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Abstract

Generating emotionally appropriate responses
in conversations with large language models
presents a significant challenge due to the com-
plexities of human emotions and cognitive pro-
cesses, which remain largely underexplored in
their critical role in social interactions. In this
study, we introduce a two-stage automatic data
generation framework to create CAPE, a Chi-
nese dataset named Cognitive Appraisal theory-
based Emotional corpus. This corpus facilitates
the generation of dialogues with contextually
appropriate emotional responses by account-
ing for diverse personal and situational factors.
We propose two tasks utilizing this dataset:
emotion prediction and next utterance predic-
tion. Both automated and human evaluations
demonstrate that agents trained on our dataset
can deliver responses that are more aligned
with human emotional expressions. Our study
shows the potential for advancing emotional
expression in conversational agents, paving the
way for more nuanced and meaningful human-
computer interactions.

1 Introduction

Emotion is a crucial aspect of human-computer in-
teraction (Brave and Nass, 2007), especially with
large language models (LLMs) (Ratican and Hut-
son, 2023; Sabour et al., 2024), as generating
suitable emotional responses is essential for mak-
ing communications natural and machines more
human-like (Hortensius et al., 2018; Li et al., 2022;
Kang et al., 2024; Sun et al., 2024). Expressing
human-like emotions is challenging for machines,
as it involves a complex psychological process
that requires considering personal traits, situational
influences, and an individual’s evaluation of the
current scenario(Masters, 1991; Greenaway et al.,
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situation: the two meet at the community library. The second
person is sad over a recent breakup.

O 4 I know this is hard for you. Don't blame yourself. It is not

-n. your fault.

(Sadness) Yeah, but I'm just totally lost right now,
and [ really don't know if there's anything else to
look forward to.

f% Target

(Hope) Thank you...I'll keep trying because your
support means so much to me.

1 get it—breakups feel like trauma. But
those books remind us of the good times. How ‘@ Llama3
about we swap books to get through this? Chinese

Figure 1: An example of an emotion generation conver-
sation with the analysis on the results of LLMs.

2018; Winberg et al., 2014). Furthermore, emotion
does not exist as a single entity but is generated as
a collection of subjective experience and behavior
(Gross and Feldman Barrett, 2011).

Existing LLMs may fall short of capturing the
nuances of human emotions, making their inter-
actions seem impersonal or inadequate. For in-
stance, in Figure 1, we present an example conver-
sation that showcased each speaker’s background
and utterance. As we can see, GPT-4 (OpenAl
et al., 2024) and Llama3-8B-Chinese (Wang et al.,
2024) might generate responses that, although con-
textually relevant, fail to align with the emotional
tone required in the given setting. This inadequacy
stems from a lack of depth in understanding and
simulating the complex process of human emotion
generation. Furthermore, existing studies have pri-
marily concentrated on English, despite the pivotal
role of language in conveying emotions (Lindquist,
2017). Research on emotional expression in other
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languages and cultures has received limited atten-
tion in comparison.

To address this gap in emotional understand-
ing, we turn to Cognitive Appraisal Theory (CAT)
(Lazarus, 1991), a psychological framework that
comprehensively explains how emotions are gener-
ated through the appraisal of external stimuli. At
the core of CAT is the concept of appraisal, which
describes how individuals evaluate external stimuli,
thereby eliciting emotional responses. This pro-
cess underscores the dynamic role of interpretation
in shaping emotions—such as when encountering
an animal that a person believes may hurt him or
her, the person might immediately appraise it as a
threat, triggering fear.

Building on CAT, we introduce CAT-BEAR: a
Cognitive Appraisal Theory Based Emotionally
Appropriate Response framework designed to en-
hance LLMs’ ability to express emotions accu-
rately. CAT-BEAR comprises three main compo-
nents: 1) intra-individual factors, including per-
sonal factors and situational construal; 2) the ap-
praisal process, which involves evaluating external
stimuli based on these factors and the conversa-
tion history; and 3) appraisal outcomes, which
are the resulting emotions and action tendencies.
This structured approach ensures broad applicabil-
ity across individuals with diverse intra-individual
factors and different contexts, integrating emotions
and actions into the ongoing conversation history.
Given the importance of cultural context in emo-
tional expression, our study specifically focuses
on the use of Chinese, allowing us to tailor the
dialogues to align with the nuances of Chinese lan-
guage and culture.

Using the CAT-BEAR framework, we generate
a dataset of multi-turn dialogues between two indi-
viduals, each assigned a unique personality, goal,
and situational construal. GPT-4-turbo generates
relevant beliefs and knowledge to enrich each per-
son’s profile. Using this background, it sequentially
produces individual emotion labels and utterances
according to appraisal process guidelines. This
automatic data synthetic framework yields CAPE
(Cognitive Appraisal theory-based Emotional cor-
pus), a dataset of 2,848 multi-turn dialogues cov-
ering 15 distinct emotions. The raw dataset un-
dergoes a thorough cleaning and rigorous human
evaluation. We utilize evaluation metrics from re-
lated studies—label correctness, emotion-utterance
alignment, emotion-context alignment, intensity,
coherence, and fluency—and enlist three raters

to assess data quality. This process ensures ac-
curacy in emotion labeling, contextual coherence,
and overall conversational fluency.

The practical use of dataset CAPE is shown
through the creation of a fine-tuned model that
can engage in new dialogues while effectively ex-
pressing human-like emotions. We test the model’s
performance through two tasks: predicting the next
speaker’s emotion label and their utterance in a di-
alogue. For the first task, we evaluate how well the
predicted emotion labels match the actual labels.
Since traditional metrics, like exact-match, treat
emotions as separate categories and ignore their
nuanced nature, we include emotional distance as
an additional metric to capture subtle similarities
more effectively. In the second task, we compare
how closely the utterances generated by our model
align with the ground truth. Through these two
tasks, we show that our dataset enables the model
to effectively capture and convey nuanced human
emotions in dialogues. In summary, our study of-
fers the following contributions:

* We propose CAT-BEAR, an automatic data gen-
eration framework based on cognitive appraisal
theory that addresses the challenge of aligning
generated emotions with human-like emotions in
dialogues.

* We then construct an emotional dialogue dataset,
CAPE, with rigorous quality control and human
evaluation to ensure accurate emotion labels and
contextually appropriate utterances.

* We design two evaluation tasks: predicting the
next speaker’s emotion label and generating an
appropriate emotional response. Our model fine-
tuned on CAPE significantly outperforms state-
of-the-art models in both tasks. We believe our
framework advances research on CAT-theory-
driven dialog systems for more human-like emo-
tional responses.

2 Related works

Most related studies focus on three topics: tex-
tual emotion recognition in conversation, emotional
support conversation, and emotion generation.

2.1 Textual Emotion Recognition

Textual emotion recognition (TER) involves the au-
tomatic identification of emotions within text and
has emerged as a key area of focus in natural lan-
guage processing due to its significant academic
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and commercial implications. TER requires in-
depth analysis and ongoing optimization of method-
ologies for accurate emotion prediction (Deng and
Ren, 2021). Moreover, the complexity of this topic
grows from sentence level to document level, as
emotions may be conveyed through subtle mean-
ings, metaphors, sarcasm, and irony (Alswaidan
and Menai, 2020). Researchers have applied LLMs
to recognize emotions from online posts (Liu et al.,
2024b; Yang et al., 2023), TV series (Zhang et al.,
2024b; Peng et al., 2024), daily conversations (Fu,
2024), and domain-specific dialogues (Xing, 2024).
To improve the accuracy of emotion recognition,
many studies have begun to utilize multi-modal in-
puts, such as text, audio, and video (Zhang et al.,
2023; Lei et al., 2023; Gan et al., 2023; Cheng et al.,
2024). Despite these advances, there is still room
to explore how LLMs can authentically convey
emotions for more human-like expressions. Our
work addresses this challenge by using cognitive
appraisal theory for emotion generation, provid-
ing a novel approach to enhancing human-LLM
interactions.

2.2 Emotional Support Conversation

Emotional Support Conversation (ESC) aims to of-
fer support to individuals dealing with emotional
concerns through social interactions, emphasizing
both conversational skills and counseling strate-
gies (Liu et al., 2021). Researchers have employed
LLMs to alleviate emotional problems (Zheng
et al., 2023) or elicit positive emotions (Zhou et al.,
2023b). Recent studies highlight the importance
of individual factors in formulating empathetic re-
sponses that better align with people’s needs. Re-
searchers took help-seekers’ persona (Cheng et al.,
2022) and situational information (Sabour et al.,
2022) into consideration to offer help across dif-
ferent populations. Furthermore, there have been
studies analyzing users’ cognition and affection
(Zhou et al., 2022) or exploring emotion’s cause
(Yang et al., 2024) to provide more appropriate
empathetic responses. Current research on ESC
emphasizes formulating empathetic responses but
focuses mainly on understanding users’ emotional
states rather than enabling LLMs to express human-
like emotions.

2.3 Emotional Utterance Generation

Studies on emotional utterance generation aim at
aligning general human affective responses. Some
promising studies adapted related psychological

theories to let LLMs generate emotions. For ex-
ample, Li (Li et al., 2024) proposed ECoT that
enhances LLMs’ emotional intelligence by incor-
porating Goleman’s Emotional Intelligence The-
ory (Goleman, 2020). Moreover, Croissant et al.
(2024) considered both appraisal and memory sys-
tems to simulate affective outputs. While these
studies demonstrate the effectiveness of their meth-
ods, they face limitations when adapted to real-life
conditions across diverse populations: either intra-
individual factors are not considered, or the context
is confined to gaming scenarios.

3 Method

3.1 Definitions

In Cognitive Appraisal Theory, intra-individual fac-
tors shape appraisal outcomes through the appraisal
process. These intra-individual factors include situ-
ational construal and personal characteristics such
as personality, goals, beliefs, and knowledge. Ap-
praisal outcomes, in turn, represent the results gen-
erated from this appraisal process. Below, we de-
fine each of these concepts in detail:

* Situational Construal refers to individuals’ rep-
resentation of situations or their perception of
situational variables (Funder, 2016). Unlike the
objective situation, situational construal is more
subjective and interacts directly with personal
factors. To cover as many conditions as possi-
ble, we use the 89 different situational construals
from the Riverside Situational Q-sort (Funder,
2016). The completed list of all 89 situational
construals can be found in Appendix A.1.

e Personal Factors. (1) Personality are used from
the 32 personalities defined in the Big Five per-
sonality traits (Roccas et al., 2002). (2) Goals are
orientations toward specific pursuits and fall into
two main types: achievement goals and affilia-
tion goals. Achievement goals focus on success
and the effort needed for performance (Elliott and
Dweck, 1988), while affiliation goals drive the
desire for social contact, prompting individuals
to seek emotional support, attention, and positive
reinforcement (Hill, 1987). (3) Beliefs are what
is normatively acceptable, feasible, and legiti-
mate and can lead to various emotions (Lazarus,
1991). It can be divided into empirical (to be-
lieve objects or perceived value), relational (to
believe someone), and conceptual (to believe in
narratives) beliefs (Seitz and Angel, 2020). (4)
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Appraisal Outcomes

Figure 2: Overview of CAT-BEAR. It contains two stages: (1) AA and BB are initially assigned specific personalities,
goals, and situational construal, which are used to generate their beliefs and knowledge (2) the appraisal process,
where individuals evaluate the interaction across six dimensions (unpleasantness, control, responsibility, certainty,
effort, and attention) to generate emotions and utterances.

Knowledge refers to the understanding of poten-
tial harms or benefits (Lazarus, 1991). It can
significantly influence how an encounter is ap-
praised as beneficial or not, thereby leading to
different emotions.

* Appraisal Outcomes includes both emotion and
corresponding behavior (i.e., utterances in the di-
alogue). We employ the 15 emotions from Smith
and Ellsworth’s study (Smith and Ellsworth,
1985): happiness, sadness, anger, boredom, chal-
lenge, hope, fear, interest, contempt, disgust, frus-
tration, surprise, pride, shame, and guilt.

3.2 Data-generative Framework

In this part, we present the data-generative frame-
work CAT-BEAR for simulating dialogue between
two individuals. As depicted in Figure 2, the frame-
work unfolds in two stages.

First Stage: generating beliefs and knowledge
based on Personality, Goals, and Situation. In
this stage, each speaker is assigned a unique person-
ality and set of goals. For example, AA is defined
as "cautious, efficient, outgoing, friendly, and sen-
sitive", with low achievement and high affiliation
goals. Conversely, BB is "inventive, critical, and re-
silient", with high achievement and low affiliation
goals. The pre-defined situational context—such

as "a casual walk in the park and a discussion about
popular movies"—is then enriched with these per-
sonality traits and goals, providing a more detailed
background for the dialogue. Using these attributes,
we further prompt GPT-4-turbo-0409 to generate
personalized beliefs and knowledge for each in-
dividual, as belief and knowledge generation are
influenced by an individual’s unique characteris-
tics in specific contexts (Lazarus, 1991). The de-
tailed prompt of belief and knowledge generation
is listed in Appendix A.2. For instance, AA’s be-
lief that “friends should share their true feelings”
aligns with a high affiliation goal and the context
of reflecting on shared experiences.

Second Stage: simulating appraisal process to
generate emotion label and utterance. In this
stage, we model the appraisal process, where each
speaker assesses their experience based on six di-
mensions: unpleasantness, control, responsibil-
ity, certainty, effort, and attention. By analyzing
these dimensions alongside the dialogue history
and predefined intra-individual factors, we design
a targeted prompt for GPT-4-turbo to predict the
speaker’s emotion. The model sequentially cate-
gorizes the degree of each dimension—beginning
with unpleasantness, followed by expected effort,
attention, uncertainty, control, and responsibil-
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ity—to identify the most probable emotion label
and the corresponding emotion-aligned utterance.
Detailed prompts describing this appraisal process
are provided in the Appendix A.3. For example,
as illustrated in the bottom right of Figure 2, BB’s
appraisal, marked by high unpleasantness and low
scores on other dimensions, suggests an emotion of
"boredom" and an utterance expressing disinterest
in the movie, aligning with BB’s personal factors,
situational understanding, and dialogue history.

3.3 Data Quality Control

Manual Dialogue Refinement. To improve data
quality, we recruited three native Chinese-speaking
workers, all of whom are university students or
graduates, to meticulously review and refine di-
alogues generated by LLMs. Each worker care-
fully read the instructions and completed trial an-
notations before beginning the task. The manual
filtering process involved: (1) cleaning emotion
labels by removing irrelevant ones and aligning
labels with the settings, and (2) refining utterances
to match emotion labels and modifying phrasing
for colloquial language and authentic Chinese con-
versational tone. For cost reasons, each dialogue
was assigned to a single worker, and we randomly
selected subsets for quality checks, comparing raw
and refined versions.

Data Quality Evaluation. We recruited six ad-
ditional Chinese-speaking workers, split into two
groups, to assess raw and refined data quality. The
evaluation metrics, based on prior research (Qian
et al., 2023) and tailored to our study, include: (1)
EmoCategory, assessing whether the emotion label
aligns with the settings; (2) EmoMatch, evaluat-
ing the degree to which the utterance conveys the
labeled emotion; (3) SettingMatch, measuring if
the utterance content aligns with intra-individual
factors and situational context; (4) Emolntensity,
indicating the intensity of the labeled emotion in
the utterance; (5) Coherence, determining if the
utterance logically fits the conversation context;
and (6) Fluency, assessing whether the utterance is
fluent and easy to understand.

We further curated a human evaluation set by ran-
domly selecting two utterances from each dialogue
in the test set, resulting in a total of 283 utterances
for rating. Each utterance is provided with a cor-
responding emotion label, intra-individual factors,
and situational construal. We provide each rater
with a detailed rating manual outlined in the Ap-
pendix A.4. The quality of the human evaluation

Dimensions Score Ratings Ratings
Range before Filtering  after Filtering
EmoCategory 0-1 0.89 0.93 (14.5%)
EmoMatch 1-5 4.61 4.80 (14.0%)
SettingMatch 1-5 4.09 4.52 (19.5%)
Emolntensity 0-2 1.76 1.80 (12.3%)
Coherence 1-5 4.93 4.94
Fluency 1-5 4.80 4.85 (11.0%)

Table 1: Utterance-level human evaluation on CAPE.

for the dataset, before and after refinement, is sum-
marized in Table 1. Correlation between raters’
scores is significant across dimensions (p < 0.05).
We observe that manual calibration improves the
accuracy of emotion labels and ensures that ut-
terances better align with character settings and
dialogue context.

3.4 Dataset Statistics

We named the refined dataset as CAPE (Cognitive
Appraisal theory-based Emotional corpus). Table
2 offers a comprehensive overview of the CAPE
dataset, encompassing 2,848 dialogues which cover
89 unique situations. The distribution of emotions
of CAPE can be found in Figure 3. The average
number of utterances per dialogue is around 10,
with an average of 38.3 tokens per utterance, in-
dicating a substantial amount of information ex-
changed within the conversations.

Anger gadness Shame

Disgust
¢ 1%

2% 3% 3%
Fear
2%
Interest

17%
Surprise

6%

Contempt
3%

Pride Happiness
6% 12%

Boredom
Challenge 5%
13%

Guilt Hope
4% Frustration 17%
6%

Figure 3: Emotions distribution of CAPE

To evaluate the quality of CAPE, we compare it
with representative emotional dialogue datasets, as
shown in Appendix A.5. The results indicate that
CAPE is uniquely grounded in psychological theo-
ries and incorporates a broad range of personal fac-
tors closely linked to emotions. It also boasts wider
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# Dialogs 2,848
# Utterances 28,643
# Situations 89
Avg. # utterances per dialog 10.0
Avg. # tokens per dialog 385.0
Avg. # tokens per utterance 38.3
# Dialogs in Train Set 2,563
# Dialogs in Validation Set 143
# Dialogs in Test Set 142

Table 2: Statistics of the CAPE dataset.

coverage of emotions and situations compared to
existing datasets. Furthermore, unlike datasets an-
notated from TV series dialogues, CAPE is gener-
ated synthetically, which frees it from specific char-
acter constraints and limited kinds of storylines,
allowing for a more flexible and diverse approach
to dialogue generation.

4 Experiments

4.1 Tasks

We have outlined two tasks to evaluate the perfor-
mance of our dataset, including emotion prediction
and appropriate emotional utterances generation.
Task1l: Emotion Prediction. This task is to let
LLMs predict the emotion label of the next speaker
in the dialogue based on intra-individual factors
and dialogue history. The predicted emotion label
should be chosen within the 15 emotions defined
in the CAT-BEAR. It requires LLMs to understand
and anticipate the emotions a person may express
under specific conditions.

Task2: Next Utterance Prediction. The task asks
LLM:s to generate the utterance of the next speaker
in the dialogue based on intra-individual factors
and dialogue history. The quality of the gener-
ated utterances reflects a model’s ability to express
human-like emotional responses.

4.2 Models

Models for Task1. When evaluating the capability
of predicting emotions, we compared our model
with baselines with high proficiency in Chinese
including GLM-4-0520 (GLM et al., 2024), GLM-
4-9B-chat (GLM et al., 2024), Llama3-8B-Chinese-
Chat (Wang et al., 2024), DeepSeek-v2 (DeepSeek-
Al, 2024), Qwen-2.5-72B-Instruct (Team, 2024),
and GPT-4-0613 (OpenAl et al., 2024). For all
LLMs, we report zero-shot and 4-shot results.

Models for Task2. When examining the gener-
ation of appropriate emotional utterances, we in-
corporated two expert models alongside the LLMs

mentioned in the emotion prediction task. The first
is CharacterGLM-3 (Zhou et al., 2023a) which sup-
ports role-playing based on character settings, and
the second one is Emohaa (Sabour et al., 2023)
which is designed to provide empathetic support.
Following the specified input requirements for in-
ference, we report only zero-shot results for both
CharacterGLM-3 and Emohaa. For the rest LLMs,
we report both zero-shot and 4-shot results.
ChatEMO. We further conduct supervised fine-
tuning of the GLM-4-9B-Chat model on both two
tasks to develop our model. We conducted experi-
ments on 8 Nividia RTX A6000 GPUs, setting the
total batch size as 64, with gradient accumulation
as 4, the maximum learning rate as le-5, and the
total number of training epochs as 3.

4.3 Evaluation Metrics

Metric for Taskl. According to previous stud-
ies (Chen et al., 2022a; Wen et al., 2021; Shen
et al., 2020a), we used general metrics including
Accuracy, Macro F1, Precision, and Recall to mea-
sure LLMs’ performance on the emotion prediction
task. Moreover, to address the limitation of general
metrics that treat emotions discretely and overlook
their nuanced spectrum-like nature, we introduced
CAT-Dist as an additional metric to capture subtle
similarities more effectively. CAT-Dist is inspired
by the study by Smith and Ellsworth (Smith and
Ellsworth, 1985), which mapped 15 emotions on
the six dimensions (of the appraisal process). Each
emotion is represented as a six-dimensional vector,
and the specific values can be found in detail in
Appendix A.6. We define CAT-Dist as the average
Manhattan distance between two emotion vectors
across all six dimensions:

D
' 1
CAT-Dist(Ey, ) = - > By — Bl
=1

where By = (E11,E12,...,E1p) and (Ey =
(Ea1,E22,...,Es p) are the two emotion vectors,
D is the number of dimensions (here, D = 6).
Metric for Task2. Following previous studies
(Varshney et al., 2021; Chen et al., 2022a), we
choose the metrics below: (1) BLEU-1/2 (Papineni
et al., 2002) that evaluates the model’s output qual-
ity by comparing it to references through 1/2-gram
matching; (2) ROUGE-1/2/L (Lin, 2004) that mea-
sures the longest common subsequence between
output and reference, and (3) BERTScore (Zhang
et al., 2019) which assesses output quality by co-
sine similarity of BERT embeddings.
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Models | Setting |  Acc.t F11 Precision? Recall 1 CAT-Dist |
GPT-4-0613 0.21 0.14 0.18 0.14 0.218
GLM-4-0520 0.18 0.12 0.24 0.13 0.229
DeepSeek V2 zero-shot 0.22 0.18 0.21 0.19 0.221
Qwen-2.5-72B 0.17 0.13 0.14 0.13 0.247
Llama3-8B-Chinese 0.12 0.07 0.08 0.11 0.265
GLM-4-9B 0.12 0.09 0.09 0.11 0.268
GPT-4-0613 0.25 0.16 0.20 0.16 0.213
GLM-4-0520 4-shot 0.27 0.19 0.26 0.19 0.207
DeepSeek V2 prompting 0.26 0.20 0.30 0.21 0.213
Qwen-2.5-72B 0.24 0.19 0.20 0.20 0.224
Llama3-8B-Chinese 0.14 0.06 0.10 0.08 0.268
GLM-4-9B 0.17 0.10 0.11 0.11 0.242
ChatEMO | fine-tuning | 0.36 0.28 0.29 0.28 0.181

Table 3: Performance comparison on Emotion Prediction. (Bold for best, underline for the second best).

Models | Setting | BLEU-11 BLEU-21 ROUGE-11 ROUGE-21 ROUGE-Lt BERTScore f
GPT-4-0613 23.63 5.13 22.71 2.66 19.10 61.07
GLM-4-0520 22.46 4.76 24.24 3.66 19.76 61.61
DeepSeek V2 24.60 5.38 24.49 3.45 20.11 61.36
Qwen-2.5-72B zero-shot 24.45 5.36 23.48 3.46 19.46 61.55
Llama3-8B-Chinese 14.57 3.30 17.20 1.55 13.45 57.23
Emohaa 17.91 3.88 2272 2.68 17.43 60.27
CharacterGLM3 25.67 5.84 23.89 3.53 19.94 61.43
GLM-4-9B 24.06 5.55 21.49 2.20 17.90 60.39
GPT-4-0613 27.16 5.74 25.52 3.68 21.39 62.40
GLM-4-0520 A-shot 25.11 5.42 24.63 3.52 20.46 61.66
DeepSeek V2 prompting 25.83 5.47 26.40 4.22 21.86 62.26
Qwen-2.5-72B 26.02 5.53 25.92 437 21.78 62.41
Llama3-8B-Chinese 14.29 3.26 17.08 1.34 13.67 56.59
GLM-4-9B 23.43 5.44 22.19 2.20 18.11 60.78
ChatEMO | fine-tuning |  26.46 5.59 26.36 4.90 2235 62.83

Table 4: Performance comparison on generating emotional utterance. (Bold for best, underline for the second best).

5 Results

5.1 Emotion Prediction

The results of the emotion prediction task are
shown in Table 3. Larger LLMs (i.e., GPT-4-0613,
GLM-4-0520, DeepSeek V2, and Q-2.5-72B) per-
form better than smaller LLMs (i.e., Llama3-8B-
Chinese and GLM-4-9B), due to more parameters
and extensive pre-training data. Among large mod-
els, DeepSeek V2 achieves the highest accuracy
and F1 score in zero-shot settings, while GLM-4-
0520 shows the highest performance boost in few-
shot settings, with a remarkable 50% increase in ac-
curacy and 58.3% increase in F1 score. ChatEMO
achieves the highest accuracy and F1 score, surpass-
ing all baselines in zero-shot and few-shot settings.
Supervised fine-tuning yields a twofold increase
in both accuracy and F1 score compared to the
original GLM-4-9B, demonstrating that our dataset
provides comprehensive information necessary for
precise emotion prediction.

5.2 Next Utterance Prediction

Results of this task are shown in Table 4. Similar to
the emotion prediction task, large LLMs continue
to outperform small ones in predicting the next ut-
terance. However, CharacterGLM-3, a 6B model,
shows comparable performance to large models
in both zero-shot and few-shot settings. This may
be attributed to its specialized design for human-
like role-playing. Conversely, Emohaa’s subopti-
mal performance may stem from its emphasis on
providing empathetic support, highlighting differ-
ences between giving empathetic responses and
expressing emotional utterances. ChatEMO per-
forms the first or second-best across most metrics.
Its proficiency lies in ROUGE-1/2/L metrics over
BLEU-1/2, indicating precision in word identifi-
cation but a tendency to generate irrelevant words.
Notably, ChatEMO ranks among the top perform-
ers in BERTScore, suggesting a high degree of
similarity in content between its outputs and the
ground truth.
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SettingMatch ~ Coherence  Fluency
Models (1-5) (1-5) (1-5)
GPT-4-0613 4.52 4.51 3.85
CharacterGLM-3 4.11 4.75 4.03
DeepSeek V2 3.16 3.48 3.52
ChatEMO 4.55 4.80 4.52

Table 5: Human ratings on generated utterances.

Given the subjective nature of utterance evalu-
ation, the metrics above may not fully reflect the
quality of generated responses. Therefore, we try
to enhance our evaluation by randomly selecting
200 utterances from top-performing baselines and
recruiting workers to evaluate them. ChatEMO,
GPT-4-013, CharacterGLM-3, and DeepSeek V2
were chosen as they achieve the best performance
on at least one metric. We incorporate the dimen-
sions including SettingMatch, Coherence, and Flu-
ency from the dialogue quality evaluation section
to guide the human rating process. The results can
be found in Table 5. To better demonstrate the
comparison, we provide an example of generated
utterances by the four LLMs in Appendix A.7.

6 Analysis

6.1 Ablation: How Our Framework Design
Enhances Dialogue Quality?

We investigated how our data-generative frame-
work enhances emotional dialogue quality. We
omit key components of our framework to evalu-
ate data quality without certain steps, comparing
three versions: the full framework, one excluding
belief and knowledge generation, and one with-
out the appraisal process. Three Chinese-speaking
workers are recruited to assess the quality of dia-
logues, based on five dimensions used in previous
studies (Liu et al., 2024a; Zhang et al., 2024a; Ou
et al., 2023; Zhong et al., 2022): (1) coherence,
how much the dialogue maintains logical consis-
tency without confusion; (2) naturalness, how well
the dialogue aligns with Chinese speech habits; (3)
correctness, whether the label belongs to the given
15 emotions; (4) contextual relevance, the degree to
which the dialogue aligns with the settings; and (5)
emotional relevance, the alignment of emotional
utterances with the settings. A rating guideline is
provided for more reliable ratings, which is listed
in the Appendix A.8.

Human evaluation result (Table 6) demonstrates
that the absence of belief and knowledge highly im-
pacts coherence and naturalness, as they contribute
useful information to enrich the storyline and el-

evate the generated dialogues’ quality. Moreover,
omitting the appraisal process leads to notable de-
creases in correctness, contextual, and emotional
relevance. This is because the appraisal process of-
fers detailed guidelines for generating appropriate
emotions and actions, ensuring that emotions align
logically and dialogues fit the context.

Score w/o Belief & w/o

Dimensions Range CAT-BEAR Knowledge  Appraisal

Coherence 1-5 4.81 429 (L11%) 4.32 (1.10%)
Naturalness 1-5 4.66 4.02 ([14%) 4.14 ([ 11%)
Correctness 0-1 1.00 0.66 (134%) 0.50 ([50%)
Contextual Relevance  1-5 4.90 4.28 (113%) 4.18 (1.15%)
Emotional Relevance 1-5 4.77 3.97 (L17%) 3.89 (118%)

Table 6: Human ratings on generated dialogues by dif-
ferent data synthetic frameworks.

6.2 How Emotion Labels Impact the Quality
of Generated Utterances?

To explore whether an agent can first self-predict
emotion before generating a response—thereby en-
hancing emotional response generation—we draw
on the emotion chain-of-thought method (Li et al.,
2024). Our experiments consist of two parts: (1)
Conditional Setting, where we examine whether
providing the ground-truth emotion label improves
the quality of the generated utterance; and (2) Joint-
Modeling Setting, which encourages the model to
first predict the emotion and then generate the re-
sponse. We perform supervised fine-tuning for both
settings to align as above. As shown in Table 7,
when the emotion label is accurate, the quality of
generated utterances significantly improves. Addi-
tionally, joint modeling not only enhances emotion
labeling accuracy but also results in contextually
relevant and emotionally resonant responses. This
implies that future work could leverage our dataset
to develop a more sophisticated emotion CoT, fur-
ther enhancing agent emotional intelligence.

Models Acc. T F11 CAT-Dist |
ChatEMO 0.36 0.28 0.181
joint 0.39(18%) 0.38(136%) 0.173(4%)
Models BLEU-1/2 1 ROUGE-1/2/L 1 BERTScore 1
ChatEMO  26.46/5.59 26.36/4.90/22.35 62.83
cond 29.82/6.09 29.49/6.75/25.02 64.58
joint 28.28/5.93 28.03/5.75/23.76 63.61

Table 7: Effects of emotion label prediction accuracy
on response quality. (taskl above, task2 below).
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7 Conclusions

In this paper, we introduced the Emotion Conver-
sations Generation Framework, which harnesses
the Cognitive Appraisal Theory to generate emo-
tionally appropriate responses in conversational
agents. Our framework delves into intra-individual
factors such as situational construal and personal-
ity, incorporating a comprehensive appraisal pro-
cess to enable nuanced emotion predictions and
utterances generation. Building upon this frame-
work, we curated a multi-turn conversational cor-
pus, CAPE, comprising 2,848 emotional dialogues
meticulously refined by human crowd workers. Uti-
lizing CAPE, we fine-tuned a model and conducted
experiments that showcased the superior perfor-
mance of our fine-tuned LLM over various robust
baseline models in both emotion prediction and
utterance generation tasks. The results of our study
underscore the transformative potential of integrat-
ing cognitive appraisal insights into LLMs, high-
lighting the substantial enhancements in accuracy
and effectiveness attainable in automated emotional
interactions.

Limitations

This study employed GPT-4-turbo-0409 to gener-
ate a Chinese conversational dataset. The language
proficiency of GPT-4-turbo in Chinese may affect
the fluency and naturalness of the agents’ utter-
ances. Despite instructing GPT-4-turbo to create
conversations that align with Chinese style and
culture, some issues may still arise due to cultural
differences. We also recognize the value of a larger-
scale dataset but were constrained by the high costs
of GPT-4-turbo data generation and human qual-
ity control, limiting our dataset size. Future work
could address this limitation by exploring more
cost-effective data generation and validation meth-
ods. Moreover, due to computational costs, this
study only fine-tuned one LLM, GLM-4-9B, to
evaluate the effectiveness of CAPE. We hope that
future studies will apply more extensive training to
CAT-BEAR and CAPE to address this issue.

Ethics Statement

In conducting this research on emotion generation
in agent conversations, we prioritize ethical con-
siderations to ensure the responsible development
and deployment of our CAT-BEAR framework.
Our commitment involves adhering to principles of
transparency, privacy, and fairness throughout the

study. We ensure that the multi-turn conversational
corpus, CAPE, utilized in training and evaluation,
aligns with ethical standards for data collection
and does not contain personal or sensitive infor-
mation. Furthermore, we conduct both automatic
and manual evaluations with due consideration of
potential biases and the diverse representation of
emotions. When hiring workers to review and ad-
just the dataset, we ensure that dialogues gener-
ated by GPT-4-turbo are free from personal privacy
concerns, political bias, and similar issues. The
introduction of the CAT-Dist metric aims to pro-
vide an objective evaluation of emotional appro-
priateness without infringing on subjective human
experiences.

Acknowledgements

The authors would like to express their gratitude to
Al iPal (Aixiaoban) for their support and valuable
contributions to this research.

References

Nourah Alswaidan and Mohamed El Bachir Menai.
2020. A survey of state-of-the-art approaches for
emotion recognition in text. Knowledge and Infor-
mation Systems, 62(8):2937-2987.

Scott Brave and Cliff Nass. 2007. Emotion in human-
computer interaction. In The human-computer inter-
action handbook, pages 103—118. CRC Press.

Yirong Chen, Weiquan Fan, Xiaofen Xing, Jianxin Pang,
Minlie Huang, Wenjing Han, Qianfeng Tie, and Xi-
angmin Xu. 2022a. Cped: A large-scale chinese
personalized and emotional dialogue dataset for con-
versational ai. arXiv preprint arXiv:2205.14727.

Yirong Chen, Weiquan Fan, Xiaofen Xing, Jianxin Pang,
Minlie Huang, Wenjing Han, Qianfeng Tie, and Xi-
angmin Xu. 2022b. Cped: A large-scale chinese
personalized and emotional dialogue dataset for con-
versational ai. arXiv preprint arXiv:2205.14727.

Jiale Cheng, Sahand Sabour, Hao Sun, Zhuang Chen,
and Minlie Huang. 2022. Pal: Persona-augmented
emotional support conversation generation. arXiv
preprint arXiv:2212.09235.

Zebang Cheng, Zhi-Qi Cheng, Jun-Yan He, Jingdong
Sun, Kai Wang, Yuxiang Lin, Zheng Lian, Xiaojiang
Peng, and Alexander Hauptmann. 2024. Emotion-
llama: Multimodal emotion recognition and rea-
soning with instruction tuning. arXiv preprint
arXiv:2406.11161.

Maximilian Croissant, Madeleine Frister, Guy Schofield,
and Cade McCall. 2024. An appraisal-based chain-
of-emotion architecture for affective language model
game agents. Plos one, 19(5):e0301033.

6314



DeepSeek-Al. 2024. Deepseek-v2: A strong, economi-
cal, and efficient mixture-of-experts language model.
Preprint, arXiv:2405.04434.

Jiawen Deng and Fuji Ren. 2021. A survey of textual
emotion recognition and its challenges. IEEE Trans-
actions on Affective Computing, 14(1):49-67.

Elaine S Elliott and Carol S Dweck. 1988. Goals: an
approach to motivation and achievement. Journal of
personality and social psychology, 54(1):5.

Yumeng Fu. 2024. Ckerc: Joint large language
models with commonsense knowledge for emo-
tion recognition in conversation. arXiv preprint
arXiv:2403.07260.

David C Funder. 2016. Taking situations seriously: The
situation construal model and the riverside situational
g-sort. Current Directions in Psychological Science,
25(3):203-208.

Ruyi Gan, Ziwei Wu, Renliang Sun, Junyu Lu, Xiao-
jun Wu, Dixiang Zhang, Kunhao Pan, Ping Yang,
Qi Yang, Jiaxing Zhang, et al. 2023. Ziya2: Data-
centric learning is all llms need. arXiv preprint
arXiv:2311.03301.

Team GLM, Aohan Zeng, Bin Xu, Bowen Wang, Chen-
hui Zhang, Da Yin, Diego Rojas, Guanyu Feng, Han-
lin Zhao, Hanyu Lai, Hao Yu, Hongning Wang, Ji-
adai Sun, Jiajie Zhang, Jiale Cheng, Jiayi Gui, Jie
Tang, Jing Zhang, Juanzi Li, Lei Zhao, Lindong Wu,
Lucen Zhong, Mingdao Liu, Minlie Huang, Peng
Zhang, Qinkai Zheng, Rui Lu, Shuaiqi Duan, Shu-
dan Zhang, Shulin Cao, Shuxun Yang, Weng Lam
Tam, Wenyi Zhao, Xiao Liu, Xiao Xia, Xiaohan
Zhang, Xiaotao Gu, Xin Lv, Xinghan Liu, Xinyi Liu,
Xinyue Yang, Xixuan Song, Xunkai Zhang, Yifan
An, Yifan Xu, Yilin Niu, Yuantao Yang, Yueyan Li,
Yushi Bai, Yuxiao Dong, Zehan Qi, Zhaoyu Wang,
Zhen Yang, Zhengxiao Du, Zhenyu Hou, and Zihan
Wang. 2024. Chatglm: A family of large language
models from glm-130b to glm-4 all tools. Preprint,
arXiv:2406.12793.

Daniel Goleman. 2020. Emotional intelligence: Why it
can matter more than 1Q. Bloomsbury Publishing.

Katharine H Greenaway, Elise K Kalokerinos, and
Lisa A Williams. 2018. Context is everything (in
emotion research). Social and Personality Psychol-
ogy Compass, 12(6):e12393.

James J Gross and Lisa Feldman Barrett. 2011. Emotion
generation and emotion regulation: One or two de-
pends on your point of view. Emotion review, 3(1):8—
16.

Craig A Hill. 1987. Affiliation motivation: people who
need people... but in different ways. Journal of
personality and social psychology, 52(5):1008.

Ruud Hortensius, Felix Hekele, and Emily S Cross.
2018. The perception of emotion in artificial agents.
IEEE Transactions on Cognitive and Developmental
Systems, 10(4):852-864.

Hangyeol Kang, Maher Ben Moussa, and Nadia
Magnenat-Thalmann. 2024. Nadine: An llm-
driven intelligent social robot with affective capa-
bilities and human-like memory. arXiv preprint
arXiv:2405.20189.

Richard S Lazarus. 1991. Emotion and adaptation. Ox-
ford University Press.

Shanglin Lei, Guanting Dong, Xiaoping Wang, Keheng
Wang, and Sirui Wang. 2023. Instructerc: Reform-
ing emotion recognition in conversation with a re-
trieval multi-task llms framework. arXiv preprint
arXiv:2309.11911.

Dawei Li, Yanran Li, Jiayi Zhang, Ke Li, Chen Wei,
Jianwei Cui, and Bin Wang. 2022. C3kg: A chi-
nese commonsense conversation knowledge graph.

In Findings of the Association for Computational
Linguistics: ACL 2022, pages 1369-1383.

Zaijing Li, Gongwei Chen, Rui Shao, Dongmei Jiang,
and Ligiang Nie. 2024. Enhancing the emotional
generation capability of large language models
via emotional chain-of-thought. arXiv preprint
arXiv:2401.06836.

Chin-Yew Lin. 2004. Rouge: A package for automatic
evaluation of summaries. In Text summarization
branches out, pages 74-81.

Kristen A Lindquist. 2017. The role of language in emo-
tion: existing evidence and future directions. Current
opinion in psychology, 17:135-139.

Chenxiao Liu, Zheyong Xie, Sirui Zhao, Jin Zhou, Tong
Xu, Minglei Li, and Enhong Chen. 2024a. Speak
from heart: An emotion-guided llm-based multi-
modal method for emotional dialogue generation. In
Proceedings of the 2024 International Conference on
Multimedia Retrieval, pages 533-542.

Siyang Liu, Chujie Zheng, Orianna Demasi, Sahand
Sabour, Yu Li, Zhou Yu, Yong Jiang, and Minlie
Huang. 2021. Towards emotional support dialog
systems. arXiv preprint arXiv:2106.01144.

Zhiwei Liu, Kailai Yang, Tianlin Zhang, Qiangian Xie,
Zeping Yu, and Sophia Ananiadou. 2024b. Emollms:
A series of emotional large language models and
annotation tools for comprehensive affective analysis.
arXiv preprint arXiv:2401.08508.

John C Masters. 1991. Strategies and mechanisms for
the personal and social control of emotion. The de-
velopment of emotion regulation and dysregulation,
338:182-207.

OpenAl, Josh Achiam, Steven Adler, Sandhini Agarwal,
Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Alt-
man, Shyamal Anadkat, Red Avila, Igor Babuschkin,
Suchir Balaji, Valerie Balcom, Paul Baltescu, Haim-
ing Bao, Mohammad Bavarian, Jeff Belgum, Ir-
wan Bello, Jake Berdine, Gabriel Bernadett-Shapiro,
Christopher Berner, Lenny Bogdonoff, Oleg Boiko,

6315


https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2405.04434
https://arxiv.org/abs/2406.12793
https://arxiv.org/abs/2406.12793

Madelaine Boyd, Anna-Luisa Brakman, Greg Brock-
man, Tim Brooks, Miles Brundage, Kevin Button,
Trevor Cai, Rosie Campbell, Andrew Cann, Brittany
Carey, Chelsea Carlson, Rory Carmichael, Brooke
Chan, Che Chang, Fotis Chantzis, Derek Chen, Sully
Chen, Ruby Chen, Jason Chen, Mark Chen, Ben
Chess, Chester Cho, Casey Chu, Hyung Won Chung,
Dave Cummings, Jeremiah Currier, Yunxing Dai,
Cory Decareaux, Thomas Degry, Noah Deutsch,
Damien Deyville, Arka Dhar, David Dohan, Steve
Dowling, Sheila Dunning, Adrien Ecoffet, Atty Eleti,
Tyna Eloundou, David Farhi, Liam Fedus, Niko Felix,
Simén Posada Fishman, Juston Forte, Isabella Ful-
ford, Leo Gao, Elie Georges, Christian Gibson, Vik
Goel, Tarun Gogineni, Gabriel Goh, Rapha Gontijo-
Lopes, Jonathan Gordon, Morgan Grafstein, Scott
Gray, Ryan Greene, Joshua Gross, Shixiang Shane
Gu, Yufei Guo, Chris Hallacy, Jesse Han, Jeff Harris,
Yuchen He, Mike Heaton, Johannes Heidecke, Chris
Hesse, Alan Hickey, Wade Hickey, Peter Hoeschele,
Brandon Houghton, Kenny Hsu, Shengli Hu, Xin
Hu, Joost Huizinga, Shantanu Jain, Shawn Jain,
Joanne Jang, Angela Jiang, Roger Jiang, Haozhun
Jin, Denny Jin, Shino Jomoto, Billie Jonn, Hee-
woo Jun, Tomer Kaftan, Lukasz Kaiser, Ali Ka-
mali, Ingmar Kanitscheider, Nitish Shirish Keskar,
Tabarak Khan, Logan Kilpatrick, Jong Wook Kim,
Christina Kim, Yongjik Kim, Jan Hendrik Kirch-
ner, Jamie Kiros, Matt Knight, Daniel Kokotajlo,
Fukasz Kondraciuk, Andrew Kondrich, Aris Kon-
stantinidis, Kyle Kosic, Gretchen Krueger, Vishal
Kuo, Michael Lampe, Ikai Lan, Teddy Lee, Jan
Leike, Jade Leung, Daniel Levy, Chak Ming Li,
Rachel Lim, Molly Lin, Stephanie Lin, Mateusz
Litwin, Theresa Lopez, Ryan Lowe, Patricia Lue,
Anna Makanju, Kim Malfacini, Sam Manning, Todor
Markov, Yaniv Markovski, Bianca Martin, Katie
Mayer, Andrew Mayne, Bob McGrew, Scott Mayer
McKinney, Christine McLeavey, Paul McMillan,
Jake McNeil, David Medina, Aalok Mehta, Jacob
Menick, Luke Metz, Andrey Mishchenko, Pamela
Mishkin, Vinnie Monaco, Evan Morikawa, Daniel
Mossing, Tong Mu, Mira Murati, Oleg Murk, David
Mély, Ashvin Nair, Reiichiro Nakano, Rajeev Nayak,
Arvind Neelakantan, Richard Ngo, Hyeonwoo Noh,
Long Ouyang, Cullen O’Keefe, Jakub Pachocki, Alex
Paino, Joe Palermo, Ashley Pantuliano, Giambat-
tista Parascandolo, Joel Parish, Emy Parparita, Alex
Passos, Mikhail Pavlov, Andrew Peng, Adam Perel-
man, Filipe de Avila Belbute Peres, Michael Petrov,
Henrique Ponde de Oliveira Pinto, Michael, Poko-
rny, Michelle Pokrass, Vitchyr H. Pong, Tolly Pow-
ell, Alethea Power, Boris Power, Elizabeth Proehl,
Raul Puri, Alec Radford, Jack Rae, Aditya Ramesh,
Cameron Raymond, Francis Real, Kendra Rimbach,
Carl Ross, Bob Rotsted, Henri Roussez, Nick Ry-
der, Mario Saltarelli, Ted Sanders, Shibani Santurkar,
Girish Sastry, Heather Schmidt, David Schnurr, John
Schulman, Daniel Selsam, Kyla Sheppard, Toki
Sherbakov, Jessica Shieh, Sarah Shoker, Pranav
Shyam, Szymon Sidor, Eric Sigler, Maddie Simens,
Jordan Sitkin, Katarina Slama, Ian Sohl, Benjamin
Sokolowsky, Yang Song, Natalie Staudacher, Fe-
lipe Petroski Such, Natalie Summers, Ilya Sutskever,

6316

Jie Tang, Nikolas Tezak, Madeleine B. Thompson,
Phil Tillet, Amin Tootoonchian, Elizabeth Tseng,
Preston Tuggle, Nick Turley, Jerry Tworek, Juan Fe-
lipe Cerén Uribe, Andrea Vallone, Arun Vijayvergiya,
Chelsea Voss, Carroll Wainwright, Justin Jay Wang,
Alvin Wang, Ben Wang, Jonathan Ward, Jason Wei,
CJ Weinmann, Akila Welihinda, Peter Welinder, Ji-
ayi Weng, Lilian Weng, Matt Wiethoff, Dave Willner,
Clemens Winter, Samuel Wolrich, Hannah Wong,
Lauren Workman, Sherwin Wu, Jeff Wu, Michael
‘Wu, Kai Xiao, Tao Xu, Sarah Yoo, Kevin Yu, Qim-
ing Yuan, Wojciech Zaremba, Rowan Zellers, Chong
Zhang, Marvin Zhang, Shengjia Zhao, Tianhao
Zheng, Juntang Zhuang, William Zhuk, and Bar-
ret Zoph. 2024. Gpt-4 technical report. Preprint,
arXiv:2303.08774.

Jiao Ou, Junda Lu, Che Liu, Yihong Tang, Fuzheng

Zhang, Di Zhang, Zhongyuan Wang, and Kun Gai.
2023. Dialogbench: Evaluating llms as human-like
dialogue systems. arXiv preprint arXiv:2311.01677.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-

Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th annual meeting of the Association for Computa-
tional Linguistics, pages 311-318.

Liyizhe Peng, Zixing Zhang, Tao Pang, Jing Han, Huan

Zhao, Hao Chen, and Bjorn W Schuller. 2024. Cus-
tomising general large language models for spe-
cialised emotion recognition tasks. In ICASSP
2024-2024 IEEFE International Conference on Acous-
tics, Speech and Signal Processing (ICASSP), pages
11326-11330. IEEE.

Yushan Qian, Bo Wang, Shangzhao Ma, Wu Bin, Shuo

Zhang, Dongming Zhao, Kun Huang, and Yuexian
Hou. 2023. Think twice: A human-like two-stage
conversational agent for emotional response genera-
tion. arXiv preprint arXiv:2301.04907.

Jay Ratican and James Hutson. 2023. The six emo-

tional dimension (6de) model: A multidimensional
approach to analyzing human emotions and unlock-
ing the potential of emotionally intelligent artificial
intelligence (ai) via large language models (llm).
Journal of Artificial Intelligence and Robotics, 1(1).

Sonia Roccas, Lilach Sagiv, Shalom H Schwartz, and

Ariel Knafo. 2002. The big five personality factors
and personal values. Personality and social psychol-
ogy bulletin, 28(6):789-801.

Sahand Sabour, Siyang Liu, Zheyuan Zhang, June M

Liu, Jinfeng Zhou, Alvionna S Sunaryo, Juanzi
Li, Tatia Lee, Rada Mihalcea, and Minlie Huang.
2024. Emobench: Evaluating the emotional intel-
ligence of large language models. arXiv preprint
arXiv:2402.12071.

Sahand Sabour, Wen Zhang, Xiyao Xiao, Yuwei Zhang,

Yinhe Zheng, Jiaxin Wen, Jialu Zhao, and Minlie
Huang. 2023. A chatbot for mental health support:


https://arxiv.org/abs/2303.08774

exploring the impact of emohaa on reducing men-
tal distress in china. Frontiers in digital health,
5:1133987.

Sahand Sabour, Chujie Zheng, and Minlie Huang. 2022.
Cem: Commonsense-aware empathetic response gen-
eration. In Proceedings of the AAAI Conference
on Artificial Intelligence, volume 36, pages 11229—
11237.

Riidiger J Seitz and Hans-Ferdinand Angel. 2020. Be-
lief formation—a driving force for brain evolution.
Brain and Cognition, 140:105548.

Guangyao Shen, Xin Wang, Xuguang Duan, Hongzhi
Li, and Wenwu Zhu. 2020a. Memor: A dataset for
multimodal emotion reasoning in videos. In Proceed-
ings of the 28th ACM international conference on
multimedia, pages 493-502.

Guangyao Shen, Xin Wang, Xuguang Duan, Hongzhi
Li, and Wenwu Zhu. 2020b. Memor: A dataset for
multimodal emotion reasoning in videos. In Proceed-
ings of the 28th ACM international conference on
multimedia, pages 493-502.

Weizhou Shen, Junging Chen, Xiaojun Quan, and Zhix-
ian Xie. 2021. Dialogxl: All-in-one xInet for multi-
party conversation emotion recognition. In Proceed-
ings of the AAAI Conference on Artificial Intelligence,
volume 35, pages 13789-13797.

Craig A Smith and Phoebe C Ellsworth. 1985. Pat-
terns of cognitive appraisal in emotion. Journal of
personality and social psychology, 48(4):813.

Renliang Sun, Mengyuan Liu, Shiping Yang, Rui Wang,
Junqing He, and Jiaxing Zhang. 2024. Fostering
natural conversation in large language models with
nico: a natural interactive conversation dataset. arXiv
preprint arXiv:2408.09330.

Qwen Team. 2024. Qwen2.5: A party of foundation
models.

Deeksha Varshney, Asif Ekbal, and Pushpak Bhat-
tacharyya. 2021. Modelling context emotions using
multi-task learning for emotion controlled dialog gen-
eration. In Proceedings of the 16th Conference of the
European Chapter of the Association for Computa-
tional Linguistics: Main Volume, pages 2919-2931.

Shenzhi Wang, Yaowei Zheng, Guoyin Wang, Shiji
Song, and Gao Huang. 2024. Llama3-8b-chinese-
chat (revision 6622a23).

Zhiyuan Wen, Jiannong Cao, Ruosong Yang, Shuaiqi
Liu, and Jiaxing Shen. 2021. Automatically se-
lect emotion for response via personality-affected
emotion transition. In Findings of the Association
for Computational Linguistics: ACL-IJCNLP 2021,
pages 5010-5020.

T Mikael Winberg, Jenny M Hellgren, and Torulf Palm.
2014. Stimulating positive emotional experiences in
mathematics learning: influence of situational and

personal factors. European Journal of Psychology of
Education, 29:673-691.

Frank Xing. 2024. Designing heterogeneous llm agents
for financial sentiment analysis. ACM Transactions
on Management Information Systems.

Kailai Yang, Shaoxiong Ji, Tianlin Zhang, Qiangian
Xie, Ziyan Kuang, and Sophia Ananiadou. 2023. To-
wards interpretable mental health analysis with large
language models. arXiv preprint arXiv:2304.03347.

Zhou Yang, Zhaochun Ren, Wang Yufeng, Shizhong
Peng, Haizhou Sun, Xiaofei Zhu, and Xiangwen Liao.
2024. Enhancing empathetic response generation by
augmenting llms with small-scale empathetic models.
arXiv preprint arXiv:2402.11801.

Sayyed M Zahiri and Jinho D Choi. 2018. Emotion
detection on tv show transcripts with sequence-based
convolutional neural networks. In Workshops at the
thirty-second aaai conference on artificial intelli-
gence.

Chen Zhang, Luis Fernando D’Haro, Yiming Chen,
Malu Zhang, and Haizhou Li. 2024a. A comprehen-
sive analysis of the effectiveness of large language
models as automatic dialogue evaluators. In Proceed-
ings of the AAAI Conference on Artificial Intelligence,
volume 38, pages 19515-19524.

Tianyi Zhang, Varsha Kishore, Felix Wu, Kilian Q
Weinberger, and Yoav Artzi. 2019. Bertscore: Eval-
uating text generation with bert. arXiv preprint
arXiv:1904.09675.

Yazhou Zhang, Mengyao Wang, Prayag Tiwari, Qiuchi
Li, Benyou Wang, and Jing Qin. 2023. Dialoguellm:
Context and emotion knowledge-tuned llama mod-
els for emotion recognition in conversations. arXiv
preprint arXiv:2310.11374.

Zixing Zhang, Liyizhe Peng, Tao Pang, Jing Han, Huan
Zhao, and Bjorn W Schuller. 2024b. Refashioning
emotion recognition modelling: The advent of gener-
alised large models. IEEE Transactions on Computa-
tional Social Systems.

Jinming Zhao, Tenggan Zhang, Jingwen Hu, Yuchen
Liu, Qin Jin, Xinchao Wang, and Haizhou Li.
2022. M3ed: Multi-modal multi-scene multi-
label emotional dialogue database. arXiv preprint
arXiv:2205.10237.

Zhonghua Zheng, Lizi Liao, Yang Deng, and Ligiang
Nie. 2023. Building emotional support chatbots in
the era of llms. arXiv preprint arXiv:2308.11584.

Ming Zhong, Yang Liu, Da Yin, Yuning Mao, Yizhu
Jiao, Pengfei Liu, Chenguang Zhu, Heng Ji, and
Jiawei Han. 2022. Towards a unified multi-
dimensional evaluator for text generation. arXiv
preprint arXiv:2210.07197.

6317


https://qwenlm.github.io/blog/qwen2.5/
https://qwenlm.github.io/blog/qwen2.5/
https://doi.org/10.57967/hf/2316
https://doi.org/10.57967/hf/2316

Jinfeng Zhou, Zhuang Chen, Dazhen Wan, Bosi Wen,
Yi Song, Jifan Yu, Yongkang Huang, Libiao Peng,
Jiaming Yang, Xiyao Xiao, et al. 2023a. Charac-
terglm: Customizing chinese conversational ai char-
acters with large language models. arXiv preprint
arXiv:2311.16832.

Jinfeng Zhou, Zhuang Chen, Bo Wang, and Minlie
Huang. 2023b. Facilitating multi-turn emotional sup-
port conversation with positive emotion elicitation:
A reinforcement learning approach. arXiv preprint
arXiv:2307.07994.

Jinfeng Zhou, Chujie Zheng, Bo Wang, Zheng Zhang,
and Minlie Huang. 2022. Case: Aligning coarse-to-
fine cognition and affection for empathetic response
generation. arXiv preprint arXiv:2208.08845.

A Appendix

A.1 Situational construals’ list

Here we present 89 situational construals, as il-
lustrated in Table 8, encompassing various topics
related to three fundamental elements: individuals
involved, the specific situation, and corresponding
behaviors. Each situational construal is used to
generate 32 dialogues, incorporating diverse per-
sonal factors to enhance the dialogue’s storyline.
To enrich the narrative of the dialogues, we elabo-
rate on the situational construal for each dialogue
based on individual characteristics. For instance,
as depicted in Figure 2, the situational construal
"talking is permitted" is expanded to "AA and BB
are taking a walk in the park, discussing the latest
popular movies, sharing their afterthoughts."

A.2  Guideline for GPT-4 to generate belief
and knowledge

We provide the prompt depicted in Figure 4 and the
intra-individual factors of the two speakers to GPT-
4-turbo-0409, to generate each speaker’s beliefs
and knowledge. The generated beliefs encompass
empirical, relational, and conceptual beliefs, along
with knowledge.

A.3 Guideline for GPT-4 to find the most
appropriate emotion

Figure 5 depicts the guideline offered to GPT-4-
turbo-0409 for emotion prediction through the ap-
praisal process, as outlined in stage two of Figure
2. It elucidates the definition of each dimension of
the appraisal process, such as unpleasantness, ef-
fort, attention, certainty, control, and responsibility,
and teaches GPT-4-turbo to sequentially catego-
rize the degree of each dimension to determine the

most likely emotion label and produce an emotion-
aligned utterance.

A.4 Guideline for human evaluation of data
quality

In data quality control, six Chinese-speaking work-
ers are provided with the guideline in Figure 6 to
assess the quality of both raw and human-refined
dialogues at the utterance level. Each rater was pre-
sented with an utterance, its corresponding emotion
label, the dialogue history preceding the utterance,
and the intra-individual factors of the two speakers
for comprehensive evaluation.

A.5 Representative Emotional Dialogue
Datasets Comparison

Table 9 presents a comparison between CAPE and
other existing emotion dialogue datasets, focus-
ing on language, the range of emotion categories
covered, as well as the number of situational and
personal factors considered. Notably, CAPE boasts
the most extensive coverage across emotions, situ-
ational contexts, and personal attributes. Further-
more, in contrast to characters in TV series, which
often have predefined characters, the synthetic char-
acters in our dataset offer a more diverse range of
backgrounds, paving the way for enhanced data
generation capabilities.

A.6 Emotions’ scores on six dimensions

Table 10 presents the original scores reflecting the
performance of each emotion across six appraisal
dimensions, as outlined in the research conducted
by Smith and Ellsworth (Smith and Ellsworth,
1985). This data is normalized by dimension,
with each emotion represented as a normalized six-
dimensional vector. The CAT-Dist, defined in the
evaluation metrics section, is calculated as the Man-
hattan distance between two emotion vectors.

A.7 Comparison of generated utterances by
top-performing LLMs

As shown in Figure 1, we select one representa-
tive example of the generated responses by top-
performing models in the second task. The figure
includes intra-individual factors and dialogue his-
tory for context. The examples illustrated in the
figure demonstrate that the utterance generated by
ChatEMO closely aligns with the ground truth in
terms of content, reflecting BB’s solitary and criti-
cal personality, alongside the belief that individual
performance is more important than teamwork.
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+ T English

L G HA A A B9 7T At 1. Situation is potentially enjoyable.

2. WHEHE LA & 2. Situation is complex.

3. G S P A R IR E £ AR 3. A job needs to be done.

4 B A AR AR (R4b) G TFRZ A0 & 4. Someone is trying to impress P.

5. %R P A AR B LR X F 5. Someone is trying to convince P of something.

6. % Pﬁ*ﬂ, PR RREREMEF 6. P is counted on to do something.

7. BER P A HE 7. Talking is permitted.

8. HFHM L A E R RAAHE 8. Talking is expected or demanded.

9. T HL b AR B REBEF 9. P is being asked for something.

10. ZIERFTAATEH Y 10. Someone needs help.

1. ZEHRF Py RER 11. Minor details are important.

12. HRG RBNEET KRB BEWF T BGNER 12. Situation evokes values concerning lifestyles or politics.
13, B HRBT — MR R4 H s 13. Affords an opportunity to demonstrate intellectual capacity.
14, BARREA TR M 14. Situation is uncertain.

15. M 3 ¥ 4 3 69 AWK R 09 H — AR LB R 15. Another person (present or discussed) is under threat.

16. 3% AR 8 B B 4 K 9] 3 kit 16. P is being criticized, directly or indirectly.

17. % A AR A £ 3SR SR 17. Someone is attempting to dominate or boss P.

18. z 158+ 9 A AT 18. Situation is playful.

19. ZEHA Th 5 & B RRE 19. Introspection is possible.

20. X ot FH R AF R 20. Things are happening quickly.

21 T"P‘ PR B AR E—AASH AT L EREFMHE 21, Someone (present or discussed) is unhappy or suffering.
22, BHEH T A B AL TEGALD 22. A reassuring other person is present.

23. ii ‘T’F?t% PARE AR F L B4 23. P is being blamed for something.

24, BB P FH B HOE R R 24. A decision needs to be made.

25. BESF B REE TS 25. Rational thinking is called for.

26. BT &R A H A Fot B KGHR 26. Situation calls for self-restraint.

27. BER B E S 27. Situation involves competition.

28, G PEAR A AR — ML BT AT R0 F 28. Affords an opportunity for P to do things that might make P liked or accepted.
29. T T A AL FRINF R I H 29. Others are present who need or desire reassurance.

30. B P A A AR O LA 30. Situation entails frustration.

31 RE SSRGS ERS] N A % 31. Physical attractiveness of P is relevant.

32, BT LAG THP LA RRER 32. It is important for P to make a good impression.

33, B oAb —RARE R Rf R 33. Situation would make some people tense and upset.

34, B BR—ARE AP RIA 34. Situation includes one or more small annoyances.

35. BB T ek AL IR I KRS 35. Situation might evoke warmth or compassion.

36. B P R A A KR H T fe il B K P AR 36. A person or activity could be undermined or sabotaged.

37. BE B P ARA TR I EA 37. It is possible for P to deceive someone.

38, L P IR AR AN A AT R A R & 38. Someone else in this situation (other than P) might be deceitful.
39. BT Ak 5] R B 4 39. Situation may cause feelings of hostility.

40. HFFE T AN R F O F KT A5 40. People are disagreeing about something.

41, GHRRBT —ADAZ AR LA TR 41. Affords an opportunity to express unusual ideas or points of view.
2. HEFE LS ALY B 42. Situation contains physical threats.

43, B 8 I 4 R 6 B 43. Situation contains emotional threats.

44, HEHES K E & 44, Situation raises moral or ethical issues.

45, HR R T Rk kR AR R AT 45. A quick decision or quick action is called for.

46. BRI P T AR EAEAT — A1 ) 46. Situation allows a free range of emotional expression.

47, BT E A S FE TR A AR R 69 RA R F K6 B 093P 47. Others present might have conflicting or hidden motives.
48. HAFR S BT e 3 BUR A Rl 48. Situation entails or could entail stress or trauma.

49 GIHRRR/T —ARD . 28, KFLBGE 49. Affords an opportunity to ruminate, daydream or fantasize.
50. HESA 5] ZAR R 6’7 THETE 50. Situation has potential to arouse guilt in P.

51 R T AR TRAKREEFFOIALR 51. Close personal relationships are present or have the potential to develop.
52. GBS P RARFERARASP G R —AAFTME—HF 52. Someone other than P is counted on to do something.

53. B 08 3 Ay ik Fe 8RB 53. Situation includes intellectual or cognitive stimuli.

54, BT FAAARE AL REG A 54. Assertiveness is required to accomplish a goal.

55. M3 618 3t 3E AP 4K B B i R 69 T Atk 55. Situation includes potential for immediate gratification of desires.
56. %5 P T e M IAAFR L3 56. Social interaction is possible.

57. M A TR g K69 SR A e R B K 09 57. Situation is humorous or potentially humorous.

58. TS PR A S AZ B 69 A 58. P is the focus of attention.

59. HE L 08 BB R M 59. Situation includes sensuous stimuli.

60. %M ¥ & TR 69 & AL R 60. Situation is relevant to bodily health of P.

61. ‘ii« e AR SR N 61. Success in this situation requires self-insight.

62. WM B P AR B A AP E £ 8 TR 62. P controls resources needed by others.

63. BIEHFHARIAE T RELSAGKAA XYGEE 63. Others present a wide range of interpersonal cues.

64. M I L35 AT A 09 TR 4] 64. Situation includes behavioral limits.

65. HIEH & F £k 65. Situation includes aesthetic stimuli.

66. Z B 3% A 38 e 2R R 8 T R 66. Situation is potentially anxiety-inducing.

67. R B8 xR 6 Lk R 4&65 2R 67. Situation makes demands on P.

68. ii T FRMT — MR SIERE R e 68. Affords an opportunity to express or demonstrate ambition.
69. HH I T AL AR AR A THEH T4 69. Situation might make P feel inadequate.

70. %S i’/‘"’*"]’l}\ & 4 f AR 6 R 3L 70. Situation includes stimuli that could be construed sexually.
71 R E SR % B REARR 71. Situational demands are rapidly shifting.

72. B E AR i& R RAMYG F 72. P is being abused or victimized.

73, B P IR R 73. Members of the opposite sex are present.

74, BHEHF BIT TRRA R T A L 74. Potential romantic partners for P are present.

75. R fe Sedede )L 69 b R 75. Situation has potential to arouse competing motivations.
76. BEREARLHEAT 76. Situation is basically simple and clear-cut.

77, BHE AR T —ANRIAAAR S s 77. Affords an opportunity to express charm.

78. R RAIRAZ A 6 Hadk 78. Situation involves social comparison.

79. %R B BRIy 6 5] AL 79. Situation raises issues of power.

80. HIF SR T — MR F M AR — @ L2 80. Affords an opportunity to express masculinity.

81 HIFH P LA TR E R AR 6 UK @ RfER & 81. Others may need or are requesting advice from P.

82. ML P AR 69 B St R B E AR B R B R 82. Independence or autonomy of P is questioned or threatened.
83, M 5 T AR R Ik g G T 2 B 83. Situation is potentially emotionally arousing.

84. BIFHRM T —MEA U A hLe 84. Affords an opportunity for demonstrating verbal fluency.
85. BIFH T EFAUALA R FRE TR 85. People who are present occupy different social roles or levels of status.
86. WM B T AR KR 86. P is being pressured to conform to the actions of others.
87. MIE I T R T & oAF 87. Success requires cooperation.

88. ML P R B A AR 88. P is being complimented or praised.

89, M HEARME T — AR I A KM F— @I ALe 89. Affords an opportunity to express femininity.

Table 8: Situational Construals’ List in Chinese and English
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( System Prompt:

individual factors.

A EA R 69 fE A £ A

ZEMAELE (k. BEiL, B, HEH2)

s (F4, AREEAA, AR BIRASA XF)

> (BRaEH, 4a13)

There are three different types of beliefs:

Empirical belief (to believe objects or perceived value)
Relational belief (to believe someone, related to affiliation goals)
Conceptual beliefs (to believe in narratives)

SRS, IEAANA EYREEFkiR, TEFERITRARANAGIAFTAE X Z,
Given the situation, generate the beliefs and knowledge of the two speakers, which need to be related to the situation and the two persons’ intra-

SRMA, ERTRLT, #2RNELES0, THe, Skt TRIRM., ZAEAFEEARBAAGAAR LA EE K80 %

Foif AR, 5 ARG KRG, AR ARIFOH A, HARTFOHEEN. Joiffem AR AN N LARA JEF K6

Knowledge is defined as the information that is related to goals and encompasses the understanding of what may cause harm or provide benefits.
(_ Knowledge is highly related to the situation and the two persons’ intra-individual factors. )

Figure 4: Guideline for GPT-4 to generate belief and knowledge

Datasets Source Lang. Emotion Coverage Situations Personal Factors

EmoryNLP (Zahiri and Choi, 2018) TV-series EN 7 (sad, mad, scared, powerful, Not clarified Not clarified
peaceful, joyful, and neutral)

MEmoR (Shen et al., 2020b) TV-series EN 14 (joy, anger, disgust, sadness, Not clarified 16PF, MBTI, Big
surprise, fear, anticipation...) FIVE

CPED (Chen et al., 2022b) TV-series CN 13 (happy, grateful, relaxed, 10 scenes Gender, Age, Big
other-positive neutral, angry...) FIVE

M3ED (Zhao et al., 2022) TV-series CN 7 (happy, surprise, sad, disgust, Not clarified Gender, Age
anger, fear, and neutral)

CAPE (Ours) Synthetic CN 15 (happy, surprise, sadness, 89 seed situations Big FIVE, Goals,

pride, challenge...)

Belief, Knowledge

Table 9: Comparison of CAPE with other representative emotion dialogue datasets.

Emotion Unpleasantness Effort Attention Certainty Control Responsibility
Happiness -1.46 -0.33 0.15 -0.46 -0.21 0.09
Sadness 0.87 -0.14 -0.21 0.0 1.15 -0.36
Anger 0.85 0.53 0.12 -0.29 -0.96 -0.94
Boredom 0.34 -1.19 -1.27 -0.35 0.12 -0.19
Challenge -0.37 1.19 0.52 -0.01 -0.2 0.44
Hope -0.50 -0.18 0.31 0.46 0.35 0.15
Fear 0.44 0.63 0.03 0.73 0.59 -0.17
Interest -1.05 -0.07 0.70 -0.07 0.41 -0.13
Contempt 0.89 -0.07 0.80 -0.12 -0.63 -0.50
Disgust 0.38 0.06 -0.96 -0.39 -0.19 -0.50
Frustration 0.88 0.48 0.60 -0.08 0.22 -0.37
Surprise -1.35 -0.66 0.40 0.73 0.15 -0.94
Pride -1.25 -0.31 0.02 -0.32 -0.46 0.81
Shame 0.73 0.07 -0.11 0.21 -0.07 1.31
Guilt 0.60 0.0 -0.36 -0.15 -0.29 1.31

Table 10: Emotion’s Scores on Six Dimensions.

A.8 Guideline for human evaluation of the
quality of dialogues generated by
different frameworks

Figure 8 illustrates the guideline that we provided
to an additional three Chinese-speaking workers for
rating the generated dialogues produced by three
versions of frameworks. In contrast to the data
quality control phase which rates data by utterance,

this guideline is at the dialogue level. Raters will
receive intra-individual factors and the complete
dialogue context when conducting their assessment.

A.9 Extension of ERC task

To show the value of Cognitive Appraisal The-
ory, we further include emotion recognition in
conversations (ERC) tasks on the CPED bench-
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rSystem Prompt:

VAT RN RN 7 ik, AR TFONE AR AEZIANFIR T ZAENTE. FAEEGE LT
Below is the method to predict emotions, where you will predict the emotion ofthe user based on 6 dimensions. Each dimension is defined below:

At A2 AZ/E 6 5 R TAAR M P

Unpleasantnes& a higher/positive score indicates higher unpleasantness.

AMTRATH S/ S AARMTHEOEH2RS.

Effort, a high score indicates that a lot of effort is expected.

ERT: BHRPEEH EHNHE .

Attention: a high score indicates increased attentional activity.

A 135 % R AT R Ao

Certainty: a hlgh score indicates increased uncertainty.

T4t FT AR SR I h/ A LR, WAEME, eRFHRRALEHIES, RAAFTESN, WELES, FoHANFHBLRERS.
Control: if things can be controlled by the speaker/by humans, the score is low; otherwise, the score is high, indicating that things are controlled more by the outside world.
TAE: deRARFLGFHARLEAFTHY, NESK, RAFHG AT HF, NEFSSH, Fo&EY A KRG THER.

Responsibility: low score if the event causing the emotion is caused by someone else, high score if the event is by the responsibility of the self, high score indicates more
responsibility by the self.

(1) RARAE R b a4 o

e R R OAZE B, AR ART ARF AL RL: &, B, LW, BW|, B0, RE, 447, A8, AKX

do RAM AR EAK, AP AMRT ARBO AR A BRR, sk, FE, X&, KT, H

(1) Start by categorizing according to the degree of unpleasantness:

If the degree of unpleasantness is high, then the range of emotions you can choose from are: sadness, anger, boredom, fear, contempt, disgust, frustration, shame, guilt
If the degree of unpleasantness is low, then the range of emotions you can choose from is: joy, challenge, hope, interest, surprise, pride

(2) FARAETAINT ReAT a9 %/ o &

Je RIAMF A EGE AR5, KAk Tmid%éﬁ SHEEA: WK, J)awi iR, RE, M, AR, AR

T RFAFP A LS EART S, ﬂﬁ&f’r‘rmﬁié’z WL RA: bR, &4, LW, &2, &, RA, KF, H

(2) Then categorize them according to the expected effort:

If the expected effort will be high, then you can choose from the following range of emotions: anger, challenge, fear, disgust, frustration, shame, guilt.

If it is expected that there will be little effort, then the range of emotions you can choose from is: happiness, sadness, boredom, hope, interest, contempt, surprise, pride.

Q) FAREEEA N £:

Yo RTREAGE RN EFE A, AP 2RT ARG LR A R, B, W&, F2, A4, &, BN, #47, K9F,

Je R R EE N HHRY, RARTARBFGFHHEAL: &4, LW, RE, 2B, WK

(3) Then categorize according to attention:

If there is an increase in possible attentional activity, then the range of emotions you can choose from are: happy, angry, challenged, hopeful, fearful, interested, defiant,
frustrated, surprised, proud

If there is a decrease in possible attentional activity then the range of emotions you can choose from are: sadness, boredom, disgust, shame, guilt

4) FARBERHZS K

do R I e, IR 2T AR TG AL ER: &4, A2, B4R, KiF, AR

Yo RAH RN Y, MAGTARFORAERA: BRR, B, LW, dk, S&, B0, RE, #47, i, HK

(4) Then categorize based on uncertainty:

If uncertainty increases, then the range of emotions you can choose from are: sadness, hope, fear, surprise, shame

If uncertainty decreases, then the range of emotions you can choose from are: happiness, anger, boredom, challenge, interest, contempt, disgust, frustration, pride, and guilt.

(5) FARBER TS £:

e RFMHOIRIER S, AR2MRTARFGH LA A &4, LW, #2, BR, A&, 447, R

de REFWA O TR S, R2RTARFGOFLERR: K, B8, &, B, RE, AR, 5, AKX

(5) Then categorize according to control:

If things are controlled more by the outside world, then the range of emotions you can choose from are: sadness, boredom, hope, fear, interest, frustration, surprise
If things are controlled by yourself, then you can choose from a range of emotions: happiness, anger, challenge, contempt, disgust, shame, pride, guilt.

(6) BARIEFAED %

o R O KA TSR, AR 2AARTT ARG 40 A2 . I}t R, B, AE, M, AR, AR

R B KA TALES, AR ARTARFGFSLAA: &5, B, LW, ”* M, AR, RAL, RE, &4, KT

(6) Finally, categorize according to responsibility:

If the user has a strong degree of self-responsibility, then the range of emotions you can choose from are: happiness, challenge, hope, pride, shame, guilt

If the degree of self-responsibility is weak, then the range of emotions you can choose from is: sadness, anger, boredom, fear, interest, contempt, disgust, frustration,
surprise.

e RE| TAER AR, REARERMTT —ALA, RARTARFIANFLLETA,

deRETRE—F, WRARRER ZALR, IRAMRT AL '—/\ilﬁi .

If by the time you get to any of the dimensions, you realize that you are left with only one option, then you can choose that emotional option.
If by the last step, you find that you have more than one option left, then you can choose one of the options at random.

RARAEZASA T L b dF: Bk, B4, B, AW, K, AL, B, HE, B, RE, #4r, RiF, B, AR, AK
You can only choose between these 15 emotions: [Happiness, Sadness, Anger, Boredom, Challenge, Hope, Fear, Interest, Contempt, Disgust, Frustration, Surprise, Pride,
\Shame, Guilt] Y,

Figure 5: Guideline for GPT-4 to find the most appropriate emotion

mark (Chen et al., 2022b). We compared with two

strong baselines: DialogXL (Shen et al., 2021) and Model Neg. Neu. Pos. Avg. Macro
BERT+AVG+MLP (Chen et al., 2022b). The re- Acc  Acc  Acc  Acc  FI

; “hi H DialogXL 60.45 4145 41.74 51.24 46.96
sults show that our trained model exhibits superior BERTAAVGAMLP 6140 4010 4295 2150 4802

performance in the ERC tasks, demonstrating its GLM-4-9B (CAPE) 71.05 44.42 4682 57.56 54.04

ability to better capture the nuances and complexi-

ties of emotional expressions in dialogues. Table 11: Emotion recognition in conversation (ERC)
tasks on the CPED benchmark (Chen et al., 2022b).
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s
EIERRE T

FRES BAR 1. AR EAFTAARIRR 2. A EARET, AHERE LN R A ET N ENS AR TS
HBEHAANNS MR : A FRETED L & HERE & 5iF
o inck
1. ARE £ A 532 (EmoCategory) : HiEH IR AIRE LR R FHAAMHFIXE
0=t sk ERIRAE, 1=tk R L&
T o RIR R 154
Bk, EAh, BUE, RE, K, AR, B, 4, B, RE, #47, WR9F, B, AR, AR
HMBHRAT, ThASHSGEOFERE, REEMNOHEFRERTARGERDT (7, F— 2 2RBREGTE, RE2ELSEGLRLT)
il EABETHRGFR, A2 “RE”, “WIf”7, “BRB FERRLLOHE, WEREE TR T —, Mits=1
2. NESHERE LA —H (EmoMatch) : HiEETEAEATHFAWERE LA
A5, 19=EF s GLENEEHERELRRAMR) , 3D=A SHE (FELFERERER—HYNE) , 5o=3FF Hb&
3. WAL E—# (SettingMatch) : R T4, HiEHTEALATHFEAMD TR
HEI-59, 15=3F RS GLIENEER TILFAMAGIEZE L) , 390=A 546 (AEFDPREALEAELR—R) , 5H=FiH
4. 3 pHEgARE£AR%E (Emolntensity) : HiEH 655N, SRR ERENHERERS Y (e.g, WRERMBRD>, 5N P B
T EE0-2%, 0=k AR Ihss, 19=r st R, 2= et B
5. 5% 432 (Coherence) : HiEH W iEENERATELS SATEM ETFXEH (ie., REAZHRI, T3 R BEIE)
HEEI-59, 19=3E% RbiE OUFARZH IR T RBEEGHR) | 390=A 54 (FEVEZHRL) , 5p=1EF bt
6. B RWE (Fluency) : WiEHMiEENERTAWMARHEM (i.e., HEFADTBELRAEEKRS M)
HHEI-5%, 19=—5LR, 39=H &, 59=3%

o>

SHREAS D)

%

Utterance Rating Manual

General objectives: 1. read the settings carefully 2. rate the reasonableness and intensity of the type of emotion + the reasonableness and fluency of the verbal content in the
corresponding settings
The data consists of two parts: Settings & dialog history & emotion labels & utterances.
Scoring Criteria
1. EmoCategory: Whether the speaker’s emotion label is appropriate for the character's scenario.
0 = label inappropriate, 1 = lable appropriate.
The label is limited to the following 15 categories:
Happy, Sad, Angry, Bored, Challenged, Hopeful, Fearful, Interested, Scornful, Disgusted, Frustrated, Surprised, Proud, Shameful, Guilty.
There may be more than one candidates for the same situation, as long as the emotion labels being reasonable (i.e., it is not required that the label must be the best one, as
long as it looks reasonable)
Example: if someone encounters something he hates, then “disgust”, “frustration”, “anger”, etc. are all reasonable emotions. If the emotion label belongs to one of them,
then the score = 1.
2. EmoMatch: Whether the content of the speaker’s utterance matches the type of emotion label.
Scores range from 1-5, with 1 = very inconsistent (the content of the speaker's speech is the exact opposite of the emotion label type), 3 = somewhat consistent (there is
some inconsistency with the emotion label), and 5 = very consistent.
3. SettingMatch: Whether the content of the speaker’s utterance matches the settings.
Score range 1-5, 1=very inconsistent (the content of the speech violates almost all of the setting points), 3=somewhat consistent (there are some inconsistencies between
the setting and the content of the speech), 5=very consistent
4. Emolntensity: the intensity of the emotion label in the speaker's content (e.g., if the label is <Anger>, what is the intensity of anger in the content).
The scale is 0-2, with 0 = no emotion, 1 = little emotion, and 2 = enough emotion.
5. Coherence: Whether the content of the speaker’s utterance fits into the logic of the current conversation (i.e., there is no logical confusion, no inconsistency).
Score range 1-5, 1=very inappropriate (almost always confusing & inconsistent), 3=somewhat appropriate (a little confusing), 5=very appropriate.
6. Fluency: Whether the content of the speaker's words is fluent and easy to understand (i.e., grammar and colloquialisms are not too much of a problem).
L Score range 1-5, 1=not at all, 3=somewhat, 5=very much

Figure 6: Guideline for human evaluation of generated data quality.
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Intra-individual factors:

AA

PEAE: GEMEY, MOy, ShEey, ASTRY, B
I B ARAR® : AKREE B AR

124 ARG : SREXFR DR
BRMAE: FEAERTABIREEN
XA ANSIERES A KK A
BMARAEA: ARRFANATEA TR
iR AR EANNCEEER S

BB
BeA: HAEAK, FHAkE, IERE, Hple, S
AR BARM® : F ARG E AR

25 BARMG: KEEX R BT
BRMAEA: i RF A G B BT T

RAMAEE: AAKRKTHRESE
BABRFER: RN F 3R a9 %4t

iRk A ACE R R ATR KA

Dialogue history:

AA: BEAAMNEE, EMNERFTATEARAE,

BB: 7 XA RS Rk, AARFEE. ZRAMNEET T
FHFee.

AA: BAve, BRGANZ $35R, &ML,

BB: ARANEIRAT RN, RAVE ARG AT H 0 ) 2 AR E .
AA: TR FEXC, EJ T OAGEAER F 4 — R R, #A0& 7K
K, AT A .

BB: %, JLAL k. . IREFE,

AA: R, AREARE T RIE, HES R,

Predicted utterances:

[ChatEMO] 4772477, IR H] ik 3% &0 1] o
[Ground Truth] 474747, APCiR & A6 FHATF o

[ChatEMO)] Fine, scratch that. Don't waste my time.

-

[GPT-4-0613] AF K3 A B RE 2 5240, Fh2E 2B AL,
[CharacterGLM-3] £ /# T A A AMNEE 4782, RBH Lok, REF KD, RIEMFELH?
[DeepSeek V2] AR &AMV LFIANFE, o B Firfe TAARTE K, THEAERLFH,

[Ground Truth] OK, OK, OK, just don't hold me up on anything else.

AA

Personality: cautious, careless, outgoing, friendly, sensitive
Achievement goal: Low orientation towards

Affiliation goal: High orientation towards affiliation

Empirical belief: Cleaning up enhances the environment of the park
Relational belief: Teamwork enhances community connections
Conceptual belief: Community service is a responsibility and honor
Knowledge: Socialization is good for mental health

BB

Personality: inventive, efficient, solitary, critical, sensitive

Achievement goal: High orientation towards

Affiliation goal: Low orientation towards affiliation

Empirical belief: Plans need to have the potential for efficient execution.
Relational belief: Individual performance is more important than teamwork
Conceptual belief: Effectiveness is the key to evaluating the success of an activity
Knowledge: Effective management is a prerequisite for success

AA: I have an idea, why don't we go clean up the park?

BB: Huh? That doesn’t make much sense, just a waste of time. Why don't we think of
something fun to do?

AA: Maybe, but look at all the trash, let's sweep it up.

BB: It's not going to get done, let's just figure out if it's worth the time.

AA: It's worth it, at least it'll keep the neighborhood clean for a while, so let's give it a try
and then change it.

BB: Ugh, there's no way around it... okay.

AA: Uh-huh, let's set up a plan then, it's more efficient.

[GPT-4-0613] Then I'll see how you've organized it before deciding how to work with it.
[CharacterGLM-3] I think we can see where it needs to be cleaned first, then divide up the work, and then clean up together at the end. What do you think?
[DeepSeek V2] Then we'll make a list of what needs to be done and the tools to do it, it'll be more efficient.

Figure 7: Comparison of generated utterances by top-performing LLMs
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Dialogue Rating Manual

General Objectives 1. read the settings carefully 2. score the quality of the dialog and the quality of the emotional expression for each conversation in the corresponding
setting
The data consists of two parts: Settings & Dialogue
Scoring Criteria
1.Coherence: Whether the dialog is contextually coherent (i.e., not confusing or inconsistent).
Score range 1-5, with 1 = not at all, 3 = somewhat, 5 = very much.
2 Naturalness: Whether the entire dialogue is natural, human-like, with Chinese speaking habits.
Scoring range 1-5 points, 1 point = not at all, 3 points = a little, 5 points = very much.
3.Correctness: Whether the label conforms to the given 15 emotions.
Score 0 = incorrect emotion label exist, 1 = with correct emotion label
Emotion label is limited to the following 15 categories:
Happy, Sad, Angry, Bored, Challenged, Hopeful, Fearful, Interested, Scornful, Disgusted, Frustrated, Surprised, Prideful, Shameful, Guilty.
4. Contextual Relevance: the degree to which the content of the generated dialogue is relevant to the setting.
Scoring range 1-5, 1=not at all, 3=somewhat, 5=very much
5. Emotional Relevance: the extent to which all emotions expressed in the dialogue are relevant to the setting.
Scoring range 1-5, 1=not at all, 3=somewhat, 5=very much

- J

Figure 8: Guideline for human evaluation of the quality of dialogues generated by different versions of our
framework.
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