cause misunderstanding. To mitigate this

issue, we classify responses into two categories: coherent and incoherent,

with the latter considered unhelpful. Dataset: We constructed a dataset

specifically for detecting response coherence, based on the base model’s

training set D. In particular, 4K context-response pairs were randomly

sampled from D, with the original responses labeled as coherent. To gen-

erate incoherent responses, we employed two strategies: (1) replacing the

original response with one from a different conversation, and (2) altering
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key words or critical information in the original response to produce a

subtly incoherent variant. Using these procedures, we obtained around

12K context-response pairs in total, which are used to train models for

identifying unhelpful responses with respect to coherence.

6.3.2 Evaluation

Multifaceted AI feedback For the multifaceted AI feedback module, a 7B

LLaMA model [127] is instruction-tuned using a low-rank adapter (LoRA) ap-

proach [54]. During tuning, the LLaMA weights are frozen, and trainable rank

decomposition matrices are inserted into the query, key, value, and output lay-

ers. The training data comprises 22K instances, formed by merging the datasets

described in Section 6.3.1, with each context-response pair formatted accord-

ing to the instruction template in Fig. 6.3. The dataset is partitioned into train-

ing, validation, and test sets following an 8:1:1 split ratio. The learning rate is

3× 10−4, and the training epoch is 12.

The Multifaceted AI Feedback Module can be implemented with various

backbone models. As shown in Fig. 6.4, the module’s performance with dif-

ferent backbones, including GPT-3.5, GPT-4, vanilla LLaMA, and instruction-

tuned LLaMA, is evaluated on the test set. The performance is compared across

different facets of emotional support, as well as the aggregated feedback. Accu-

racy and F1 scores are reported to reflect model performance across the entire

test set and for each individual facet. Without any fine-tuning, GPT-4 demon-

strates superior classification performance compared to the other two mod-

els. A detailed analysis reveals that GPT-3.5 tends to label responses as non-

unhelpful, while the vanilla LLaMA model often assigns responses to a single

category across multiple facets, resulting in the poorest performance. In con-
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Figure 6.4: Muffin: Multifaceted AI feedback performances.

trast, instruction-tuning substantially improves LLaMA, achieving an accuracy

of 90.72% and an F1 score of 89.86% on the aggregated feedback, surpassing the

other models. This significant enhancement supports our choice of employing

the 7B instruction-tuned LLaMA in the Multifaceted AI Feedback Module.

Automatic Evaluation of Muffin The automatic evaluation of Muffin includes

the following metrics: BLEU, ROUGE, METEOR, CIDEr, and Extreme (a BOW

Embedding-based matching score). Table 6.1 showcases the performance of

Muffin with different base models in all automatic evaluation metrics. For

all metric scores and feedback, a higher value indicates better performance.

The values marked with ∗ indicate the results are statistically significant with

p < 0.05. In general, Muffin demonstrates significant enhancements across

nearly all evaluation metrics. Moreover, it can be observed that the performance

of MuffinG(θ0) is predominantly influenced by its base model G(θ0), assessed
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Model B-1 B-2 B-3 B-4 R-L METEOR CIDEr Extreme
Vanilla 18.23 7.02 3.49 1.99 16.09 7.31 14.95 50.48

MuffinVanilla 19.43∗ 7.58∗ 3.66 2.02 16.26 7.72∗ 13.90∗ 51.00∗

Joint 18.77 7.54 3.79 2.15 17.72 7.59 17.38 50.96
MuffinJoint 20.59∗ 8.38∗ 4.26∗ 2.54∗ 18.35∗ 8.18∗ 19.12∗ 51.46∗

TransESC 17.32 7.10 3.63 2.18 17.47 7.53 22.07 51.33
MuffinTransESC 17.19 7.17∗ 3.73∗ 2.25∗ 17.54∗ 7.58∗ 22.72∗ 51.57∗

KEMI 19.85 8.15 4.24 2.52 17.17 7.92 15.09 50.85
MuffinKEMI 20.01∗ 8.31∗ 4.36∗ 2.60∗ 17.30∗ 7.99∗ 15.45∗ 51.11∗

MultiESC 21.79 9.19 4.98 3.05 20.92 8.93 28.84 52.59
MuffinMultiESC 21.83∗ 9.28∗ 5.12∗ 3.21∗ 21.26∗ 8.92 31.26∗ 52.83

Table 6.1: Muffin: Automatic evaluation results.

Here is a conversation between a help-seeker and a support. Image that you are the help-
seeker, and compare the following two responses. If you find both responses to be equally
effective or unsatisfactory, please indicate your assessment as a "Tie".

Conversation History:
Help-seeker: Hi i am okay, a little bit sad though.
Support: Okay. I am very sorry to hear that! Do you want to tell me more about that?
Help-seeker: Well with the holidays coming up I have been very stressed and nervous about
what i am going to do.

Two supporter responses:
A. Of course! I am sorry to hear you are stressed about the holidays. Can I ask what are you
worried about?
B. Of course! I am sorry to hear you are feeling stressed and anxious about the holidays.

1. Which response is more fluent (grammar errors and inappropriate repetition can decrease
the fluency)? A, B or Tie?
>
2. Which response is more skillful in identifying the help-seeker's problem? A, B or Tie?
>
3. Which response is better at comforting the help-seeker? A, B or Tie?
>
4. Which response can give more helpful and information suggestions? A, B or Tie?
> 
5. Which response is generally more helpful? A, B or Tie?
>

Figure 6.5: Muffin: An example presented to annotators for evaluation.

through automatic evaluations.

Human Evaluation of Muffin Following previous work [34, 85], five aspects

are considered in human evaluation, and they are: (1) Fluency: which model’s

response is more fluent? (2) Identification: which model’s response is more skill-

ful in identifying the user’s problem? (3) Comforting: which model’s response is

better at comforting the user? (4) Suggestion: which model can give more helpful

and informative suggestions? (5) Helpfulness: which model’s response is gener-
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ally more helpful from the aspect of the help-seeker? For each G(θ0)-MuffinG(θ0)

pair, 100 instances are randomly selected for comparison. Four unique human

evaluators are asked to vote on which response is better, with the option to select

“tie” if both responses are considered equally effective. The final results are av-

eraged from their evaluations. To avoid bias from the order in which responses

are presented, the sequence of the two responses is randomized for each evalu-

ation. We asked four PhD students who have knowledge about mental health

support to participate in the human evaluation. Prior to the evaluation, anno-

tators are briefed on the characteristics of emotional support conversations to

ensure they understand the goals of the task. During the assessment, they are

instructed to place themselves in the role of the help-seeker. Given the con-

versation context, annotators compare two generated responses, as illustrated

in Fig. 6.5. To safeguard their well-being, annotators are allowed to pause or

stop if they encounter content that makes them uncomfortable. Compensation

is provided at 1.5 to 2 times the local minimum hourly wage. On average, anno-

tators spend approximately 40 seconds per response pair. The inter-rater agree-

ment, measured by Fleiss’s Kappa, is 0.39, which is relatively high for subjective

evaluations, typically ranging from 0.2 to 0.6 [149, 28]. For aggregation, the win-

ning response is determined by annotator consensus: if two annotators prefer

response A and the remaining two indicate a tie, response A is selected as the

winner; an equal split in preference results in a tie label.

Fig. 6.6 summarizes the A/B test results on BlenderBot-Joint [85], KEMI [34],

and MultiESC [23], along with their corresponding Muffin models. Displayed

within each bar, from left to right, are the ratios for “Muffin Wins,” “Tie,” and

“Base Wins.” These three settings are selected for their significant performance

in automatic evaluation. The inter-rater agreement, i.e., Fleiss’ Kappa [40], is
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Figure 6.6: Muffin: Human A/B test results.

0.39, implying fair agreement. The Muffin models are regarded as more help-

ful in general, as evidenced by their higher Helpfulness. Responses generated

by Muffin models are slightly more fluent than those generated by base mod-

els. It is also observed that ’ties’ are common in evaluations of response flu-

ency, mainly because the responses generated are typically fluent. Compared

with the corresponding base model G(θ0), the MuffinG(θ0) model shows some

more powerful capability in identifying the help-seeker’s problem. Moreover,

MuffinG(θ0) models can generate responses that have better effects to comfort

the users than G(θ0). Annotators also prefer responses generated by MuffinG(θ0)

because of their more helpful and informative suggestions. These results prove

that Muffin indeed mitigates the unhelpfulness of emotional support conversa-

tion models.
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Model Empathetic
Expression

Skill
Efficiency

Response
Coherence

Aggregated
Feedback

A. Generating One Response
Vanilla 81.22 90.43 80.69 64.83

MuffinVanilla 85.83 92.82 84.33 71.26
Joint 80.61 88.93 80.65 61.48

MuffinJoint 82.33 90.47 83.04 64.76
TransESC 81.06 91.44 74.76 63.24

MuffinTransESC 81.28 91.49 78.67 66.02
KEMI 83.01 88.47 85.76 70.90

MuffinKEMI 83.40 88.68 87.15 72.33
MultiESC 83.39 90.66 85.38 70.00

MuffinMultiESC 85.24 92.92 86.06 72.38
B. Generating Ten Responses

Vanilla 81.90 92.03 78.89 64.51
MuffinVanilla 89.84 96.05 82.60 73.78

Joint 79.31 90.56 79.75 63.30
MuffinJoint 83.43 92.26 80.02 66.54
TransESC 74.16 92.78 43.93 41.21

MuffinTransESC 74.20 92.92 44.15 41.43
KEMI 81.16 87.49 81.57 66.23

MuffinKEMI 81.39 87.64 81.61 66.47
MultiESC 78.61 89.67 77.33 60.83

MuffinMultiESC 78.77 89.73 77.26 60.87

Table 6.2: Muffin: Multifaceted AI feedback results.

Helpfulness Evaluation via AI Feedback of Muffin Table 6.2 provided the

multifaceted AI feedback results as a reference. The AI feedback is sourced

from the comprehensive AI feedback module. The top subtable showcases the

percentage of each model’s helpful (non-unhelpful) responses employing the

decoding strategy of the base model; the bottom subtable displays the percent-

age of each model’s helpful responses utilizing diverse beam search with a beam

size set at 10. All values are expressed in percentages (%), where higher percent-

ages signify superior performance. The values in the left subtable are statisti-

cally significant with p < 0.05.

We utilize the multifaceted AI feedback module to identify various mod-

els’ helpful (non-unhelpful) responses and compute their percentage, displayed

in the left subtable. Furthermore, we analyze the helpful response percentage

when each model generates ten responses using diverse beam search, reported
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in the right subtable.1

Overall, Muffin demonstrates enhancements in AI feedback across multiple

facets. However, three intriguing phenomena emerge.

1. While the left subtable shows an increase in the frequency of helpful re-

sponses due to the Muffin framework, the evidence presented in the right

subtable (Aggregated Feedback) is weaker, particularly when the base

model is TransESC, KEMI, or MultiESC. This finding is consistent with

our loss function (Eq. (6.1) and Eq. (6.4)). The contrastive loss is not de-

signed to suppress unhelpfulness directly but rather to assign higher gen-

eration probabilities to helpful (non-unhelpful) responses. Consequently,

when generating a single output, the model selects the one with the high-

est probability.

2. Despite lacking a dedicated mechanism for incorporating communication

skills, BlenderBot-Vanilla attains a notably high score in Skill Efficiency.

Upon closer examination, we observe that this model frequently produces

responses like “I can understand that...” or “I’ve experienced something

similar...” These responses, categorized as self-disclosure, do not under-

mine previous emotional support efforts and are not detected as “unhelp-

ful” by the AI feedback module. However, a conversation dominated by

self-disclosure may not fully align with the objective of providing genuine

support.

3. Another noteworthy observation is that TransESC receives exceptionally

low AI feedback scores for Response Coherence, even though it incorpo-

rates external knowledge. This insight aligns with findings from Trans-

1The assertion “approximately 30% of responses generated by MultiESC on the ESConv
benchmark are identified as unhelpful” is derived from the findings presented in this table.



Chapter 6. Unhelpfulness Mitigation via Multifaceted AI Feedbacks 116

Model B-1 B-2 B-3 B-4 R-L METEOR CIDEr Extreme
Joint 18.77 7.54 3.79 2.15 17.72 7.59 17.38 50.96

MuffinJoint 20.59 8.38 4.26 2.54 18.35 8.18 19.12 51.46
MuffinJoint

(Empathetic Expression) 19.58 8.06 4.04 2.33 18.46 7.87 19.61 51.43

MuffinJoint
(Skill Efficiency) 18.68 7.51 3.81 2.19 17.98 7.67 17.84 50.98

MuffinJoint
(Response Coherence) 20.04 8.10 4.04 2.26 18.24 7.95 18.07 51.31

Table 6.3: Muffin: Ablation study results.

ESC’s ablation experiment [164], which suggests that the generated knowl-

edge may contain noise, potentially explaining the low coherence scores.

6.3.3 Further Analyses

Ablation study To assess the impact of different feedback facets, an ablation

study is conducted. Specifically, AI feedback from each individual facet is used

to differentiate helpful from unhelpful responses, which are then contrasted to

mitigate unhelpfulness. This study utilizes BlenderBot-Joint as the base model,

chosen for its simple architecture and the significant improvements demon-

strated by MuffinJoint.

From Table 6.3, we can find that relying solely on AI feedback from a sin-

gle facet for unhelpfulness mitigation results in diminished performance in au-

tomatic evaluations when compared to the comprehensive MuffinJoint model.

MuffinJoint model. MuffinJoint (X) indicates the mitigation process only uses AI

feedback in terms of the facet X. All values are statistically significant with

p < 0.05. This underscores that considering multiple facets of emotional sup-

port when building emotional support conversation models is necessary.

Another insight from Table 6.3 is that all three ablated models outperform

the base model, suggesting that the proposed strategy of directly mitigating un-

helpful responses (D2) is both reasonable and effective. The results also high-
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Conversation History
Help-seeker : I’m an alcoholic. I get that thought in my head and its like I become ob-

sessed.
Supporter : Why not try to put attention on some other things instead of a beer?

Help-seeker : Hmmm like what?
Model Generated Responses

Joint You can try to be normal. That is a great idea. (Lacking empathy)

MuffinJoint

Yes, there are some things that you can do, but you have to be
aware of your own mental health, that’s why it’s important to
know you are doing the right thing.

MultiESC
It sounds like you have a lot on your plate and you want to be
normal. (Inconsistent) I can understand how that would make
you feel.

MuffinMultiESC
I think you should focus on yourself instead of a beer. Do you
have any hobbies that you enjoy?

KEMI I think you should try to find some new things to do to relax.
MuffinTransESC Have you tried meditation? It can help you relax and relax.

Table 6.4: Muffin: Case study.

light that the quality of helpful and unhelpful examples plays a critical role in

the success of unhelpfulness mitigation. Additionally, the impact of each facet

on overall performance varies, which is both expected and reasonable. By ex-

amining the ablation results in Table 6.3 alongside the facet-specific findings

in Table 6.2, different proportions of non-unhelpful responses across facets are

observed. Notably, the skill efficiency facet shows the lowest proportion, ex-

plaining the weaker performance of Muffin (skill). In contrast, facets such as

empathy and coherence show more balanced distributions, resulting in compa-

rable performance for Muffin (Empathetic Expression) and Muffin (Response

Coherence). These observations underscore the nuanced, facet-dependent ef-

fects on the efficacy of the proposed method.

Case study To intuitively illustrate the superiority of Muffin over its base mod-

els, a comparative case study is presented in Table 6.4, showcasing responses

generated by three prominent base models (BlenderBot-Joint, MultiESC, and

KEMI) and their corresponding Muffin versions. From the comparison of re-
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sponses from BlenderBot-Joint and MuffinJoint, we observe that the former tends

to state facts directly, subtly implying that the help-seeker might be in an abnor-

mal state. Such a statement ignores the help-seeker’s feelings and expresses

minimal empathy. In contrast, MuffinJoint conveys concern for the help-seeker’s

well-being and attempts to solve the problem by shifting the help-seeker’s per-

spective, thereby amplifying the empathetic undertone. In the case of Multi-

ESC, MuffinMultiESC crafts a response that aligns more closely with the context,

effectively addressing the inconsistency present in the response generated by its

base model. Lastly, when comparing KEMI with MuffinKEMI, Muffin’s version

stands out as more beneficial. While KEMI’s response does not exhibit glar-

ing issues, MuffinKEMI offers a more specific and actionable recommendation,

closely aligning with the help-seeker’s request for precise advice, in contrast to

KEMI’s general guidance.

6.4 Conclusion

This chapter addresses the critical problem of unhelpful responses in emotional

support conversational agents. We introduce Muffin, a novel, model-agnostic

framework designed to mitigate this issue. Muffin uses a multifaceted AI feed-

back module to discern between helpful and unhelpful responses. By contrast-

ing these outputs, our framework effectively reduces the generation of unhelp-

ful content. Experiments on both automatic and human evaluations confirm

Muffin’s effectiveness, showcasing its ability to significantly enhance the relia-

bility of emotional support conversations.
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While the previous two parts have explored empathetic understanding and

reliable responding of conversational agents, these capabilities alone do not en-

sure the overall effectiveness of a conversation, particularly in terms of fostering

emotional engagement. Investigating the overall effectiveness of conversational

agents poses a significant challenge, as it requires user involvement, which can

lead to difficulties in evaluating and improving interactions. Prior research has

attempted to address this challenge by analyzing strategic dialogue flow and

linguistic choices, such as wording and dialogue acts [24, 23]. These approaches

are based on the assumption that incorporating relevant knowledge and em-

ploying appropriate conversational strategies can enhance user engagement.

However, the relationship between such strategies and user engagement is nu-

anced and not always straightforward. For instance, while well-crafted ques-

tions or informative content may encourage users to participate more actively,

poorly phrased questions or excessive information can lead to disengagement

[22]. Works in this part address these challenges with a focus on evaluating the

emotional engagement level of interactions with the conversation agents. One

of the most direct and meaningful indicators of user engagement is the user’s re-

action following the conversation. Whether an interaction achieves its intended

purpose often depends on how the user feels about the exchange. Therefore,

when investigating the effectiveness of conversational agents, it is essential to

prioritize the user’s perspective. To address this, this part introduces the use of

simulated users for evaluating emotionally intelligent conversational agents. In

addition, conversation-level features are paid attention to in these studies.



Chapter 7

A Client-Centric Automatic Evaluation of

LLM Therapists

7.1 Introduction

Ever since ELIZA, a therapy chatbot, was found to provide emotional support,

it has been argued that chatbots could scale up mental health support [27]. The

recent advancements in large language models (LLMs) have bolstered the argu-

ment for their use as therapeutic tools, as evidenced by both research [97, 49]

and reports from end-users [101]. Although many users report that LLM-based

therapists provide helpful support [110], potential risks and harms have also

been noted [31, 153]. Prior research has explored the capabilities and limitations

of LLMs in therapeutic roles by evaluating their behavior [24, 72]. Nonetheless,

these evaluations mainly consider the therapist’s perspective, which can differ

considerably from that of the client [72, 35, 3]. In contrast, our work focuses on

examining LLM therapists from the viewpoint of the client.

For a client-centered assessment, involving clients is critical. In clinical medi-

cal education, “actors” are hired and trained as simulated clients to interact with

therapists for assessment purposes [69]. However, using this approach to assess

LLM therapists presents significant challenges, particularly regarding scalabil-
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ity. Beyond the costs of hiring and training, this method introduces ethical and

technical hurdles. Ethically, the long-term simulation of client symptoms can

cause discomfort for individuals [14], and this approach risks exposing them

to potentially harmful LLM outputs. Technically, human behavior varies over

time and across interactions, which makes it difficult to consistently compare

the performance of different LLM therapists with the same client.

As an alternative, we involve clients simulated by LLMs, which demonstrate

great potential in role-playing [20], in the assessment. An LLM client, equipped

with a specific psychological profile, interacts with an LLM therapist, i.e., the

evaluation target. After the interaction, the simulated client completes ques-

tionnaires, including items that ask the client about their feelings and thoughts

in the counseling session. The client-centered assessment of the LLM therapist

is derived from the results of these questionnaires. The entire procedure is illus-

trated in Fig. 7.1, and we refer to this framework as ClientCAST, which stands

for a Client-Centered method for ASsessing LLM Therapists through client sim-

ulation.

To prove the reliability of ClientCAST, we have conducted experiments us-

ing two human-human therapy counseling datasets, High-Low Quality Coun-

seling [105] and AnnoMI [151], and four LLMs, i.e., Claude-3, GPT-3.5, Mixtral

8×7B and Llama 3-70B, to simulate clients. The findings indicate that simulated

clients consistently adhere to the provided problems, reasons for visiting, symp-

toms, and speech tone, but they are less accurate in reproducing defined appar-

ent traits. In general, more advanced models yield more accurate simulations.

Additionally, high- and low-quality counseling sessions can be distinguished

based on the completed questionnaires. Finally, we use ClientCAST to evaluate

therapists implemented by Claude-3, GPT-3.5, Mixtral 8×7B, and Llama 3-70B.
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The main contributions of this work are summarized as follows:

(1) We introduce ClientCAST, a novel framework for evaluating LLM-based

therapists from the perspective of clients by incorporating LLM-simulated

clients into the assessment process.

(2) Experimental results indicate that the simulated clients largely adhere to

their assigned psychological profiles and are capable of distinguishing be-

tween high- and low-quality counseling sessions.

(3) Leveraging ClientCAST, we systematically evaluate the performance of

therapists implemented using various LLMs.

7.2 Method

7.2.1 Problem Formulation

To enable the automatic evaluation of LLM therapists, LLMs are used to sim-

ulate clients. Then, the feedback from the simulated clients obtained via ques-

tionnaires is used to compute three metrics: session outcome, therapeutic al-

liance, and self-reported feelings, which can reflect the LLM-therapist’s perfor-

mance. Fig. 7.1 presents an overview of the ClientCAST framework. It utilizes

an LLM as a simulated client equipped with a specific psychological profile. The

simulated client interacts with an LLM therapist and completes questionnaires

regarding their interaction. Finally, ClientCAST provides a client-centered as-

sessment of the LLM therapist based on the results of questionnaires.

To establish the reliability of ClientCAST, it is essential to determine its abil-

ity to evaluate therapy sessions in a manner consistent with human judgment.

This can be achieved by deploying ClientCAST to assess existing therapy ses-
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Act as the client
described in

the psychological
profile.

LLM Therapist

Act as a real therapist
during a counseling session
and help the client to...

Psychological Profile
1. Problems & Reasons for Visiting
2. Displayed Symptoms
3. Apparent Traits

Interaction

Assessment Results of 
the LLM Therapist

1. Session Outcome
2. Therapeutic Alliance
3. Self-Reported Feelings

Complete
questionnaires related
to the interaction.

Simulated Client

Simulated ClientReference Session 

Simulated Client

Interact with a therapist
in a counseling session,
using the reference
session as a reference.

Client-Therapist
Interaction

Client Simulation

Client-centered
Questionnaire

Completion

...

Figure 7.1: ClientCAST: Overview Architecture.

sions and then comparing its evaluation outcomes against human-assigned la-

bels. In addition, to ensure the process is correct, the evaluation of the simulated

clients is also conducted.

7.2.2 Client Simulation

Psychological Profile

The psychological profile provided to LLMs should significantly influence the

counseling session and facilitate the identification of the specific client. Inspired

by [115] and [21], we consider the following information: (1) Problems & Rea-

sons for Visiting. We use two sentences to describe the client’s problems and

the reasons for visiting, respectively. (2) Displayed Symptoms. We consider

61 potential client symptoms, covering areas of depression, anxiety, symptom

distress, interpersonal relations, and social roles. These symptoms are from

three widely used questionnaires: PHQ-9, GAD-7, and OQ-45. (3) Apparent

Traits. Apparent traits significantly affect the client’s speech tone and conversa-

tion engagement. We account for the big five personality traits, emotion fluctu-
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ations (Fluctuations), unwillingness to express emotions (Unwillingness), and

resistance toward the therapist (Resistance). Each trait can be described with a

severity level. There are five levels for the big five and three for the other three

traits. A psychological profile example is in Section 7.2.2.

Simulation Method

We formulate the client simulation as follows. Let Si represent the transcript of

a counseling session involving a therapist Ti and a client Ci. The objective is

to simulate Ci by prompting an LLM. First, we extract the psychological profile

PC(Si) of Ci from Si using the LLM. The LLM is then instructed to behave like Ci

based on PC(Si). The session Si is also supplied as a reference session. The LLM

is tasked with learning the client’s speech tone and conversational style from

Si but engaging in a new session with a different therapist, as if in a parallel

universe. Prompts are shown as follows:
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Here is a patient simulation task for you: act as a real patient ([Client]) during a counseling session to assess the

psychotherapist’s ([Therapist]’s) capabilities.

CASE SYNOPSIS: problems, name, gender, age and occupation

REASONS FOR TODAY’S VISIT: {reasons for visiting}

SYMPTOMS YOU ARE EXPERIENCING: {symptoms} You must manifest all the above symptoms through

interaction.

YOUR APPEARANCE DURING ENCOUNTER: {apparent traits}

AN CONVERSATION BETWEEN THE PATIENT TO SIMULATE AND ANOTHER THERAPIST:

{reference counseling session} While the context of the previous conversation should not influence this

new session between [Therapist] and you, closely mimicking [Original Client]’s communication style, including

the tone, word choice, sentence structure, expression of feelings, symptoms or issues. You can adopt the exact

expressions/responses used by [Original Client] in the above conversation if necessary.

ADDITIONAL GUIDELINES: As a standardized patient to contribute to the assessment, adhere strictly to the

provided guidelines and embody the described personalities or characters. To simulate a real patient effectively,

you should: (1). Communicate your problems and feelings in a vague and colloquial manner. (2). Keep your

responses very short. (3). Limit the amount of information in each response to ensure you have content for future

conversations; instead, reveal details gradually through interaction. (4). If you find it’s not the right moment to

elaborate, a brief acknowledgment like ‘I see’ or ‘okay’ will suffice.

7.2.3 Client-centered Questionnaire Completion

Assessment Aspects & Questionnaires

Inspired by the work of [90], our assessment framework focuses on three key

aspects of the counseling session:

1. Session Outcome: This evaluates the immediate impact of the session on

the client’s progress toward their therapeutic goals and their perception of

the session’s overall effectiveness.

2. Therapeutic Alliance: This assesses the quality of the client-therapist re-

lationship, with a focus on the client’s level of trust and agreement with

the therapist.
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3. Self-Reported Feelings: This captures the client’s immediate emotions,

providing a subjective perspective on their feelings about themselves and

the session.

To measure these aspects, we consider four emotional dimensions: Depth, Posi-

tivity, Smoothness, and Arousal. These dimensions, particularly Depth, are closely

related to the perceived helpfulness of a session [29, 7]. Additionally, Arousal is

known to have a strong correlation with a client’s ambivalence toward change

[116, 37]. Correspondingly, we utilized five commonly used clinical psychology

questionnaires: SRS, CECS, SEQ, WAI-SR, and HAQ-II.

Completion & Assessment Results

We prompt the LLM to complete a series of questionnaires. The prompt includes

the client’s problems and reasons for seeking therapy, their apparent traits, and

a transcript of their interaction with the LLM therapist. Each questionnaire item

is presented with its rating scale and a clear explanation of what each scale value

represents. The final assessment score for each aspect is calculated based on the

relevant item scores, with higher values indicating better performance.

7.3 Experiments

In this section, ClientCAST is used to evaluate therapists implemented by dif-

ferent LLMs after the examination of its reliability.

7.3.1 Experimental Settings

Datasets Sessions are drawn from two datasets: High-Low Quality Counsel-

ing [105] and AnnoMI [151]. Both contain counseling therapy transcripts cu-
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rated from publicly available videos on platforms such as YouTube and Vimeo.

These transcripts uphold high-quality standards while protecting sensitive per-

sonal information. Each session is evaluated and labeled as either high- or low-

quality based on MI psychotherapy principles. The datasets are used in accor-

dance with the licensing and usage terms provided by their authors. These two

datasets are employed both to simulate clients and to validate the client sim-

ulation. Transcripts lacking sufficient conversational context (e.g., return vis-

its with minimal background) or those with limited dialogue (e.g., only a few

turns) are excluded. In total, 213 high-quality and 87 low-quality sessions are

included. Most conversations focus on clients’ positive behavioral changes—for

example, 21.67% address reducing alcohol consumption, 17.67% focus on weight

management, and 15.33% involve smoking cessation.

LLM Therapists Claude-3 (Haiku), GPT3.5 (GPT-3.5-turbo-0613), Mixtral 8×7B,

and Llama 3-70B are employed to implement LLM therapists. For the LLM ther-

apist implementation, a simple “system prompt,” which is designed according

to [24] and [21], is used. It is shown as follows:
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Please play the role of a psychotherapist ([Therapist]), utilizing motivational interviewing techniques, to help

patients make positive changes.

TASK: The conversation history will be provided. Acting as a real psychotherapist, you are expected to

continue the conversation by responding to a patient ([Client]).

ADDITIONAL GUIDELINES: To simulate a real psychotherapist effectively, you should: (1). Capture

[Client]’s reasons for changes/sustain, and guide [Client] towards positive changes. (2). Delve deeply into the

client’s feelings and problems, as well as causes and potential effects of the problems, including their specific

manifestations. (3). Use various motivational interviewing skills and empathetic strategies, such as affirmations

and reflection. (4). Avoid very long responses or multiple questions in one response. Through a short and concise

response, capture the client’s reactions and feelings, and adjust your responses or questions accordingly. (5).

Maintain your therapist persona while responding.

7.3.2 Reliability of Evaluation Framework

The reliability of ClientCAST should be evaluated. We compare ClientCAST’s

evaluation outcomes against human-assigned labels given therapy sessions from

the datasets.

For the reliability of ClientCAST, we mainly consider the following two as-

pects: (1) simulated clients’ performances and (2) the efficacy of assessment

by questionnaires. In addition, the following models are used to simulate the

clients: Claude-3 (Haiku), GPT3.5 (GPT-3.5-turbo-0613), Mixtral 8×7B, and Llama

3-70B.

Simulated Clients’ Performances While the LLM client simulator cannot be

guaranteed to replicate real client behavior exactly, experimental evaluations

can be conducted to assess its alignment with predefined client profiles. These

evaluations can also measure the extent to which the simulator’s verbal style

matches that of real clients. For an effective assessment, the simulated clients are
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compared with real clients in the datasets. Two modes are designed to obtain

clients’ interactions:

• Simulated Client × LLM: A LLM is used to simulate a therapist Ti in a ses-

sion Si from the dataset and interact with the simulated client. The LLM is

prompted to mirror Ti’s communication style and therapy skills, provid-

ing a reference session that rephrases Si to prevent a complete replication

of Si. Fig. 7.2 displays an example of the simulated session. An additional

example of the client’s psychological profile is provided in Fig. 7.3. In this

way, 300 simulated sessions are obtained.

• Simulated Client × Human: Real humans are recruited to interact with the

simulated clients by mimicking the skills and speech tone of therapists in

the datasets. Ten interactions are obtained in this way.

The simulated clients’ performances are analyzed based on the above in-

teractions. To examine the extent to which the simulated client behaves con-

sistently with the given psychological profile, the psychological profile PC(S′i)

extracted from S′i is compared with the original one PC(Si). The comparison

regarding problems & reasons for visiting is based on sentence similarity. How-

ever, considering the inherent similarities among texts in the same domain and

those generated by the same model, a normalized relative similarity (%) is mea-

sured, instead of the direct presentation of the absolute similarity values. The

value is computed as:

1−
similarity(random pairs)

similarity(target pairs)
, (7.1)

where the target pairs are the problems & reasons for visiting sentences of the

human client and its simulated one, and the random pairs are problems & rea-

sons for visiting of two different clients simulated by the same model. In addi-

tion, the precision of the session topic of the new session S′i is presented. Seven
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distinct topics are included in the datasets. For the comparison of symptoms

and apparent traits in PC(Si) and PC(S′i), we employed recall and F1 score. For

sessions generated using Simulated Clients × Human, human annotators were

asked to extract the psychological profiles and perform comparative analyses.

The results are summarized in Table 7.2. Values in subtables (a) and (b) repre-

sent averages computed over 300 and 10 sessions, respectively. Higher values

correspond to greater alignment of the simulated client’s behavior with the orig-

inal psychological profile. Regarding sentence similarity, we report the absolute

similarity scores for (the target pairs / the randomly selected pairs) for reference. The

following observations can be made:

• The performances of simulated clients are determined significantly by the

underlying LLM. Stronger LLMs tend to achieve higher scores. Clients

simulated by Claude-3 and Llama 3-70B perform better, as they achieve

higher scores across most metrics.

• Simulated clients perform better at presenting problems & reasons for vis-

iting and symptoms, but they are less effective at displaying the assigned

apparent traits. The metric values for problems & reasons for visiting are

generally high, except for clients simulated by Mixtral 8×7B, which con-

sistently achieve the worst performance. The accuracy of session topic

identification is not absolute because a single session may address mul-

tiple topics, which can lead the simulated session to emphasize a topic

different from that of the original. Since the main topic is determined by

the therapist, this difference should not be interpreted as a flaw in the

simulated client. Moreover, the recall and F1 scores for the 61 symptom

labels remain comparatively high. However, the scores for apparent traits

across 3 to 5 classes are comparatively lower. One possible explanation
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is that LLM therapists do not behave the same way as human therapists,

and apparent traits can be easily influenced by the behavior of the other

interlocutor [163]. This is evident from the fact that, for the same 10 sim-

ulated clients in the Simulated Client× LLM interactions, the recall and

F1 scores decreased by 1.2%∼ 27% compared to the values in Table 7.2

(b). Furthermore, as depicted in Table 7.1 (R and F1 represent the Recall

and F1 scores, respectively), apparent traits such as openness, emotional

fluctuations, and resistance toward the therapist in new sessions are less

consistent with the psychological profiles than other apparent traits. The

finding that the simulated clients’ neuroticism remains consistent is not

surprising, but rather logical. Neuroticism is a personality trait character-

ized by emotional instability, anxiety, and a higher tendency to experience

negative emotions. It’s considered a stable disposition rather than a tem-

porary state. The consistency of this trait in the simulated clients is likely

because a client’s psychological profile and their symptoms (such as anxi-

ety and depression) are direct reflections of their underlying neuroticism.

When a model is given a detailed profile, it receives a clear blueprint of

the client’s neurotic tendencies, which it can then consistently reproduce

across new sessions

By further error analysis, we have the following findings:

• GPT-3.5–simulated clients generally exhibit greater resilience, whereas those

simulated by Llama 3-70B appear less engaged. Prior work has noted that

different LLMs may show biases toward particular personality traits [60].

We investigate instances of inconsistent simulated clients, i.e., cases where

the traits observed in S′i differ from those in Si, and examine the impact

of LLM choice on these apparent traits. Specifically, we calculate the pro-
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portion of inconsistent clients whose exhibited traits in S′i surpass those

in Si, as illustrated in Fig. 7.4 (Fluctuations: Emotion Fluctuations; Un-

willingness: Unwillingness to express emotions; Resistance: Resistance

toward the Therapist). If LLMs had no bias toward certain traits, this pro-

portion would be around 50%. Our findings suggest that Mixtral 8×7B

and GPT-3.5–simulated clients are more resilient, whereas Claude-3 and

Llama 3-70B–simulated clients tend to be more sensitive. Additionally,

clients generated by Llama 3-70B appear comparatively less enthusiastic.

These model-specific tendencies can be exploited to simulate diverse client

profiles.

• Symptoms expressed in general terms are more straightforward for LLMs

to simulate. Error analysis indicates that broadly described symptoms,

such as “feeling nervous, anxious, or on edge,” are easier to reproduce than

highly specific ones, like “feeling afraid of open spaces, of driving, or being

on buses, subways, and so forth.” Importantly, broadly described symptoms

can be generated even when absent from the client’s psychological pro-

file. These additional symptoms do not introduce client inconsistency, al-

though they may affect symptom F1 scores reported in Table 7.2. Further-

more, the effectiveness of symptom simulation does not show a clear de-

pendency on symptom category; for example, the success rates for simu-

lating social-role–related symptoms and depression-related symptoms are

comparable.

To compare the verbal style similarity of simulated and real clients, the aver-

aged response lengths and session turns1 between the Si and S′i are presented as

features of verbal style. We calculate the vocabulary overlap rate and Language

1Since the end of the session is jointly determined by the client and therapist, we consider it
to be when the client starts repeating the same response, such as “thank you.”
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Model
Big Five

Fluctuations Unwillingness Resistance
Openness

Conscien
-tiousness

Extroversion Agreeableness Neuroticism

R F1 R F1 R F1 R F1 R F1 R F1 R F1 R F1
Claude-3 0.64 0.66 0.78 0.78 0.74 0.73 0.82 0.82 0.81 0.80 0.44 0.49 0.61 0.61 0.70 0.71
GPT-3.5 0.55 0.55 0.64 0.64 0.59 0.59 0.52 0.48 0.67 0.68 0.79 0.82 0.55 0.59 0.46 0.46

Llama 3-70B 0.89 0.88 0.79 0.79 0.78 0.76 0.80 0.80 0.77 0.77 0.70 0.70 0.71 0.71 0.82 0.81
Mixtral 8×7B 0.41 0.46 0.64 0.65 0.77 0.76 0.55 0.52 0.87 0.89 0.48 0.48 0.51 0.52 0.42 0.34

Table 7.1: Consistency of simulated clients’ apparent trait in new counseling
sessions given specific psychological profiles.

Problems & Reasons for Visiting Symptoms Apparent Traits
Model

Problems Similarity Reason Similarity
Session Topic

Precision
Recall F1 Recall F1

(a) Simulated Client × LLM Therapist & Automatic Evaluation
Claude-3 73.02% (0.72/0.19) 70.98% (0.74/0.22) 0.90 0.77 0.69 0.71 0.72
GPT-3.5 64.25% (0.64/0.23) 65.57% (0.67/0.23) 0.92 0.84 0.90 0.59 0.60

Llama 3-70B 72.71% (0.72/0.20) 68.02% (0.77/0.25) 0.94 0.86 0.85 0.78 0.78
Mixtral 8×7B 58.32% (0.74/0.31) 33.84% (0.81/0.54) 0.85 0.68 0.74 0.58 0.57

(b) Simulated Client × Human Therapist & Human Rating
Claude-3 - - 1.00 0.93 0.78 0.84 0.83
GPT-3.5 - - 1.00 0.98 0.98 0.62 0.67

Llama 3-70B - - 1.00 0.98 0.95 0.82 0.81
Mixtral 8×7B - - 1.00 0.93 0.86 0.79 0.83

Table 7.2: ClientCAST: Evaluation of simulated clients.

Style Matching (LSM) between the simulated and human clients’ responses,

aiming to compare the language styles. The word overlap between client re-

sponses in Si and S′i is computed by:

VC(Si) ∩VC(S′i)
min(|VC(Si)|, |VC(S′i)|)

, (7.2)

where VC(·) denotes the vocabulary the client used in the session.

To validate that a simulated client’s language style is more dependent on

their psychological profile and reference sessions than on the underlying LLM,

we computed the Linguistic Style Matching (LSM) scores using the method-

ology from [15]. The results, presented in Table 7.3, show two LSM values

for each case: the LSM between a simulated client and a human client, and

the LSM between two different clients simulated by the same LLM. A larger

LSM value indicates a more similar language style between the pair. Bold val-

ues in the table highlight the highest similarity to human clients. Importantly,
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underlined LSM pairs indicate that the former LSM is statistically significantly larger

than the latter (p < 0.05). These findings, combined with the fact that acceptable

LSM values in conversations typically range from 0.83 to 0.94 [102], strongly

support our conclusion.

Model #len. response #turn vocab overlap LSM
(a) Simulated Client × LLM Therapist

Claude-3 72.84 66.52 38.83% 0.89/0.88
GPT-3.5 7.51 43.91 29.72% 0.80/0.74

Llama 3-70B 11.87 54.77 45.44% 0.89/0.82
Mixtral 8×7B 37.80 63.12 29.22% 0.81/0.85

Human 22.61 53.87 - - /0.85
(b) Simulated Client × Human Therapist

Claude-3 51.17 35.60 22.78% 1.00/0.86
GPT-3.5 10.44 28.60 38.50% 0.90/0.83

Llama 3-70B 18.81 36.60 56.66% 0.92/0.85
Mixtral 8×7B 47.42 52.60 25.66% 0.93/0.91

Human 12.80 41.40 - - /0.86

Table 7.3: ClientCAST: Statistics of simulated clients’ verbal styles.

From the results, we make the following observations:

• Language Style Variation: We observe that clients simulated by different

LLMs exhibit distinct language styles. For instance, Claude-3 tends to gen-

erate longer responses, while GPT-3.5 produces shorter ones.

• Style Mimicry: Simulated clients effectively mimic human clients’ lan-

guage styles, with the exception of those simulated by Mixtral 8×7B. We

found that the Linguistic Style Matching (LSM) between simulated and

human clients is generally and statistically significantly higher than the

LSM between two different clients simulated by the same LLM. This sug-

gests that the language style of the simulated clients is more dependent

on the provided psychological profiles and reference sessions than on the

underlying LLMs.
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Efficacy of Assessment by Questionnaires For each session Si in the datasets,

the simulated client with psychological profile PC(Si) will complete question-

naires based on Si. Then, the assessment of high- and low-quality sessions ac-

cording to the completed questionnaire is compared, as presented in Fig. 7.5.

The findings are as follows:

• High- and low-quality sessions can be clearly distinguished based on ses-

sion outcomes and therapeutic alliance, especially when the underlying

models are Claude-3 or Llama 3-70B. However, outliers exist where clients

show a severe lack of motivation or a desire for immediate solutions, mak-

ing it inherently challenging for therapists to engage them [125, 4]. This

can lead to low scores for these sessions, regardless of the therapist’s per-

formance.

• Positivity and arousal scores do not effectively distinguish between high-

and low-quality sessions. This is a reasonable finding that reflects the na-

ture of therapy. Arousal is often linked to a client’s ambivalence to change

[116, 37], which typically manifests in the later stages of therapy. As most

of the sessions in our dataset are from the early to middle stages, arousal

scores remain low, even in high-quality sessions. Similarly, client posi-

tivity and smoothness can be influenced by the therapist’s strategy. For

example, a client may exhibit less positivity in an exploratory session com-

pared to a more positive, perspective-oriented session [90]. It is important

to note that low scores for positivity and smoothness in high-quality ses-

sions are less likely to indicate dissatisfaction compared to low scores in

low-quality sessions.

To support the second finding, a Linguistic Inquiry and Word Count (LIWC)

analysis of the LLM-generated explanations for self-reported feelings was con-
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ducted, as presented in Table 7.4. With the exception of the values in italics,

the values for high- and low-quality sessions differ statistically significantly

(p < 0.01). A higher value indicates a more pronounced level of the respec-

tive tone or emotion. Our analysis reveals that explanations for self-reported

feelings differ significantly between high- and low-quality counseling sessions.

The simulated clients in high-quality sessions tend to use a more positive tone

when describing their feelings, and their negative emotions are primarily char-

acterized by anxiety related to their problems. Conversely, clients in low-quality

sessions exhibit more anger and frequently express dissatisfaction with their

therapists or the sessions themselves.

Word
Attribute

Claude-3 GPT-3.5 Llama 3-70B Mixtral 8×7B
High Low High Low High Low High Low

Pos Tone 5.62 3.34 5.52 3.84 5.38 3.47 4.81 2.98
Neg Tone 3.84 4.93 3.77 5.86 3.66 5.76 3.12 4.41
Pos Emo 1.58 0.99 2.04 1.51 2.25 1.61 1.83 1.08
Neg Emo 2.85 3.30 2.60 4.01 2.84 4.81 2.56 3.41
Anxiety 1.76 1.10 1.67 1.77 1.83 1.52 1.82 2.12
Anger 0.24 0.67 0.24 0.68 0.41 2.10 0.14 0.33
Sadness 0.28 0.37 0.21 0.34 0.13 0.27 0.20 0.28

Table 7.4: ClientCAST: LIWC analysis of explanations for self-reported feelings.

According to the above results and analyses, we have decided to use GPT-

3.5 and Llama 3-70B to simulate resilient and sensitive clients, respectively,

within the ClientCAST framework.

7.3.3 Evaluation

We employ ClientCAST to evaluate LLM-based therapists, as depicted in Fig. 7.1.

The assessment results are presented in Fig. 7.6. For context, the evaluation

incorporates both high- and low-quality human-human counseling sessions.

We perform significance tests comparing scores from sessions where simulated

clients adopt psychological profiles derived from high- versus low-quality ses-
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sions. All resulting p-values equal 1.00, suggesting that the origin of the client’s

psychological profile does not affect the assessment outcomes. Here are the

findings from the results:

1. The performance of LLM therapists is significantly influenced by the un-

derlying LLM. Generally, more powerful LLMs achieve higher and more

stable scores.

2. LLM therapists can foster strong connections with clients. They achieve

comparable scores in terms of therapeutic alliance. Additionally, their ses-

sion outcome scores are high but slightly lower than those of human ther-

apists in high-quality sessions.

3. LLM therapists are disadvantaged in reacting to clients’ emotions. The

self-reported feelings scores, especially regarding positivity and smooth-

ness, are lower than those of human therapists in high-quality sessions,

despite being higher than those in low-quality sessions. In addition to

the inherent difficulty of always maintaining high positivity and smooth-

ness during effective therapy [42, 90], LLM therapists also struggle to re-

act effectively to clients’ emotions. LIWC analysis (Table 7.5) shows that

LLMs’ responses focus significantly more on emotions, particularly posi-

tive ones, compared to human therapists. In LLM therapist responses, the

frequency of emotion-related words is 1.27∼2.16 times that in human ther-

apist responses. Notably, LLM therapists may inappropriately and exces-

sively employ responses such as “It is understandable...” or “That is really

tough...” Instead, human therapists, especially in high-quality sessions,

prefer helping clients explore their negative feelings, such as anxiety; they

use terms such as “what” and “if” more frequently.
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Word
Attribute

Claude-3 GPT-3.5
Llama 3

-70B
Mixtral

8×7B
High Low

Affect 7.45 8.91 6.68 10.38 4.74 4.58
Emotion 2.51 2.35 2.74 4.00 1.85 1.17
Pos Emotion 1.55 1.71 1.62 3.45 1.16 0.58
Neg Emotion 0.83 0.54 0.90 0.46 0.56 0.47
Tentative 2.42 2.61 2.56 2.45 4.01 3.19
Differentiation 3.10 2.00 2.81 2.06 3.37 3.62
Impersonal
Pronouns

6.69 6.72 8.04 4.86 8.80 7.45

Table 7.5: ClientCAST: LIWC analysis of therapist responses.

7.3.4 Further Analyses

Model #len. response #turn vocab overlap
LSM

high/low/self
Claude-3 83.03 61.91 21.60% 0.85/0.83/0.88
GPT-3.5 58.38 61.25 22.27% 0.80/0.78/0.83

Llama 3-70B 48.73 62.73 23.34% 0.85/0.81/0.84
Mixtral 8×7B 71.90 62.76 20.46% 0.81/0.79/0.88

High 25.15 65.42 - - /0.85/0.87
Low 28.25 38.43 - - /0.85/0.84

Table 7.6: ClientCAST: Statistics of LLM therapists’ verbal style.

Table 7.6 presents LLM therapists’ verbal styles. High/Low represents hu-

man therapists in the high/low-quality sessions. Bold values indicate most

similarity to human therapists in high-quality sessions. The analysis includes

the LSM between LLM therapists and human therapists in high- and low-quality

sessions, as well as the LSM between therapists implemented by the same LLM.

Compared to human therapists, LLM therapists tend to generate longer utter-

ances. The language styles of different therapists implemented by the same

LLM are more similar to each other than to those of human therapists. This

is likely because we did not instruct the LLMs to mimic the styles of human

therapists.
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7.4 Conclusion

This chapter focuses on automatically evaluating the engagement of therapy

counseling at an interaction level. Specifically, we involve clients in the assess-

ment by leveraging LLMs to simulate clients solving ethical and technical chal-

lenges. Simulated clients are used to interact with LLM therapists and complete

questionnaires about the interactions. Subsequently, the client-centered evalua-

tion is obtained from the responses to the completed questionnaires. Our exper-

iments show that LLMs are generally capable of simulating clients, albeit not

perfectly, and can differentiate between high- and low-quality therapy sessions

by completing client-centered questionnaires. Using ClientCAST, we evaluate

multiple therapists built on different LLM architectures.

In the short term, we acknowledge that LLMs face challenges in achieving

perfect human behavior simulation and high levels of trust. However, as argued

by [157], imperfect LLM simulations can still provide a useful and cost-effective

method for exploring specific tasks, avoiding the high expenses associated with

human-in-the-loop experiments. In this work, we use LLM-simulated clients

to evaluate LLM therapists. This approach is not based on the assumption that

LLMs are better at simulating clients than therapists. Instead, we believe this

method provides a scalable environment for LLMs to demonstrate their capa-

bilities and limitations as therapists. Furthermore, this client-centered assess-

ment offers a valuable direction for future analysis of both LLM and human-led

therapy.

We plan to leverage this conversation-level engagement framework to en-

hance emotional support conversations. To improve engagement at the conver-

sation level, we’ll use a user simulator. The simulator’s psychological states will

serve as a reward signal to guide our model. These states will include both long-
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term personality traits and short-term feelings. Our next step is to train the user

simulator to learn this information directly from conversations, enabling per-

sonalization and further improvements in engagement.
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Figure 7.2: ClientCAST: A piece of an interaction between Llama 3-70B, simu-
lated client, and therapist.

Figure 7.3: ClientCAST: A simulated client × LLM therapist interaction.
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Figure 7.4: ClientCAST: The proportion of inconsistent simulated clients who
exhibit a higher level of apparent traits.
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Figure 7.5: ClientCAST: Session outcome, therapeutic alliance and self-reported
feelings scores of high- and low-quality sessions.
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Figure 7.6: ClientCAST: LLM therapist assessments on session outcome, thera-
peutic alliance, and self-reported feelings.



Chapter 8

Conclusion and Future Research

In recent years, emotionally intelligent conversational agents have been increas-

ingly integrated into various applications, including AI assistants like XiaoAI

and XiaoICE, as well as emotional companion chatbots like Emohaa. The de-

mand for such chatbots continues to grow, particularly in the context of mental

health support. According to the World Health Organization (WHO), depres-

sion is a significant global health issue, affecting an estimated 3.8% of the global

population. This includes 5% of adults (4% of men and 6% of women), with

prevalence rising to 5.7% among adults over 60 years old [150]. In total, ap-

proximately 280 million people worldwide are living with depression. Given

this growing mental health burden, users have increasingly turned to AI-driven

conversational agents for psychological support. Notably, some individuals

have prompted large language models (LLMs) like ChatGPT to act as their psy-

chotherapists [1]. Therefore, it is essential to equip conversational agents with

emotional intelligence to support users and provide companionship for their

mental health.

This thesis provides a comprehensive examination of the development of

emotionally intelligent conversational agents, focusing on how these models

can be designed to better understand, support, and engage users. We would

like to investigate this topic from a user-centered perspective. To achieve this,
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the research focuses on three fundamental themes that define the effectiveness

of emotionally intelligent conversational agents: (1) Empathetic Understand-

ing: A core challenge in developing emotionally intelligent agents is enabling

models to comprehend not only the emotions expressed by users but also the

underlying experiences that trigger these emotions. Emotional intelligence goes

beyond sentiment analysis; it requires a deep understanding of the context, user

history, and situational factors that contribute to emotional states. (2) Reliable

Responding: For a chatbot to be truly supportive, it must generate responses

that are not only satisfying to almost all users but also reliable and safe. One

of the major concerns in conversational agents is the potential for generating

misleading, insensitive, or even harmful outputs, especially when dealing with

users in distress. This research investigates strategies to improve response re-

liability, including user preference alignment and the mitigation of unhelpful

outputs. (3) Engaging Interaction: Beyond understanding emotions and ensur-

ing reliability, effective emotionally intelligent chatbots must foster genuinely

engaging interactions that encourage users to feel heard, supported, and con-

nected. Engagement is not just about responsiveness; it involves creating mean-

ingful and effective interactions overall. We have discussed work related to each

theme in the above chapters.

In Part I, we explored empathetic understanding. Emotional causalities were

taken into account to enhance the models’ comprehension of users. Specifically,

two methods were proposed to implement this idea. In the first approach, we

demonstrated the effectiveness of incorporating emotional causalities in under-

standing users. Based on the conversational context, multi-hop paths from an

external causal knowledge base were extracted and integrated into the response

generation process in a graph format. To equip the agent with reasoning capa-
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bilities and empathetic understanding, another method was introduced. We

enhanced the response generation model by incorporating a conditional varia-

tional graph auto-encoder (CVGAE) architecture, which generates a graph rep-

resenting the emotional causalities present in the context. The causal knowledge

embedded in this graph was then utilized in the response generation process,

further enhancing the model’s empathic capabilities.

In Part II, the problem of reliable response generation is investigated. On

the one hand, we aligned the conversational agent with universal individual

preferences to maximize user satisfaction. This approach aims to best accom-

modate each individual, thereby reducing the likelihood of user dissatisfaction.

A Bayesian approach was used to learn universal preferences from a dataset la-

beled by a limited number of annotators to capture universal preferences. On

the other hand, we proposed Muffin, a method designed to mitigate unhelpful

responses, which could otherwise hinder the effectiveness of emotional sup-

port. Such unhelpful responses were identified through multi-faceted AI feed-

back. The conversational agent was then trained to reduce the likelihood of

generating unhelpful responses.

In Part III, we explored engaging interaction in emotionally intelligent con-

versational agents. We proposed an evaluation framework to assess the overall

performance of AI therapists in counseling conversations. This framework pri-

oritized clients’ experiences by introducing evaluation metrics based on their

feelings and interactions. Specifically, LLMs were prompted to simulate clients,

providing them with specific contextual information. These simulated clients

interacted with AI therapists and completed questionnaires about their conver-

sations. The assessments were then derived from the questionnaire results.

Overall, we are incredibly enthusiastic about the advancements in this field
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over the past five years and appreciative of the chance to contribute. How-

ever, we firmly believe that achieving true human-level emotional intelligence

remains a distant goal. Significant challenges persist, and there are still many

promising directions for further research and exploration. One significant chal-

lenge is the absence of a standardized framework for defining and measuring

emotional intelligence. Unlike mathematical reasoning, which often leads to

a single correct answer, emotional intelligence is more nuanced and context-

dependent. While there are clear examples of strong emotional intelligence

in practice, analyzing or comparing such performances remains challenging.

Moreover, evaluating emotional intelligence based on a single response or a

limited set of interactions may fail to capture its full complexity in real-world

scenarios. Therefore, these nuances should be carefully considered in model de-

velopment. Moving forward, addressing these challenges will be essential. Ad-

ditionally, we hope to inspire more researchers to explore industry applications

for diverse populations, particularly in supporting the elderly and teenagers.

Given the advantage of LLMs, we could incorporate previous methods with

current LLMs for a more holistic approach to emotional intelligence. This could

involve integrating established psychological theories and empathy models with

LLM capabilities. For example, we could design systems that use emotional

causality to understand users, providing a more interpretable form of emotional

intelligence. This approach would allow us to trace a user’s emotional state

back to specific triggers or events in the conversation, offering a level of trans-

parency that’s lacking in many black-box models. Furthermore, we can use a

reward signal to select better responses, moving beyond simple metrics to re-

inforce behaviors that lead to genuine emotional support. This would involve

training models to prioritize replies that are not only empathetic but also help-
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ful and appropriate for the context. Finally, we can use a user simulator as a

virtual environment to refine responses before they’re delivered. This simulator

could maintain a user’s profile or long-term persona, allowing the model to test

different conversational strategies and select the most effective response based

on a more comprehensive understanding of the user.
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