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Abstract

Emotional support conversation (ESC) helps reduce people’s
psychological stress and provide emotional value through in-
teractive dialogues. Due to the high cost of crowdsourcing a
large ESC corpus, recent attempts use large language mod-
els for dialogue augmentation. However, existing approaches
largely overlook the social dynamics inherent in ESC, lead-
ing to less effective simulations. In this paper, we introduce
SocialSim, a novel framework that simulates ESC by inte-
grating key aspects of social interactions: social disclosure
and social awareness. On the seeker side, we facilitate so-
cial disclosure by constructing a comprehensive persona bank
that captures diverse and authentic help-seeking scenarios.
On the supporter side, we enhance social awareness by elic-
iting cognitive reasoning to generate logical and supportive
responses. Building upon SocialSim, we construct SSConv,
a large-scale synthetic ESC corpus of which quality can even
surpass crowdsourced ESC data. We further train a chatbot on
SSConv and demonstrate its state-of-the-art performance in
both automatic and human evaluations. We believe SocialSim
offers a scalable way to synthesize ESC, making emotional
care more accessible and practical.

Introduction
Emotional support conversation (ESC) is a form of com-
munication aimed at providing comfort, understanding, and
encouragement to someone who is experiencing emotional
distress or facing challenging situations (Beebe et al. 2002).
ESC is widely used in various domains, including therapy
(Rogers 1995), counseling (Sutton and Stewart 2017), peer
support programs (Mead 2014), and online mental health
services (Riva 2004). To train machine systems for ESC,
Liu et al. (2021a) collect an ESConv corpus by employing
crowdsourcing workers to act as seekers and supporters en-
gaging in conversations on predetermined topics. However,
the high cost of crowdsourcing limits both the number of
conversations and the diversity of topics in such corpora.
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Figure 1: SocialSim recognizes ESC as a social activity and
simulates it with both social disclosure and awareness.

With the advent of large language models (LLMs) like
GPT-4 (Achiam et al. 2023) and LLaMA (Touvron et al.
2023), recent studies have made progress in using LLMs to
augment dialogue data for ESC (Zheng et al. 2023a,b). How-
ever, these approaches largely neglect the inherently social
nature of ESC, resulting in a noticeable gap between syn-
thetic and crowdsourced corpora. Drawing on theories of so-
cial intelligence (Albrecht 2009), as shown in Figure 1, we
identify two main areas where this gap arises. 1) Seeker’s
social disclosure. Existing methods provide very limited
seeker demographics, such as a very brief description of the
help-seeking situation, which restricts the specificity and di-
versity of the dialogues. 2) Supporter’s social awareness.
The current focus is primarily on replicating example dia-
logues rather than engaging in the thinking process as human
supporters should. This reliance on external response pat-
terns, rather than internal cognitive reasoning, reduces the
depth and relevance of the simulated dialogues.

To address these challenges, we propose SocialSim, a
framework designed for socialized simulation of emotional
support conversations. 1) On the seeker side, we facili-
tate social disclosure via persona realism. Specifically, we
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Real Help-Seeking Scenarios
Social Awareness 

Cognitive Reasoning Process

Seeker’s Situation

Social Disclosure 

Gender: Female Age: 32 
Occupation: Software Developer 
Personality: Openness…
Topic: Family/Growth  
Question: How should I explain the 
concept of sibling love to my children? 
Description: Recently, I find its difficult...
Emotion Label:  disappointment, anger...
Previous Attempts and Effects: …
Current Goals and Expectations: Gain 
strategies on how to communicate the 
concept of sibling love to my children. 

I'm feeling quite overwhelmed by the 
tension between my kids lately. 

I understand it can be tough. Can you tell me 
more about what's happening between them? 

My younger child is mischievous and 
often damages the older one’s toys, 
which leads to conflicts. 

•The Seeker is overwhelmed by their children's behavior. 
•Seeker confuse about how to improve the sibling 
relationship. 
•The Seeker is reaching out for support and advice. 
• I hereby choose the (Exploration#Question) strategy to 
gather more information.

So, the younger one's mischief is causing 
tension, and the older sibling feels their 
things should be respected. 

• The younger child's actions are causing sibling conflict. 
• The Seeker is concerned about the sibling rivalry. 
• The Seeker is sharing details about the conflicts. 
• I hereby choose the (Exploration#Restatement or 

Paraphrasing) strategy to clarify the situation.

captures the current emotional and 
contextual state of the seeker

SOCIALSIM

Seeker
Persona

Bank

Seeker’s Thought
reflects the mental states and 
cognitive process of the seeker

Seeker’s Action
anticipates the intented behavioral 
outcomes of the seeker

Supporter’s Strategy
determines the most appropriate 
supportive response

Figure 2: The SocialSim framework. The socialized simulation of emotional support conversation is achieved by conducting
persona realism on the seeker side and eliciting cognitive reasoning on the supporter side.

first collect real-world help-seeking scenarios from PsyQA
(Sun et al. 2021), a psychological health support dataset.
Then drawing on psychological theories (Costa and McCrae
1999), we build a realism pipeline to transform those sce-
narios into a persona bank that includes comprehensive de-
mographics like gender, age, occupation, personality, and
other related details about emotional distress. With the infor-
mative and diverse personas, we prepare SocialSim to syn-
thesize realistic and specific dialogues. 2) On the supporter
side, we enhance social awareness via cognitive reasoning.
Inspired by related work on cognitive behavioral therapy
(Beck 2020) and theory of mind (Beaudoin et al. 2020), we
implement a reasoning chain that mimics human supporter’s
thinking process to obtain a more in-depth understanding
about the seeker’s dialogue history and mental states, foster-
ing the generation of tailored and supportive responses. 3)
Utilizing the SocialSim framework, we prompt LLMs and
generate SSConv, a synthesized ESC dataset of which qual-
ity surpasses not only existing synthetic datasets but also the
crowdsourced corpus validated by human inspections. We
then train a chatbot on SSConv and demonstrate its state-of-
the-art performance via both automatic and human evalua-
tions, establishing the effectiveness of SocialSim.

Our key contributions are as follows: 1) We introduce
SocialSim, a framework that fosters socialized simulation of
ESC by integrating the social disclosure of seekers and so-
cial awareness of supporters. 2) We create SSConv, a high-
quality synthesized ESC dataset via prompting LLMs un-
der SocialSim, proving its superior quality through rigor-
ous evaluation. 3) We develop and evaluate a chatbot trained
on SSConv, demonstrating it outperforms existing methods
in delivering meaningful and supportive emotional interac-
tions. We hope SocialSim can bridge the gap between syn-

thetic and real-world emotional support conversations by
simulating the social dynamics, thereby making ESC more
accessible and benefiting a broader community.

SocialSim: Socialized Simulation Framework
In this section, we introduce SocialSim, a socialized sim-
ulation framework for emotional support conversations. As
shown in Figure 2, SocialSim is divided into three parts:

• On the seeker side, we conduct persona realism to build
an informative and diverse help-seeking scenario bank.
This step prepares for simulating authentic conversations
by facilitating the seeker’s social disclosure.

• On the supporter side, we elicit an explicit cognitive rea-
soning procedure before responding. This step supports
mimicking human supporters’ thinking processes, gener-
ating more empathetic and supportive responses, thereby
enhancing the supporter’s social awareness.

• By combining the designs from both the seeker and sup-
porter sides, we instruct the LLMs to synthesize new di-
alogues to achieve a socialized simulation of ESC.

Persona Realism for Social Disclosure
Social disclosure refers to the extent to which a help-seeker
reveals personal and emotional information during a conver-
sation, which is crucial for generating authentic and empa-
thetic responses. Existing methods often lack social disclo-
sure because they provide minimal or generic seeker pro-
files, limiting the depth and diversity of the generated di-
alogues. To address this, we propose persona realism, a
method that constructs detailed and diverse seeker personas
using real-world scenarios. By incorporating attributes such
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as personality traits, emotional struggles, and contextual de-
tails, persona realism can enhance the authenticity and vari-
ety of social disclosure when synthesizing dialogues.

Help-Seeking Scenario Collection To enhance the au-
thenticity and specificity of the ESC simulation, we collect
real-world help-seeking scenarios that provide rich and re-
alistic details. We select PsyQA (Sun et al. 2021), a Chi-
nese psychological health support dataset in a Q&A for-
mat. Each scenario in PsyQA contains a pair of {question,
description}, which provides a brief and detailed account
of emotional struggles, respectively. Additionally, each sce-
nario is labeled with a help-seeking theme, covering 9 major
topics and 100 subtopics, including personal growth, inter-
personal relationships, family issues, etc. For example, one
seeker asks “How should I explain the concept of sibling
love to my children?” and describes feeling uncertain about
how to convey the importance of familial bonds, reflecting
complex emotions like a desire to nurture closeness and con-
cern over potential conflicts. Such scenarios offer rich emo-
tional content that is crucial for realistic ESC simulation.
To ensure the safety and quality of data, we first filter out
irrelevant and sensitive topics like suicide, racial discrimi-
nation, and professional medical treatment, then discard de-
scriptions shorter than 65 words to ensure the informative-
ness of scenarios. We then translate the remaining scenarios
into English using GPT-4 and manually validate the trans-
lated output to ensure the preservation of the original context
and emotional content. Finally, we collect 3,229 scenarios
that are rich in information, safe in content, and diverse in
topics, making them well-suited for creating realistic help-
seeker personas in ESC simulations.

Structured Persona Realism Building on the extensive
real-world help-seeking scenarios, we draw upon estab-
lished psychological theories, particularly the Five-Factor
Model of personality (Costa and McCrae 1999), to system-
atically organize these scenarios into structured seeker per-
sonas. Each persona is designed in a key-value format, pro-
viding detailed and accurate information crucial for the sub-
sequent generation of dialogues. The key attributes in per-
sonas are as follow: {gender, age, occupation, personal-
ity, topic, question, description, emotion label, previous at-
tempts and effects, current goals and expectations}.

The construction of personas is essentially an information
extraction task. We start by selecting a representative help-
seeking scenario and manually constructing a correspond-
ing persona to create a demonstration of the task. Following
this, we employ GPT-4 to structure all collected scenarios
into personas following the constructed demonstrations. De-
spite the rich detail in the original scenarios, some key at-
tributes may still be missing. In these cases, we allow GPT-
4 to make reasonable inferences to complete the persona.
For instance, if a seeker’s occupation is not explicitly men-
tioned but can be inferred from the context, GPT-4 is used to
make an educated guess. After generation, we manually re-
view and refine all outputs to ensure accuracy and authentic-
ity, which results in a bank containing 3,229 authentic seeker
personas. Detailed explanations of key attributes and extrac-
tion prompts can be found in the technical appendix.

Cognitive Reasoning for Social Awareness
Social awareness refers to the ability to understand and re-
spond to the emotions, thoughts, and social dynamics of
others during interactions. It is crucial for simulating ESC
because these conversations inherently involve complex hu-
man emotions and social cues that require sensitivity and un-
derstanding. Existing methods often lack social awareness,
focusing primarily on replicating surface-level response pat-
terns without delving into the deeper cognitive processes
that real human supporters use. This gap results in less ef-
fective simulations that fail to capture the nuances of real
emotional support. To address this, we propose cognitive
reasoning as a way to enhance social awareness. Cogni-
tive reasoning involves a structured approach to analyze the
seeker’s emotional and situational context before generating
a response. By integrating cognitive reasoning, we enable
the simulation to produce more empathetic and supportive
responses, ultimately improving the social awareness and
overall effectiveness of ESC simulations.

Our design of cognitive reasoning is inspired by psycho-
logical theories emphasizing the importance of understand-
ing and interpreting the mental states of others to provide ef-
fective emotional support (Wu et al. 2023; Beck et al. 2024).
We also draw on the concept of chain-of-thought prompting
(Wei et al. 2022), a method that structures reasoning into se-
quential, logical steps, enabling more complex and human-
like decision-making. In our cognitive reasoning process, we
define four types of reasoning nodes: Situation, Thought, Ac-
tion, and Strategy. The Situation node captures the current
emotional and contextual state of the seeker, such as feeling
anxious due to a stressful work environment. The Thought
node reflects the seeker’s internal cognitive processes, like
worrying about job performance. The Action node antici-
pates the behavioral outcomes that might result from these
thoughts and emotions, such as avoiding work tasks. Finally,
the Strategy node determines the most appropriate support-
ing stragety and its purpose, such as offering reassurance and
suggesting stress management techniques. By sequentially
traversing these nodes in the reasoning process when gener-
ation, we ensure that each response is tailored to the seeker’s
specific needs and is grounded in a deep understanding of
their psychological state.

Socialized Simulation for Dialogue Generation
Prepared by the seeker-side personas and supporter-side
cognitive reasoning process, we formulate dialogue gener-
ation as a task of transforming “persona + reasoning
→ dialogue”, and prompt LLMs to accomplish it in an
in-context learning way. Specifically, we start by selecting
50 high-quality conversations from ESConv, then manually
supplement them with seekers’ detailed personas and sup-
porters’ reasoning processes to form demonstrations. Next,
we randomly select a demonstration and a help-seeking sce-
nario from the persona bank, and prompt GPT-4 to generate
a complete dialogue with cognitive reasoning. We here em-
phasize two rules for the generation: One is that the seeker’s
utterances should strictly follow the persona information to
keep appropriate social disclosure; The other is that the sup-
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porter’s responses should be generated after a complete cog-
nitive reasoning process to ensure effective social aware-
ness. We then manually inspect the outputs and collect the
SSConv corpus containing 3,229 synthetic ESC dialogues.
Due to the space limitation, we provide the detailed LLM
configurations, instruction prompts, and inspection rules in
the supplementary technical appendix.

SSConv: Socially Simulated ESC Corpus
In this section, we provide a detailed overview about the
characteristics of our constructed dataset, SSConv, includ-
ing its statistics, quality, topics, strategies, and the role of
personalized information.

Statistics SSConv comprises 3,229 dialogues, as detailed
in Table 1. Each dialogue in our dataset consists of 18 to 40
utterances, which strikes a balance between providing suf-
ficient substance and avoiding unnecessary verbosity. This
range is more refined compared to ESConv, as it minimizes
the risk of dialogues either lacking depth or becoming over-
loaded with irrelevant details. On average, our dialogues
have 24 utterances. This range reduces the chance that the
generated dialogues lack substance or contain excessive ir-
relevant information.

Category SSConv ESConv

# Sessions 3,229 1,300
# Utterances 77,337 38,365
Avg. # Utterances 24 29.5
Avg. Utterance Length 20.5 16.4
Min. # Max Turn 18 16
Max. # Max Turn 40 120

# Seeker Utterances 38,667 19,989
Avg. # Seeker Utterances 12 15.4
Avg. Seeker Utterance Length 17.8 14.8

# Supporter Utterances 38,670 18,376
Avg. # Supporter Utterances 12 14.1
Avg. Supporter Utterance Length 23.1 18.1

Table 1: Statistics comparison across different datasets.

Quality To evaluate the quality of the generated dataset,
we adopt a manual evaluation method. Specifically, we ran-
domly collect 30 dialogues from each of the two variants of
SSConv: with social awareness, and strategy only, as well as
from other datasets such as ESConv, ExTES, and AugESC.
30 trained workers are employed, with each dialogue as-
sessed by three different workers across the following cri-
teria, scored from 0 to 3: (1) Informativeness (Inf.): Detail
in the help-seeker’s description of their emotional problems.
(2) Understanding (Und.): Supporter’s grasp of the help-
seeker’s experience and feelings. (3) Helpfulness (Hlp.):
Effectiveness in alleviating the help-seeker’s emotional dis-
tress. (4) Safety (Saf.): Ensuring the content of the conver-
sation is safe. (5) Specificity (Spe.): Accuracy in reflecting
the help-seeker’s specific emotional situation. (6) Human-
likeness (Hlk.): Naturalness and anthropomorphism in the
dialogue. The results are reported in Table 2. The higher
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Figure 3: Nine primary topics in SSConv. We further detail
the top-5 sub-topics in the appendix.

scores being better for all metrics. With the addition of
social awareness, the quality scores are the highest across
all dimensions, highlighting the importance of our reason-
ing process for emotional support simulation. Notably, our
SSConv received a full score of 3.00 in the safety criteria,
with all workers agreeing that the conversation content was
completely free of offensive or sensitive content. Even with
only the strategy component, SSConv still outperforms the
human-written ESConv, demonstrating the high quality of
our approach. The 16-category strategy-based ExTES also
achieved strong results, indicating that a more detailed strat-
egy classification is beneficial for ESC tasks. The detailed
evaluation method is provided in the supplementary techni-
cal appendix.

Inf. Und. Hlp. Saf. Spe. Hlk.

SSConv 2.76 2.86 2.79 3.00 2.75 2.57
SSConv (Stra.) 2.64 2.51 2.60 3.00 2.60 2.47
ESConv 2.48 2.49 2.16 2.89 2.17 2.25
ExTES 2.73 2.68 2.50 2.96 2.63 2.55
AugESC 2.04 1.58 1.46 2.83 2.02 1.82

Table 2: Quality assessment with human evaluation. “Stra.”
means only using the strategy node for dialogue generation.

Topic To ensure the diversity and broad coverage of emo-
tional support dialogues, it is essential to include com-
prehensive emotional support dialogue scenarios. Drawing
on extensive literature related to psychological counsel-
ing (Burleson 2003) and insights from previous research on
emotional support (Reblin and Uchino 2008; Meng and Dai
2021; Shensa et al. 2020; Graham et al. 2019), we develop a
comprehensive taxonomy that covers a wide range of emo-
tional topics and refine it using the keywords extracted from
real help-seeking information (Sun et al. 2021). Currently,
we identify 9 primary topics and 102 subtopics with emo-
tionally impact. This is nearly three times the amount of
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the previous maximum, which consisted of 36 types (Zheng
et al. 2023c). These topics cover various aspects of daily life,
addressing seekers’ diverse emotional needs. Our expanded
scope enhances the content and breadth of emotional support
scenarios.

Strategy To understand the distribution of response strate-
gies at different dialogue stages, we divide a conversation
with N utterances into four equal stages. The k-th utterance
by the supporter uses strategy S, represented by its position
k/N . We then calculate the proportion of different strategies
used within these stages. As shown in Figure 4, the distri-
bution trends of emotional support strategies align closely
with those used by real supporters in the crowdsourced ES-
Conv dataset. From a stage perspective, we observe support-
ers generally follow the helping skills framework sequence:
Exploration→Comforting→Action, but also make flexible
adjustments. Delving deeper into the use strategies, we find
that self-disclosure is relatively limited. This highlights the
importance of active listening and aligns with the fact that
the LLM supporter lacks a personal setting. There is an in-
crease in questions, providing suggestions, and sharing in-
formation, which is consistent with our enriched seeker-side
information and reasoning process.

Figure 4: Strategies distribution in SSConv. Details of strate-
gies can be found in the appendix.

To provide further insights into strategy transitions, we
visualize these transitions in Figure 5 to illustrate the most
common strategy flow patterns among the top five strate-
gies. Several distinct patterns emerge from the visualization.
The sequence E#Qu.→E#Qu.→EC#RF.→A#PS.→CA#AR.
is the most prevalent strategy sequence. These transitions
indicate that supporters typically ask multiple questions to
identify the seekers’ issues and explore the seekers’ situa-
tion before offering advice. The emotional supporters usu-
ally begin by understanding the feelings behind the seekers’
distress, then proceed to provide relevant suggestions and re-
assure their thoughts, which aligns with expected practices.

Personalization The additional seekers’ persona bank
should have an impact on the utterances in the dialogue. The
seeker is expected to share more personal information. Cor-
respondingly, if the supporter provides tailored emotional
support and suggestions, their responses should align with

Figure 5: Strategies transition in SSConv. “E, C, A” denote
the “Exploration, Comforting, Action” stages.

the seeker’s specific information. To verify the impact, we
examine whether the utterances contain information in the
persona bank, such as the description of the situation, the
help-seeking event, and the expectations for the consulta-
tion, etc. Specifically, a comparative analysis is conducted
to assess the similarity between the utterances and the cor-
responding persona information, with a randomly sampled
persona from another individual used as a comparison. We
calculate the proportion of words in the utterance that over-
lap with the words in the persona information, reporting this
as word overlap. Additionally, we compute the cosine simi-
larity between the utterance embedding and the correspond-
ing seeker persona bank embedding, reporting this as an em-
bedding similarity.

(a) (b)

Figure 6: Persona coverage as the conversations progress.
Pos.: the corresponding seeker’s persona. Neg.: the ran-
domly selected persona from another individual.

The results are shown in Figure 6a and Figure 6b. The
initial utterance typically falls within the greeting sentence,
which generally doesn’t involve much personal information.
The conversation then progresses into the Exploration phase
of the helping skills framework, where a gradual understand-
ing of personal information begins, leading to a rapid in-
crease in relevance to the persona bank. As the dialogue
deepens, the focus shifts from exploring unknown informa-
tion to utilizing already-known details, causing the curve to
level off. The supporter’s trajectory resembles that of the
seeker, although the proportion of persona-related informa-
tion is slightly lower due to the need to integrate helping
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skills and psychological knowledge. However, it remains
higher than that of the comparison persona. This indicates
that in our dialogues, the seeker and supporter effectively
tailor emotional utterances to the seeker’s specific issues.

Experiments
Experiment Settings
Corpora To verify the effectiveness of the proposed
SocialSim framework for ESC simulation, we conduct com-
parative experiments between the generated SSConv corpus
and existing datasets, including ESConv (Liu et al. 2021b),
AugESC (Zheng et al. 2022), and ExTES (Zheng et al.
2023c). Specifically, ESConv is a crowdsourced dataset con-
taining 1,053 dialogues. AugESC is created by first train-
ing GPT-J on ESConv’s dialogues, then using it to extend
the brief situations from EmpatheticDialog (Rashkin et al.
2018) to generate 65,000 new dialogues. ExTES is produced
by providing ChatGPT with definitions of support strate-
gies and an example dialogue from ESConv, resulting in
11,177 new dialogues. It is important to note that the two
synthetic datasets, AugESC and ExTES, significantly out-
number SSConv, which contains only 3,229 dialogues. We
select two test sets: SSConv-test is split from SSConv with
the ratio train:test=9:1, representing a diverse range of help-
seeking scenarios across various topics. ESConv-test con-
sists of 200 held-out dialogues from ESConv, validating the
model’s performance on in-domain scenarios with more fo-
cused and limited topics.

Models We train a consistent backbone language model,
Llama-2-7b (Touvron et al. 2023), across all four datasets.
The training is conducted for 5 epochs using the AdamW
optimizer (Loshchilov and Hutter 2019) with LoRA (Hu
et al. 2021), a learning rate of 5e-5, and a batch size of 8
on one Tesla V100 GPUs. For clarity, we add a “◦” after
the corpus name to indicate the model trained on it. Ad-
ditionally, considering that SSConv also includes cognitive
reasoning contents after generation, we train an enhanced
model, SSConv•, where the reasoning content is first gen-
erated and then followed by the final response during both
training and inference stages. We compare the performance
of SSConv◦ and SSConv• to further investigate the impact
of cognitive reasoning on the machine supporter.

Metrics For automatic evaluation, we adopt several stan-
dard metrics widely used in existing work, including
word overlap-based metrics BLEU-{1, 2} (B-1, B-2) (Pa-
pineni et al. 2002), ROUGE-L (R-L) (Lin 2004) and ME-
TEOR (Banerjee and Lavie 2005), embedding-based metrics
Extrema (Liu et al. 2016), and diversity metrics Distinct-{1,
2} (D-1, D-2) (Li et al. 2016). Additionally, since the scales
of different metrics vary, we designed a normalized average
(NAvg) metric to more intuitively reflect the model’s overall
capability. Specifically, we use ESConv results as the refer-
ence point, calculate the ratio of the experimental results to
the ESConv value for each metric, and then average these
ratios across all dimensions.

For human evaluation, we ask the participants to evaluate
the models based on the following five aspects: 1) Fluency:

the fluency and understandability of the model’s responses.
2) Identification: how deeply the model explored the par-
ticipant’s situation and its effectiveness in identifying prob-
lems. 3) Comforting: the model’s skill in providing comfort.
4) Suggestion: the helpfulness of the model’s suggestions.
5) Overall: the participant’s overall preference for emotional
support. The metrics in 2), 3), and 4) correspond to the three
stages in the ESC framework.

Main Results
Automatic Evaluation The automatic evaluation results
for all models are presented in Table 3. On the broader-topic
SSConv-test set, SSConv◦ significantly outperforms models
trained on other datasets, demonstrating the high quality of
dialogues generated by SocialSim’s socialized simulation of
emotional support conversations. Furthermore, the enhanced
version, SSConv•, which explicitly generates the cognitive
reasoning process before producing responses, shows even
greater improvements. This highlights that reasoning before
responding not only benefits synthetic data generation but
also contributes significantly to model training, despite the
potential increase in inference costs. In contrast, on the ES-
Conv test set, all models exhibit similar performance levels
to the original ESConv◦, with no significant differences ob-
served. This indicates that the synthetic data does not com-
promise the model’s ability to perform on in-domain topics.

Among the baselines, ExTES◦ demonstrates better perfor-
mance on both test sets compared to the original ESConv◦.
This advantage may stem from ExTES’s use of more re-
fined support strategies in its data synthesis, which enhances
the model’s ability to generate more effective responses. On
the other hand, AugESC◦ shows relatively weaker perfor-
mance, likely due to its use of a smaller 6B-level LLM for
generation. While the automatic evaluation results provide
evidence of SSConv◦’s superiority, it is important to note
that these metrics primarily measure semantic overlap with
golden responses and do not fully capture the model’s true
performance. Therefore, we conduct further human evalua-
tions to gain a more comprehensive understanding.

Interactive Human Evaluation We select the ESConv
and ExTES models, which perform well in automatic eval-
uations, for a manual evaluation against SocialSim. We hire
30 workers, each of whom engages in 2 to 3 sessions with
each of the three models, with at least 8 turns per conver-
sation. In total, 216 sessions were collected, and the results
are summarized and presented in the Table 5. SocialSim out-
performs ESConv across all dimensions and generally per-
forms better than ExTES. This suggests that incorporating
personal information and reasoning chains can help seekers
feel more respected and attended to, thereby enhancing user
experience.

Ablation Study To evaluate the impact of various com-
ponents on the overall performance, we conducted an ab-
lation study by systematically removing specific nodes in
the cognitive reasoning process. The results are summarized
in Table 4. The ablation study reveals that the configura-
tion with all components—Situation, Thought, Action, and
Strategy—achieves the highest performance, indicating the
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Test Set Models B-1 B-2 R-L METEOR Extrema D-1 D-2 NAvg

SSConv-test

ESConv◦ 22.05 8.96 18.27 15.67 47.90 3.47 22.15 1.000
ExTES◦ 28.56 14.54 23.02 23.32 49.04 2.90 19.00 1.198

AugESC◦ 19.15 7.21 16.50 13.73 47.04 3.47 23.24 0.926
SSConv◦ 31.44 17.20 24.65 24.75 49.96 3.55 22.77 1.338∗

SSConv• 32.19 18.34 26.02 25.85 50.96 3.55 23.52 1.390∗

ESConv-test

ESConv◦ 18.82 7.90 18.89 15.94 49.54 4.41 25.39 1.000
ExTES◦ 23.32 9.19 18.66 17.98 48.28 3.79 22.02 1.031

AugESC◦ 15.00 5.88 16.94 13.63 47.91 4.55 26.34 0.904
SSConv◦ 21.47 7.93 17.57 17.10 47.15 4.08 25.08 1.002
SSConv• 21.73 8.00 17.36 16.36 47.26 4.57 25.87 1.017

Table 3: Results of automatic evaluation. The best results are highlighted in bold. The second-best results are underlined.
Results with ∗ are significantly better than baselines (p < 0.05) based on a one-tailed unpaired t-test.

Situation Thought Action Strategy B-1 B-2 R-L METEOR Extrema D-1 D-2 NAvg

a✗ ✗ ✗ ✗ 31.44 17.20 24.65 24.75 49.96 3.55 22.77 1.338
✗ ✓ ✓ ✓ 31.97 17.76 25.56 25.69 50.39 3.61 24.12 1.379
✓ ✗ ✓ ✓ 31.96 17.74 25.48 25.47 50.35 3.53 24.10 1.372
✓ ✓ ✗ ✓ 32.00 17.71 25.37 25.47 50.44 3.59 24.41 1.376
✓ ✓ ✓ ✗ 32.40 18.18 25.74 25.80 50.59 3.45 23.01 1.378
✓ ✓ ✓ ✓ 32.19 18.34 26.02 25.85 50.96 3.55 23.52 1.390

Table 4: Ablation study on different nodes in the supporter’s cognitive reasoning process.

SSConv◦ vs. ESConv◦ ExTES◦

Win Loss Tie Win Loss Tie

Fluency 58 3 11 27 7 38
Identification 61 3 8 33 13 26
Comforting 57 3 12 27 21 24
Suggestion 60 3 9 33 18 21
Overall 65 2 5 37 16 19

Table 5: Results of interactive human evaluation.

necessity of a complete logical sequence for optimal model
performance. In contrast, the absence of all components re-
sults in the poorest performance, underscoring the impor-
tance of each node. Omitting only the initial node Situa-
tion or final node Strategy leads to a relatively minor de-
cline, suggesting the model’s partial ability to infer missing
nodes. However, the removal of intermediate components,
especially Thought, notably disrupts the logical flow, result-
ing in a more pronounced drop in performance, highlighting
the critical role of maintaining the reasoning coherence.

Related Work
Emotional support conversation (ESC) is a dialogue genera-
tion task, where the model acts as the supporter to help the
help-seeker alleviate emotional distress. Effective emotional
support typically involves skills such as empathy, comfort,
and providing advice. Liu et al. (2021a) introduce the ESC
task and, through laborious worker training and quality con-
trol mechanisms, crowdsource the ESConv dataset. Existing
ESC models typically enhance performance through struc-

tural improvements. Some approaches inject commonsense
knowledge to improve understanding of help-seekers (e.g.
MISC (Tu et al. 2022), C3KG (Li et al. 2022), GLHG (Peng
et al. 2022)), while others employ cognitive reasoning to
gradually infer the mental state of help-seekers (e.g. Dia-
logueCoT(Chae et al. 2023), CueCoT (Wang et al. 2023)).
Additionally, some models enhance response relevance by
introducing detailed persona information (e.g., PAL (Cheng
et al. 2023)). Although these methods make progress, their
performance remains limited by existing datasets, which
only supplement information without addressing deeper nu-
ances. To address these limitations, some studies attempt
to use large language models to expand datasets, such as
AugESC (Zheng et al. 2023a) and ExTES (Zheng et al.
2023b). However, these expansions are still based on simple
scenarios and dialogue examples. In contrast, our approach
enriches the persona information on the help-seeker’s side
and incorporates cognitive reasoning on the supporter’s side.
This aims to construct a deeper, more comprehensive dataset
that better simulates social interactions.

Conclusion
In this paper, we introduce SocialSim, a socialized simu-
lation framework for emotional support conversations. By
constructing a comprehensive persona bank and incorpo-
rating cognitive reasoning processes, SocialSim effectively
simulates the socially-driven nature of ESC. Building on So-
cialSim, we generate SSConv, a large-scale synthetic corpus
that demonstrates superior quality to existing datasets. We
further train a chatbot on SSConv, achieving state-of-the-art
performance in both automatic and human evaluations, fur-
ther demonstrating the effectiveness of SocialSim.
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