The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

An LLM-Based Simulation Framework for
Embodied Conversational Agents in Psychological Counseling

Lixiu Wu*!, Yuanrong Tang*!, Qisen Pan', Xianyang Zhan', Yuchen Han', Lanxi Xiao',
Tianhong Wang', Chen Zhong', Jiangtao Gong'’

' Al Industry Research, Tsinghua University, Beijing, China
wulx1102@gmail.com, tangxtong2022 @ gmail.com, gongjiangtao @air.tsinghua.edu.cn

Abstract

Due to privacy concerns, open dialogue datasets for mental
health are primarily generated through human or Al synthe-
sis methods. However, the inherent implicit nature of psycho-
logical processes, particularly those of clients, poses chal-
lenges to the authenticity and diversity of synthetic data. In
this paper, we propose ECAs (short for Embodied Conver-
sational Agents), a framework for embodied agent simula-
tion based on Large Language Models (LLMs) that incor-
porates multiple psychological theoretical principles. Using
simulation, we expand real counseling case data into a nu-
anced embodied cognitive memory space and generate dia-
logue data based on high-frequency counseling questions. We
validated our framework using the D4 dataset. First, we cre-
ated a public ECAs dataset through batch simulations based
on D4. Licensed counselors evaluated our method, demon-
strating that it significantly outperforms baselines in simula-
tion authenticity and necessity. Additionally, two LLM-based
automated evaluation methods were employed to confirm the
higher quality of the generated dialogues compared to the
baselines.

Code —
https://github.com/AIR-DISCOVER/ECAs-Dataset

Introduction

Mental health counseling data plays a crucial role in multi-
ple applications: training novice counselors (Kuehne et al.
2018), developing Al-assisted counseling systems (Furlan
et al. 2021; Tang et al. 2025), and automating mental health
diagnosis (Ping 2024). However, the highly private and sen-
sitive nature of psychological counseling creates significant
barriers to collecting and sharing real counseling dialogue
data (Miner et al. 2019), hindering both Al development and
professional training in this field.

Current approaches to data scarcity fall into two cate-
gories. The first relies on simulated dialogues created by hu-
man, which offer high authenticity but are costly and may
introduce sampling biases due to limited expert availabil-
ity and individual perspectives (Schatzmann, Georgila, and
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Young 2005). The second leverages Al-based data synthe-
sis and augmentation, as demonstrated by domain-specific
models like HEAL (Yuan et al. 2024). Although these Al-
based approaches provide better scalability, they typically
capture only surface-level language patterns rather than
the underlying psychological complexity (Kjell, Kjell, and
Schwartz 2024). This limitation often results in distribution
shift and pattern collapse during self-training loops, leading
to progressive model degradation (Shumailov et al. 2024).

Recent advances in LLM-based agent simulation show
promising results in generating high-fidelity data for so-
cial science research, particularly through embodied agents
capable of simulating social experiences and interactions
(Liang et al. 2024; Wang et al. 2024b; Wang, Chiu, and Chiu
2023; Zheng et al. 2024). Notable examples include gener-
ative agents for social behavior modeling (Park et al. 2023)
and socially aligned language models (Liu et al. 2024).

However, simulating psychological counseling presents
unique challenges beyond general social simulation. Men-
tal processes, especially those of clients with psychologi-
cal conditions, are inherently complex and hidden beneath
observable behaviors (Sircova et al. 2015). While recent
works like patient-Psi (Wang et al. 2024a) and Roleplay-doh
(Louie et al. 2024) have made initial progress, effective sim-
ulation requires deep integration with psychological theo-
ries and counseling principles. Therefore, our core research
question is: How can we develop LLM-based simulations
grounded in psychological and counseling theories to gen-
erate authentic, rich counseling dialogue data that facilitates
research and development in this field?

To address these challenges and advance the field of psy-
chological counseling simulation, we introduce and imple-
ment a novel framework called ECAs designed to simu-
late the Embodied Conversational Agents in psychological
counseling, integrating counseling theories of Cognitive Be-
havioral Therapy (CBT) (Beck 2021) with diagnostic frame-
works. Our methodology begins with an extensive review of
psychological counseling theories, culminating in the for-
mulation of six essential principles and preliminaries for
simulation. Leveraging the capabilities of LLMs, we then
develop a sophisticated method to expand real counseling
case data, creating a highly realistic and nuanced embodied
cognitive memory space. Based on this, we construct coun-
selor and client agents that generate dialogue data simulat-



ing interactions between counselors and clients, carefully
crafted based on high-frequency counseling questions. To
rigorously assess the efficacy of our ECAs framework, we
employ the D* (Yao et al. 2022) dataset as a benchmark and
involve licensed human counselors in the evaluation process.

Our key contributions include: i) We introduce a novel
LLM-based social simulation framework for nuanced em-
bodied conversational agents in psychological counseling.
ii) By reviewing psychological theories, we derive six sim-
ulation principles for the ECAs framework. iii) The qual-
ity and authenticity of our simulations are validated through
both human expert evaluation and the D* benchmark. iv) We
generate a public ECAs dataset to support future research,
along with two LLM-based automated methods for evaluat-
ing dialogue quality.

Principles and Preliminaries for Simulation

The complexity of psychological counseling simulation ne-
cessitates a multi-faceted theoretical foundation, as it re-
quires modeling both intricate human characteristics and
professional therapeutic interactions. In this section, we in-
troduce six Simulation Principles and Preliminaries (SPs)
that enable ECAs to generate high-fidelity counseling con-
versations grounded in established psychology and psy-
chotherapy theories to address key simulation challenges.

SP1: Represent Comprehensive Life-Stage Experi-
ences. The primary principle of designing ECAs that au-
thentically represent a client’s life experiences across vari-
ous stages. This involves creating a comprehensive frame-
work for factual memories that incorporates both subjective
experiences and event data. The approach aims to capture
key long-term memories as well as recent memories, en-
hancing the understanding of the client’s life trajectory. This
goal is grounded in embodied cognition theory and research
on situational cues in memory recall, which emphasize the
importance of comprehensive and authentic representations
in psychological counseling

Formally, let L = [y, ..., [, be the set of life experiences,
each with temporal marker ¢; and subjective significance s;.
The life-experience representation is M (c) = f(L,T,S),
where T" and S are the temporal and significance mappings.
Experiences are categorized as past or recent; past experi-
ences are further divided by age into Childhood, Adoles-
cence, Youth, and Middle Age. Let L,., T;., and .S,. denote
recent experiences and their mappings. M (c) is represented:

4
M(c)=> " a;S;- f(Li,Ty) + BS: - f(Lr, T)
i=1
Here, o weights the four past stages, reflecting their stronger
lasting impact on the client’s psychological state, while 3
assigns a comparatively lower weight to recent experiences,
reflecting their relatively smaller impact.

SP2: Simulate Client’s Cognitive Processes. Mental dis-
orders manifest through distinct patterns of thinking and
behavior (Beck et al. 2024; Ellis 1962). Counseling theo-
ries provide systematic frameworks to understand these pat-
terns, with Cognitive Behavioral Therapy (CBT) being par-
ticularly influential in modeling thought structures (Beck

ey
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2020). Formally, let B, = by, ..., b, be core beliefs, B; =
i1,...,%, intermediate beliefs, and A = aq,...,a; auto-
matic thoughts, jointly shaping thought patterns P. The cog-
nitive process is C(¢) = g(Be, B;, A, P), where P maps
beliefs and experiences to automatic thoughts:

(bna im7 Zn) — Qg (2)
It models how core beliefs, intermediate beliefs and experi-
ences jointly shape automatic thoughts.

SP3: Integrate Detailed Perceptual Memories. Subjec-
tive emotions are crucial in psychological counseling. Iani
notes that events consist of perceptual information, reacti-
vating sensorimotor circuits during recall (Iani 2019). Cul-
bertson highlights ‘deep memory’ as bodily recollection of
trauma, revealing responses beyond verbal expression (Cul-
bertson 1995). We therefore integrate perceptual memories
of clients’ subjective experiences. This enhanced emotional
authenticity will enable more effective and true-to-life coun-
seling simulations. Let V'(¢) = h(&, &, §p, R) denote per-
ceptual memory, where &, &, &, are emotional, behavioral,
and physiological responses. R is represented as:

n m k
(Z bna Z ima Z ak:) — 567 gby fp
n=1 m=1 k=1

It models how core beliefs, intermediate beliefs and auto-
matic thoughts jointly shape these responses.

SP4: Model Social Interactions and Relationships. The
principle is to simulate the complex web of social inter-
actions and relationships that shape a client’s experiences
and behaviors. This framework aims to capture the nuances
of interpersonal dynamics, including familial bonds, friend-
ships, professional relationships, and broader social connec-
tions. By incorporating theories of social psychology and at-
tachment (Bowlby 1980), the goal is to create a realistic rep-
resentation of how social relationships influence a client’s
thoughts, emotions, and actions. Let R(¢) = rq,...,r, de-
note social relationships across five developmental stages.
Each r; encodes relationship networks and interaction pat-
terns for a developmental period, capturing the evolution of
social connections and their influences. R(c) is defined as:

5
R(c) = Z w; (Density(r;) + Familiarity(r;))  (4)
i=1
Where w; are coefficients that weigh the importance of rela-
tional Density and Familiarity across different stages.

SPS: Maintain Consistency in Data Synthesis. This
principle aims to preserve accuracy and coherence in client
portraits by aligning simulated social environments, cultural
backgrounds, and behavioral traits with real-world client
profiles. We seek to ensure temporal consistency in the se-
quence of simulated events and memories, while maintain-
ing contextual accuracy in generated physical environments
and social interactions. A key objective is to address lim-
itations of LLM-based data augmentation in complex and
sensitive counseling scenarios, as highlighted by recent re-
search (Fei et al. 2023; Navigli, Conia, and Ross 2023; Cil-
liers 2020), aiming to mitigate issues of data bias and incon-
sistency often encountered in sophisticated NLP tasks, par-
ticularly in sensitive domains like psychological counseling.

3)
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Figure 1: ECAs Framework Overview. The process consists of three steps: Step 1, extracting base information for the Client
Agent from real datasets; Step 2, expanding the agent’s two profiles during memory simulation to form a complete Client Profile,
and generating a embodied memory space, including beliefs, cognitive processes, and memories, based on this comprehensive
profile; Step 3, dynamically retrieving context-relevant memories during real conversations to ensure realism and consistency.

PS6: Enable Context-Driven Memory Retrieval. Al
agents for simulated clients require context-driven mem-
ory retrieval to provide realistic, adaptive responses. Sys-
tems like Patient-Psi (Wang et al. 2024a) and Roleplay-doh
(Louie et al. 2024) demonstrate this need. Effective mem-
ory retrieval enables Al agents to provide authentic interac-
tions in healthcare training (Li et al. 2024). Barsalou’s work
demonstrates that situational triggers activate embodied ex-
periences through pattern completion and inference (Barsa-
lou 2008), enhancing contextual relevance and memory re-
trieval in simulated counseling sessions. Our ECAs frame-
work employs a context-aware dynamic retrieval mechanism
to automatically access related memories, enhancing dia-
logue depth and authenticity in simulated client interactions.
For counseling questions from D*, at dialogue time step t,
the retrieval function m; = f(q:, M(c), Hy) selects rele-
vant memories from the client memory space M (c) based
on the counselor’s question ¢; and dialogue history H; to
guide high-quality response generation.

ECAs Framework

This section introduces our ECAs framework for gener-
ating psychological counseling interactions with embod-
ied Client Agents, covering memory space construction and
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high-quality dialogues generation. Section extracts base in-
formation in real client data from D* dataset. Section simu-
lates personal profile, social profile, and embodied memory.
Section describes memory retrieval for realistic counseling.
Section reports a pilot study and design iteration based on
therapist feedback to refine memory depth and relevance.

Real Dataset Process

To ensure that the generated embodied memories are
grounded in credible real-life data and are close to the mem-
ories of clients with psychological problems [SP5], we se-
lected the D* Chinese dialogue dataset, which includes real
client data and depression diagnosis information, as the key
basis for data generation. The portrait of the client col-
lected during the Portrait Collection phase of D* is used as
the foundational information for the Client Agent. The real
counseling dialogue data between the client and counselor
is extracted to provide context for profile generation, and
the summary from the Professional Diagnosis serves as the
description of the Client Agent’s current status.

Simulate Embodied Memory

Client Profile Generation Using real data extracted from
D%, the Client Agent’s profile is generated in two parts:



Client Personal Profile (see Figure 2) and Client Social Pro-
file (see Figure 3), ensuring a high degree of consistency
between persona and social relationships [SP1, SP4, SP5].

41 Client Personal Profile

@ Diagnosis

Depression Risk Level 3@ ® ®
Suicide Risk Level 200
Symptoms

High Risk
Moderate Risk

Li Xiulan lack of self-confidence X' low sense of self-worth
©Female significant weight gain X' psychomotor agitation
Age42 suicidal thoughts Xfeelings of guilt
Di"°’ffd Condition
Teacher Emotional disorder triggered by life events, not
meeting criteria for clinical depression
Persona
Character Hobbies Daily Habits
[Z®) asreading ﬂrgading. Weekdays
G switng "Ml 6am. gwakeup
" - 9 weekend repare breakfast
GEED  :icoch prepare
T &teaching park walks 5 . . & send child to school
8 a.m. @ start teaching
Dreams 4 p.m. ¢ return home
Appearance Short-Term Goal 10 p.m. @ prepare lessons
®  Strengthen bond with go to bed
'k her cr?ild
medium build Weekends
e Long-Term Goal Usually Take her child to
gA L . @  Be a better teacher to the park or reads at home
weight gain &% help more students Occasionally Meet friends

Growth Environment

Ear® P
e Birthplace Nanjing, Jiangsu

Past Experiences

@

Childhood

®a working-class family
@ high parental expectations
e®encouraged to study hard

@ University Nanjing Normal
University

e®excelled academically
e had few friends
e@introversion, often lonely

‘ -
Adolescence

@ teaching major
e chinese language teacher

Youth e married, and had a son
emarital issues
®amicable divorce

Recent @®a single mother

Figure 2: Client Personal Profile. The persona describes the
Client Agent’s basic information such as name, personal-
ity, and appearance, along with background and past experi-
ences to form a complete psychological trajectory.

Part 1, ECAs utilize the extracted portrait of the client
and counseling dialogue as inputs to generate the Client
Personal Profile via LLMs. This profile encompasses the
Client Agent’s recent stage, personality, appearance, hob-
bies, dreams, daily habits, and recent experience L, ccent-
Additionally, it backtracks the client’s growth environment
and summarizes past experiences Ly, constructing a co-
herent psychological trajectory, and aligning personality, be-
havior, and emotional states with life history for accurate
simulations of client’s emotions and behaviors. Part 2, to
align with Part 1, ECAs simulate the Client Agent’s social
networks R(c) across past and recent stages based on the
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Client Personal Profile and counseling dialogue. It reflects
changes in the number and familiarity of social connections
over time, providing external insights into how social envi-
ronments trigger and sustain depressive symptoms.

12:\;9p72 8 Client Social Profile
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3
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3 3
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Figure 3: Client Social Profile. The evolution of the Client
Agent’s social network and relationships over time is re-
flected, reinforcing the consistency between the social in-
teraction memories and personal profile.

Client Embodied Memory Generation To address the
lack of task-specific information in data generated by LLMs,
we designed a 4-phase LLM-based generation paradigm (see
Figure 1) grounded in CBT theory. This paradigm generates
the Client Agent’s core beliefs B., intermediate beliefs B;,
factual memories from experiences L, automatic thoughts A
and perceptual memories' V' (c) across different life stages
based on the two profiles [SP2, SP3, SP5].

Phase 1: Generating beliefs. Using Client Personal Pro-
file and Client Social Profile, we first generate recent-stage
core beliefs B, and intermediate beliefs B;, with B, guid-
ing memory simulation. Then, by backtracking through de-
scriptions of past stages, environments, and the Client Social
Profile, we derive B; for each past stage. Each intermediate
belief 7, within B; covers attitudes toward the self, others,
and the world, the rules the client follows in specific problem
areas, and associated positive and negative assumptions.

Phase 2: Identifying key events. The generation process
is consistent across both recent and past stages, as well as
in Phase 3 and Phase 4, with all stages using the Client Pro-
file as input. Notably, ‘diagnosis’ influences only the recent
stage, as illustrated in Algorithm 1. The LLMs analyze key
experiential and observational events, which form the ba-
sis of the Client Agent’s experiences L and cause shifts or
cognitive changes at each stage with a timeframe of occur-
rence. Each event is refined into 1-3 descriptions, establish-
ing cause-effect relationships among them.

Phase 3: Forming factual memories. Both recent and past
key events from Phase 2 are reviewed and optimized for re-
alism. The focus is on enriching factual details and ensur-
ing emotional authenticity while avoiding abstract descrip-

"The concepts of core beliefs, intermediate beliefs, and auto-
matic thoughts are derived CBT theory. Factual memories and per-
ceptual memories are novel concepts introduced in this framework
to enhance the simulation of client experiences.



Algorithm 1: Event and Memory Generation Across Stages

Input: P: client personal profile without diagnosis; P*:
client personal profile with diagnosis; G: growth envi-
ronment; S client social profile; B: core and intermedi-
ate beliefs; List = [1, 2, 3, 4, 5] {1: Childhood, 2: Ado-
lescence, 3: Youth, 4: Middle Age, 5: Recent Stage}

Output: FE: Can be key events, factual memories, and per-
ceptual memories

1: Num < calculate_number_of_past_stages(client.age)
2: for each ¢ € List do

3. if ¢ < Num then

4: E < P[i]+ G + S[i] + B[]

5:  else

6: i <— 5 {Force i to be 5 for the recent stage}
7: E < P*[i] + G + S[i] + BJi]

8: endif

9: end for

tions. Each key event follows the 4W1H (Who, What, When,
Where, How) format and integrates into a complete event
description, which serves as Client Agent’s factual memory.
Phase 4: Developing perceptual memories. Automatic
thoughts A, being rapid responses to situations, stem directly
from B, and B;. Each automatic thought a; links its corre-
sponding core belief b,, and 7,,. These thoughts and beliefs
are further analyzed to generate likely emotional responses
&e, behavioral responses &, and physiological responses &,
forming the Client Agent’s perceptual memory V (c).

Real Conversation

To simulate realistic counseling interactions, the Client
Agent employs a scenario-driven dynamic retrieval mech-
anism to extract memories most relevant to the dialogue
history H; and counselor’s questions g; before responding
[PS6]. As real clients do not explicitly and actively mention
general B, or B; during counseling, the retrieved memory
types are limited to factual memory from L, V' (c), and A.

First, LLMs analyze the H; between the Client Agent and
the counselor, determine the required memory type for the
response, and memories containing matching keywords kw
are retrieved from M (c), and m is the memory entry:

Mmatched = {m S M(C) | kw(m)ﬂkw(thHt) 7& (Z)} (5)

Next, cosine similarity is calculated between the vector
representations of the conversation context and each mem-
ory, selecting the top-3 most relevant memories:

m

my = sort ({ ‘ Um € m’matched}) [: 3} (6)
[[vel vl

Here, v, is the vector representation of ¢, and v,, is the vec-
tor representation of each memory m. This process ensures
that the most semantically relevant memories are retrieved
and ranked for the response.

Ve * U

Pilot Study and Iteration

Refinement Process The pilot study underwent three iter-
ations to refine the Client Agent’s embodied memory genera-
tion and its use in counseling scenarios. In the first iteration,
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we consulted a therapist to align the memory construction
approach with psychological principles. In the second iter-
ation, two therapists evaluated the consistency of the opti-
mized memory scripts with the client profile. However, feed-
back revealed that script evaluation alone did not fully cap-
ture the memory’s function in real conversations and could
affect assessments of depression and suicide risk, highlight-
ing the need for a more interactive method. In the third iter-
ation, we generated dialogue data using therapist questions
to assess the memory’s application in counseling. An LLM
extracted highly relevant memory-related questions from the
D* dataset. While the memory was reasonable and aligned
with the client profile, it lacked depth in addressing suicide
risk, eating behaviors, and probing questions.

Result Based on the findings, we refined the depth and
completeness of the extracted questions. We carefully res-
elected questions from the D* dataset, focusing on five key
areas: depression risk, eating behavior, sleep patterns, sui-
cide risk, and social life. These questions were further ex-
panded to explore onset, frequency, intensity, duration, and
context, forming a comprehensive set of fourteen questions
aligned with real counseling needs.

Evaluation
Dataset Construction

To support expert and automated evaluations, we construct a
dataset using the ECAs framework based on D* real data.

Memor
Dataset Group APiyLM Avg MN
FM PM CB IB
D* Depression o )
(Yao et al. 2022) clients
CharacterDial Social 6 v 1
(Zhou et al. 2024) Characters - T
PATIENT-U-CM  Mental
(Wang et al. 2024a)  clients 4 vVvv - 1
ECAs-dataset Depression
(ours) clients 25 v vV v vV v 1346

Table 1: Comparison with related datasets. AP: Attributes of
Profiles, FM: Fact Memory, PM: Perceptual Memory, CB:
Core Belief, IB: Immediate Belief, LM: Life-stage experi-
ence and Memory retrieval, MN: Memory Nodes.

It includes two key components: (1) detailed personal pro-
file and social profile for 451 Client Agents, (2) a compre-
hensive and substantial embodied memory space for 100
of these Client Agents. Each memory space consists of ap-
proximately 400 to 1,500 individual memories, which are
grouped into memory nodes. Each memory node encapsu-
lates a complete set of factual memories, perceptual mem-
ories, and cognitive processes, capturing diverse stages and
experiences across the client’s lifetime.

Our dataset was compared with related datasets and
demonstrated its distinctive feature of containing a greater
quantity and diversity of embodied thinking information
(see Table 1). Notably, each Client Agent features a richer



profile with more attributes and a more extensive embod-
ied memory space containing a greater number of memory
nodes. In addition to supporting explicit dialogue genera-
tion, embodied thinking information can be broadly applied
to various other forms of explicit language behavior.

Experimental Design and Settings

To assess the quality of the embodied memory generated by
ECAs, we conducted a two-pronged evaluation of dialogues,
involving Expert Evaluation by human counseling profes-
sionals and automated evaluation utilizing LLM. Dialogues
were generated through three methods. Control Group 1 and
Control Group 2 both used the original, unextended per-
sona data from the D* dataset, ali gned with the Experimental
Group’s personas before ECAs-specific memory extension:
(1) Experimental Group (ECAs): Dialogues generated
by GPT-40, based on the personas and memory settings
from our ECAs-dataset, using 14 high-frequency counseling
questions, with 3 repeated for consistency assessment.
(2) Control Group 1 (GPT-40): Dialogues generated by
GPT-40 with the same questions as the Experimental Group.
(3) Control Group 2 (D%): Original dialogue data col-
lected from human-to-human interactions in the D* dataset.
For expert evaluation, we recruited five qualified counsel-
ing professionals (with certifications, 200+ hours of counsel-
ing experience, and advanced degrees in Applied Psychol-
ogy) to analyze the quality and efficacy of the dialogues.
Each professional evaluated the same six randomly selected
Client Agents with embodied memory space from the ECAs-
dataset, assessing necessity, sufficiency, fidelity, and consis-
tency of their responses. Expert comments were provided
during scoring as justification and categorized as positive
(P_) or negative (N_) based on the same four dimensions.

P_Necessary

49
P_ECAs
P_Sufficient 84
36
Positive P_Fidelio3ug ;GPT-40
190
Expert P_Consistent I P_Da
Comments 75 55
331
N ECAs
23
N_Sufficient
i 79
Negative N GPT-4o
141 61
N_Fidelious
31
N_D4
N_Consistent 57
27
N _Necessary .
4

Figure 4: Classification of Positive and Negative Expert
Comments. Expert comments are categorized as positive
(P-) or negative (N_) based on four dimensions, and grouped
into ECAs (Ours), GPT-40, and D*.

Concurrently, we used 100 Client Agents with embodied
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memory space from the ECAs-dataset and implemented two
automated evaluation methods using GPT-40 as the evalua-
tor. The first method assesses dialogue utility in supporting
diagnostic decision-making by classifying depression risk
and suicide risk into four severity levels (no risk, mild, mod-
erate, and severe). The second method directly assesses dia-
logue quality based on fidelity, comprehensiveness, consis-
tency, plausibility, and specificity. This dual approach aimed
to offer both nuanced human insights and consistent, large-
scale automated analysis, providing a comprehensive eval-
uation of the embodied memory quality generated by our
ECAs framework compared to the baseline approaches.

Human Expert Evaluation

Specifically, experts assessed the necessity and sufficiency
of facts and emotional details provided by the client for
counseling evaluation, the authenticity of the client’s re-
ported experiences and feelings in relation to real clients,
and the consistency of the client’s responses with their char-
acter profile and across similar events.

For all sub figures, ***indicates p <0.001, **indicates p < 0.01,

*indicates p < 0.05, "indicates p < 0.1

Necessity Sufficiency
— ik —
—_—A — ik — ks
5 o 5
4 I? 4
3 3
2 o 2
1 1 e}
ECAs  GPT-4o D* ECAs  GPT-4o D*
Fidelity Consistency
— kR —A—
5 5
4 |j—j| 4
3 3
2 o 2
1 o 1
ECAs  GPT-40 D* ECAs  GPT-4o0 D*

Figure 5: Comparison of ECAs (Ours), GPT-40, and D* Per-
formance Across Four Dimensions. Box plots show the dis-
tribution of scores for Necessity, Sufficiency, Fidelity, and
Consistency.

Results As shown in Figure 4, dialogues generated by
ECAs achieved the highest positive and lowest negative ex-
pert evaluations, outperforming GPT-40 and D*. Experts re-
garded the dialogues generated by our method as more suf-
ficient, necessary, fidelious, and consistent. Notably, ECAs
received three times more positive and one-third fewer neg-
ative evaluations for sufficiency. ECAs dialogues demon-
strated stronger relevance to depression diagnosis and sig-
nificantly higher quality and reliability than the benchmarks.



Figure 5 further highlights the significant improvements
demonstrated by our framework across multiple dimensions
compared to both GPT-40 and human-generated responses.

In terms of Necessity, a repeated measures ANOVA re-
vealed significant differences among the three conditions,
F(2,87) = 16.173, p < 0.001, n* = 0.271. Post-hoc tests
using Bonferroni correction showed that ECAs marginally
outperformed GPT-40 (mean difference = 0.56667, p
0.074 < 0.1). ECAs significantly outperformed human re-
sponses (mean difference = 1.40000, p < 0.001), and GPT-
40 also significantly outperformed human responses (mean
difference = 0.83333, p 0.003 < 0.01). Expert E4
praised the ECAs’ performance, noting that ‘the additional
emotional details provided by ECAs enriched the dialogue,
making it more comprehensive’. Expert ES emphasized that
the ECAs’ responses ‘contained numerous specific details
that significantly aid in assessing the client’s precise situa-
tion and emotional state’.

For Sufficiency, the ANOVA again showed significant
differences, F'(2,87) = 15.796, p < 0.001, n> = 0.266.
Post-hoc comparisons indicated that ECAs significantly out-
performed both GPT-40 (mean difference = 1.06667, p =
0.001) and human responses (mean difference = 1.50000,
p < 0.001). Expert E3 noted ECAS’ output as “very much
aligns with a client immersed in grief”, while Expert ES
noted the ‘reasonable grief reactions to the loss of a loved
one’. Expert E4 described the responses as ‘delicate and
comprehensive’, with Expert E3 further praising the ‘vivid
examples and nuanced thoughts and emotions’ presented.

Regarding Fidelity, the ANOVA revealed significant dif-
ferences, F'(2,87) = 5.188, p = 0.007 < 0.01, n? = 0.107.
Post-hoc tests showed that ECAs significantly outperformed
GPT-40 (mean difference = 1.00000, p = 0.005 < 0.01)
Expert E3 highlighted that the ECAs’ responses ‘consis-
tently addressed the counselor’s questions accurately, with-
out deviating from the topic’ and “effectively matched and
addressed the questions at hand” .

For Consistency, the ANOVA showed significant differ-
ences, F'(2,87) = 3.217, p = 0.045 < 0.05, n*> = 0.069.
There was a marginally significant difference between ECAs
and human responses (mean difference = 0.56667, p =
0.079 < 0.1). Experts noted that the responses were ’con-
sistent with the client’s identity and experiences’ (E5), with
E4 adding that “the client’s efforts, lack of self-confidence,
concern for parental opinions, and the series of depressive
symptoms stemming from graduate school pressure were all
highly congruent” with the expected profile.

These results indicate that the ECAs framework consis-
tently produced higher quality responses across all measured
dimensions, with particularly strong improvements in neces-
sity and sufficiency compared to both GPT-40 and human-
generated responses.

Automated Evaluation

For the automated evaluation, the first automated evalua-
tion focused on classifying depression risk (drisk) and sui-
cide risk (srisk) based on dialogue data. To ensure fairness
and mitigate the potential impact of uneven sample distri-
bution on the fairness of results, the four-class classifica-
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tion is evaluated by macro-averaged Precision, Recall, and
F1 by sklearn’. As shown in Table 2, dialogues generated
by our framework achieve the highest performance across
both tasks, demonstrating that embodied memory compo-
nent provides more vital information and significantly con-
tributes to the diagnostic process.

Task \ Method  Precision Recall F1
GPT-40 0.44+0.02 0.41+0.05 0.35+0.04
drisk D* 0.49+0.03  0.4420.04 0.40+0.05
Ours 0.51+0.04 0.50+0.08 0.42+0.04
GPT-40 0.64+0.05 0.59+0.03 0.59+0.04
srisk D* 0.67+0.04 0.55+£0.05 0.59+0.05
Ours 0.71+0.08 0.66+0.05 0.67+0.06

Table 2: Depression and Suicide Severity Classification

Method ‘
D4

F Cc 2 P S | Total

‘2.40/5 291/7 1.03/2 1.98/3 0.96/2‘ 9.28/20

Ours | 4.66/5 6.26/7 1.99/2 2.98/3 1.97/217.90/20

Table 3: Auto Qulity Evaluation Across Five Dimensions

For the second automated evaluation, we compared the
dialogue quality generated by our method with that from
human role-playing in Control Group 2. Evaluation cov-
ered five key metrics: fidelity (F), comprehensiveness (C1),
consistency (C2), plausibility (P), and specificity (S), with
weighted scores reflecting each metric’s importance. Results
in Tabl 3 show that ECAs-generated dialogues performed
strongly across all metrics, especially in fidelity and compre-
hensiveness, significantly outperforming human-generated
dialogues in D*. From the LLM perspective, this indi-
cates that ECAs-generated dialogues provide deep, authen-
tic emotional responses across diverse life experiences while
maintaining high consistency and plausibility.

Conclusion

This paper presents ECAs, a novel framework for simulat-
ing embodied client agents in psychological counseling that
generates high-fidelity counseling conversational data. Inte-
grating counseling theories By integrating counseling the-
ories with LLMs, we expand real counseling data into a
nuanced cognitive memory space to generate realistic dia-
logues. Guided by six principles for simulation derived from
counseling theories, our framework was validated using the
D?* dataset and evaluated by licensed counselors, demon-
strating significant improvements in simulation authentic-
ity and necessity. Additionally, automated evaluation meth-
ods validated the higher-quality dialogues generated by our
framework. Looking ahead, the ECAs holds immense poten-
tial for counselors to generate custom scenarios on-demand,
enhancing both training and research capabilities.

*https://scikit-learn.org
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