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Abstract

Large language models (LLMs) have shown promise in pro-
viding scalable mental health support, while evaluating their
counseling capability remains crucial to ensure both efficacy
and safety. Existing evaluations are limited by the static as-
sessment that focuses on knowledge tests, the single per-
spective that centers on user experience, and the open-loop
framework that lacks actionable feedback. To address these
issues, we propose W-ARENA, an interactive framework for
comprehensive assessment and optimization of LLM-based
counselors, featuring three key characteristics: (1) Realis-
tic arena interactions that simulate real-world counseling
through multi-stage dialogues with psychologically profiled
NPC clients; (2) Tripartite evaluation that integrates assess-
ments from the client, supervisor, and counselor perspectives;
(3) Closed-loop optimization that iteratively improves LLM
counselors using diagnostic feedback. Experiments across
eight state-of-the-art LLMs show significant performance
variations in different real-world scenarios and evaluation
perspectives. Moreover, reflection-based optimization results
in up to a 141% improvement in counseling performance. We
hope ¥-ARENA provides a foundational resource for advanc-
ing reliable and human-aligned LLM applications in mental
healthcare.

Extended version — https://arxiv.org/abs/2505.03293

Introduction

Mental health disorders affect over 1 billion people glob-
ally, with the World Health Organization noting their sig-
nificant societal and economic impacts (WHO 2023). How-
ever, there is a severe shortage of mental health profession-
als, with approximately 100,000 people per counselor. This
shortage has driven the exploration of Al-based counseling
systems as a potential solution. In the 1960s, early rule-
based Al systems like ELIZA (Weizenbaum 1966) showed
the feasibility of automated counseling. Today, large lan-
guage models (LLMs) like GPT-4 (Achiam et al. 2023) and
Claude (Anthropic 2023) exceed human abilities in certain
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Figure 1: The comparison between ¥-ARENA and existing
studies on evaluating LLM-base counselors.

tasks, prompting increasing efforts to use LLMs for scalable
counseling and make mental services more accessible (Chen
et al. 2023; Iftikhar et al. 2024; Xu et al. 2025). This trend
highlights the urgent need for rigorous evaluation to ensure
that these systems meet clinical standards for effectiveness,
control, and safety.

Although pioneering studies have attempted to evaluate
LLM counselors, three key challenges remain that prevent
comprehensive and in-depth assessments: 1) Gap between
understanding and application. Existing studies tend to
focus on static assessments, such as multiple-choice ques-
tions or diagnostic accuracy metrics, which measure knowl-
edge rather than practical application (Jin et al. 2023; Zhang
et al. 2024b). 2) Limited user-centric metrics. While Zhao
et al. (2024) and Wang et al. (2024b) try to simulate counsel-
ing interactions between clients and counselors, they primar-
ily focus on client satisfaction and subjective feelings, ignor-
ing evaluations from supervisors and counselors themselves.
3) Lack of feedback loops. Most existing frameworks lack
actionable feedback for model improvement, which should
be a key objective of any evaluation system.

In this paper, we propose ¥-ARENA, an interactive plat-



form for assessing and optimizing LLM-based psychologi-
cal counselors. In ¥~-ARENA, LLM counselors engage with
virtual NPC clients and receive assessments from three
perspectives: the client, the supervisor, and the counselor.
These evaluations provide targeted feedback that helps op-
timize the counseling process. Specifically, ¥-ARENA fea-
tures three key elements: 1) Realistic counseling scenar-
ios. To ensure the arena simulates real-world counseling, we
focus on client profiles and behaviors. For profiles, we an-
alyze real counseling records to identify key attributes for
virtual clients’ psychological profiles and create 10,000 vir-
tual client profiles (NPC cards) across 100 topics for use.
For behaviors, we base the simulation on professional coun-
seling knowledge, ensuring meaningful interactions across
different phases: “trust-building— diagnosis — solution ex-
ploration”. 2) Tripartite evaluation metrics. We integrate
evaluations from clients (subjective experience), supervi-
sors (professional competency), and counselors (reflective
awareness), enabling a 360° competency analysis across 33
dimensions. 3) Closed-loop optimization. We introduce a
feedback and optimization cycle, where evaluation results
are combined with professional counseling guides to gen-
erate specific feedback, allowing LLM counselors to self-
reflect and iteratively improve their responses.

In ¥-ARENA, we evaluate eight state-of-the-art LLMs, in-
cluding closed-source models like Claude-3.5-Sonnet and
open-source models like DeepSeek-671B. Our results show
significant performance disparities across these LLM coun-
selors when evaluated from different perspectives, empha-
sizing the need for arena simulations and multi-source eval-
uations. We also compare the automatic evaluation results
with those of human experts, revealing high consistency
and validate the effectiveness. Additionally, through specific
feedback and optimization, we achieve up to a 141% im-
provement in counseling performance, showcasing the po-
tential of a closed-loop evaluation system.

Our key contributions are: (1) Introducing ¥-ARENA,
which features realistic counseling scenarios, tripartite eval-
uation metrics, and closed-loop optimization. (2) Evaluating
the counseling performance of state-of-the-art LLMs and
demonstrating consistency with human experts, achieving
performance improvements based on feedback. (3) Conduct-
ing in-depth analysis of LLM performance across various
dimensions and topics. We hope ¥-ARENA to serve as an
efficient and effective evaluation framework, advancing the
responsible development of LLMs in mental healthcare.

W-ARENA
Framework Overview

As shown in Figure 2, ¥-ARENA is an interactive frame-
work for assessing and optimizing LLM-based psychologi-
cal counselors. ¥-ARENA encompasses virtual clients with
diverse psychological profiles who engage in multi-stage
counseling dialogues with LLM counselors. Then ¥-ARENA
evaluates counselor performance from three perspectives:
client, supervisor, and counselor. Based on these evalua-
tions, ¥-ARENA generates feedback to guide the counselor’s
self-reflection and iterative improvement.
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Client in Y-ARENA

In W-ARENA, virtual NPC clients are created with rich psy-
chological profiles and realistic behaviors to ensure that the
simulation of counseling scenarios is both diverse and au-
thentic.

Client Profiles The construction of profiles is based on
real-world counseling records, ensuring that the virtual
clients reflect authentic psychological concerns (Wenhua
2020). Each profile includes several key attributes that de-
fine the client’s background, emotional state, and the issues
they seek counseling for. The below attributes are extracted
and incorporated into the client profiles: demographics, cul-
tural background, personality trait, emotional state, current
distress, detailed distress description, and core theme. De-
tails of attributes can be found in Appendix.

To ensure high-quality and diverse client profiles, we re-
sort to the real-world PsyQA dataset (Sun et al. 2021) which
contains conversations from real clients, covering common
mental health disorders across nine themes, including self-
growth, emotional issues, relationships, behavior, family,
therapy, marriage, and career. Each theme contains several
subtopics, ultimately generating 100 distinct topics for client
profiles. Details of topics can be found in Appendix.

To build these profiles, we first use GPT-40 to extract ini-
tial psychological profiles from PsyQA. The extraction pro-
cess is guided by carefully designed prompts to ensure that
each profile accurately captured key psychological charac-
teristics while strictly adhering to real-world dialogue con-
tent and mitigating potential biases. Detailed prompts can
be found in Appendix. Subsequently, we conducted manual
verification of the extracted results to ensure coverage across
diverse genders, age groups, and cultural backgrounds. We
ultimately generated 10,000 high-quality client psycholog-
ical profiles. Building upon this, we further manually se-
lected the most representative high-quality profiles for each
specific topic to serve as the foundational dataset for con-
structing the NPC clients.

Client Behaviors To simulate realistic counseling inter-
actions, we design client behaviors that match the differ-
ent stages of a typical counseling process. These behaviors
help ensure the virtual clients engage in meaningful conver-
sations with LLM counselors. Based on counseling models
from existing research, we focus on three main phases of
client behavior during the simulation.

* Trust-Building Phase (Sachse 2024) In the beginning,
the virtual client works on building trust by being open to
the counselor’s questions, sharing personal feelings, and
offering context about their struggles. The client might
show vulnerability, helping establish a connection and
encourage a safe space for further discussions.

* Diagnostic Phase (Zhang et al. 2024a) During this
phase, the client begins to share more personal infor-
mation, such as their background, emotional state, and
the deeper causes of their distress. They may reflect on
past experiences and feelings, providing the counselor
with insights into what might be influencing their current
struggles.
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Figure 2: In ¥-ARENA, LLM-based counselors interact with NPC clients, receive multi-source evaluations, and improve coun-

seling performance through self-reflection.

¢ Solution-Exploration Phase (Hill 2020) In the final
phase, the client actively explores possible solutions and
coping strategies. They may express hope, consider dif-
ferent options, or reflect on past efforts to resolve their
issues. The client may also ask for advice and discuss
potential next steps for moving forward.

Client Simulation To ensure authenticity, the client’s re-
sponses are simultaneously guided by their defined psycho-
logical profiles and behavior patterns. To align the virtual
client’s dialogue with real counseling scenarios, we follow
five core principles when instructing GPT-4o for client sim-
ulation (Tu et al. 2024; Shao et al. 2023; Chen et al. 2024):
realism (ensuring the conversation matches the client’s lan-
guage style and emotional expression), fluency (maintain-
ing logical and natural dialogue flow), completeness (cov-
ering key tasks across all counseling stages), personaliza-
tion (reflecting the client’s unique background and traits),
and behavioral consistency (ensuring stable behavior pat-
terns across different conversation turns). Detailed prompts
for client simulation can be found in Appendix.

Counselor in Y-ARENA

In W-ARENA, the evaluated LLMs act as counselors and
engage in conversations with different clients. To ensure a
fair evaluation of LLM-based counselors, we provide each
model with a standardized psycho prompt that clearly
defines its role as a psychological counselor, including the
role positioning, interaction rounds, and the response con-
straints. No additional guiding information is given to avoid
artificially boosting performance. Further details of coun-
selor prompts are provided in Appendix. For comparison,
we also include the default system prompt (e.g., “you
are a helpful assistant”) to observe the vanilla performance
without any specific instruction.
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Tripartite Evaluation Metrics

To ensure a comprehensive evaluation of LLM-based psy-
chological counselors, we introduce a tripartite evaluation
system that assesses the counseling dialogue from three dis-
tinct perspectives: the client, the supervisor, and the coun-
selor. This approach, inspired by established frameworks
in psychology (Lockyer 2003; Kuzmits et al. 2004; Tham
2007), provides a holistic assessment of the counselor’s pro-
fessional abilities, as shown in Table 1. Below, we briefly
describe each evaluation scale and its core focus areas. The
detailed scoring items are available in the Appendix.

Client-Oriented Scale The client-oriented scale, devel-
oped by Joel Black in “Who Stole Your Trust and Confi-
dence”? (Black 2003), gathers feedback from clients on the
counselor’s effectiveness and the quality of the counselor-
client relationship. It includes 16 dimensions such as trust,
empathy, and communication clarity, rated on a scale from
0 to 4. The focus is on the client’s emotional experience and
satisfaction with the counselor’s approach, offering insights
into the counseling process.

Supervisor-Oriented Scale The Supervisor-Oriented
Scale, based on the “Consultant Competency Assessment
Tool” developed by the American Psychological Associ-
ation (APA 2023), evaluates the counselor’s professional
competence and adherence to ethical standards. It includes
8 dimensions, such as therapeutic techniques and cultural
competence, rated from O to 4. This scale emphasizes the
counselor’s technical skills, ethical conduct, and adherence
to professional practices.

Counselor-Oriented Scale The counselor-oriented scale,
developed by Yang and Xiong (2018), allows counselors to
self-assess their practices. It covers 20 dimensions, with 9
focused on practical counseling abilities like empathy and
client response. Counselors rate their alignment with these



Perspective | Evaluation Focus | Scale Characteristics | Realistic Threshold
Client | Subjective experience & satisfaction | 16-dimension scale (0-4 per item) | >42 (Total 64)
Supervisor \ Professional competency & ethics \ 8-dimension APA scale (0-4 per item) \ >24 (Total 32)
Counselor ‘ Reflective practice awareness ‘ 9-dimension ability scale (0-5 per item) ‘ >35 (Total 45)

Table 1: Evaluation criteria and thresholds of tripartite scales.

abilities on a scale from O to 5. This scale encourages self-
awareness and supports ongoing professional development.

During the evaluation phase, we use GPT-40 to simulate
the roles of clients, supervisors, and consultants for auto-
mated assessment. This phase does not rely on the inher-
ent expertise of LLMs but is instead based on clearly de-
fined standardized scale dimensions and scoring criteria.
The design strictly confines the role of the LLM to a rule-
based scoring executor, thereby ensuring the robustness of
the evaluation even when the model lacks in-depth domain
knowledge. Detailed prompts for these role-playing scenar-
ios are provided in Appendix. To validate the effectiveness
of the automatic scoring system, we also recruit psycho-
logical experts to score a sample of 30 sessions conducted
by various LLM counselors. We then compare the consis-
tency between the automatic evaluations and the human ex-
pert scores. The results of this comparison are presented in
Section to demonstrate the reliability and effectiveness of
the tripartite evaluation system.

Closed-Loop Optimization

W-ARENA employs an iterative self-reflection mechanism to
enhance LLM-based counselors. Specifically, we first use
GPT-40 to automatically generate detailed feedback for the
low-scoring evaluation dimensions through the counseling
dialogue, and draw from established psychological frame-
works, such as ”Practice of Counseling and Psychotherapy”
(Corey 2013), to construct a knowledge base, including 11
methods such as Cognitive Behavioral Therapy (CBT), Hu-
manistic Therapy, and Psychodynamic Therapy. Then, we
restart the dialogue, and each round of the optimization pro-
cess followed two steps. (1) The counselor reflects on the
strengths and weaknesses of the current response based on
the feedback. (2) The counselor rewrites the response based
on the knowledge base and reflection results to improve it.
Finally, the new version of the response is re-evaluated. By
comparing the scores before and after the revision, we as-
sess whether W-ARENA can help counselors improve in a
way similar to real-world supervision. Detailed prompts for
feedback generation and self-reflection are provided in Ap-
pendix.

Experiment
Settings & Metrics

In the experiment, each LLM-based counselor engages in in-
dividual dialogues with 100 virtual clients. Each counseling
session consists of 25 conversational rounds. The dialogue
content is then evaluated using a tripartite scoring system,
and feedback is generated to improve the model.
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For metrics, we calculate the average scores on each of
the three scales and determine an overall mean score. We
also introduce the “’pass rate,” a metric commonly used in
real-world counselor assessments, to provide a clear view
of counseling performance. Specifically, each scale has a
threshold to determine whether the counselor meets the re-
quired standards: the client scale (Total >42), the counselor
scale (Total >35), and the supervisor scale (Total >24). We
analyze the pass rate on each scale and also compute the
overall pass rate, which considers a counselor as passing
only if they meet the thresholds on all three scales.

To validate the effectiveness of the automated evaluation,
we also recruit two graduate students with a background
in psychology to manually label the model’s performance.
These two experts are very familiar with the research con-
tent, and we provide them with the complete tripartite scales
and necessary instructions to ensure they are fully equipped
to carry out the labeling task. We pay each expert an hourly
rate of $13.78.

Models

We evaluate eight state-of-the-art large language mod-
els. The closed-source models selected are GPT-3.5 Turbo
(OpenAl 2023a), GPT-40 (OpenAl 2023b), Claude-3.5-
Sonnet (Anthropic 2025), GLM-4-Plus (Zhipu 2023), and
MiniMax-Text-01 (Li et al. 2025). For open-source models,
we use LLaMA-3.3 (70B) (Meta 2023), Qwen-2.5 (72B)
(Yang et al. 2024), and Deepseek-v3 (671B) (Liu et al.
2024).

For all open-source models, we deploy and experiment
on two 8 xH20 GPU servers. For all closed-source models,
we gain access through the official APIs. For experiments,
we keep all default hyperparameters (such as temperature,
top-p, etc.) unchanged for all models. We strictly follow the
license requirements of each model during usage.

Evaluation Results

Table 2 shows the counseling performance of the evaluated
LLMs. We now break down the results and highlight several
key observations. For clarity, we primarily focus on the pass
rates.

Overall Counseling Performance Overall, Claude-3.5-
Sonnet, GPT-40, and Deepseek are the top-performing mod-
els, with Claude-3.5-Sonnet (84%) leading in both client and
supervisor evaluations. GPT-40 and Deepseek also perform
well, consistently earning high marks across all evaluation
dimensions, especially in counselor self-assessments.



Vanilla Prompt Psycho Prompt é
Client  Supervisor Counselor Overall Client  Supervisor Counselor Overall |Pass Rate

GPT-3.5 Turbo | 2.68 (57%) 2.60 (13%) 3.43 (10%) 2.90 (33%) | 2.61 (50%) 2.66 (20%) 3.60 (22%) 2.96 (39%) | +6%
GLM-4-Plus  |2.58 (47%) 2.41(9%) 3.32(12%) 2.77 (16%) | 2.53 (43%) 2.64 (14%) 3.71 (38%) 2.96 (39%) | +23%
MiniMax-Text-01 | 2.61 (56%) 2.71 (23%) 3.59 (19%) 2.97 (35%) | 2.64 (60%) 2.77 (27%) 3.62 (25%) 3.01 (46%) | +11%
LLaMA-33 247 (21%) 2.53(9%) 3.46 (17%) 2.82 (15%) |2.63 (47%) 2.65 (18%) 3.78 (45%) 3.02 (48%)| +33%
GPT-40 2.73 (13%) 2.69 (17%) 3.54 (19%) 2.99 (44%)|2.69 (64%) 2.80 (30%) 3.78 (42%) 3.09 (57%)| +13%
Qwen-2.5 2.62(64%) 2.68 (15%) 3.56 (22%) 2.95(33%) | 2.71 (65%) 2.74 (26%) 3.72 (37%) 3.06 (59%) | +26%
Deepseek 2.58 (53%) 2.60 (9%) 3.43(9%) 2.87 (28%)|2.64 (58%) 2.81 (34%) 4.03 (60%) 3.16 (65%)| +37%
Claude 3.5 Sonnet | 2.66 (59%) 2.65 (17%) 3.53 (20%) 2.95 (37%) |2.75 (12%) 2.87 (47%) 4.08 (77%) 3.23 84%)| +47%

Model

Table 2: Evaluation results of ¥-ARENA of all LLMs including both scores (best in bold) and pass rates (best in underline).
The score reflects the model’s average performance across all tests, while the pass rate measures the number of passed tests.
Therefore, the highest score and the highest pass rate may be achieved by different models.
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Figure 3: Comparison of consistency results between ¥-ARENA and human experts.

Necessity of Tripartite Evaluation The tripartite evalua- Cohen’s Kappa | Client | Supervisor | Counselor
tion show significant variability. Client-side evaluations con- 35 vs 4o | 0842 | 0615 | 079
sistently yield higher scores, reflecting their focus on empa- i i i i

thy and the quality of personal interaction. In contrast, super- 35vsqwen | 0545 | 0553 | 0.667
visor evaluations, which emphasize professional standards, 3.5 vs deepseek | 0.933 | 1.000 | 0.535
techniques, and ethics, are more stringent. Counselor-side -

evaluations lie between those of the client and supervisor, 40 vs qwen ‘ 0.867 ‘ 0.865 ‘ 0.862
suggesting that self-assessment can uncover insights beyond 4o vs deepseek | 0.545 | 0553 | 0.667
the immediate client experience. qwen vs deepseek | 0.667 | 0587 |  0.587
Impact of the Psycho Prompt The introduction of the Avg | 0733 | 0696 | 0.685
Psycho Prompt improves counselor performance across

the board, with the effect being more pronounced in stronger Table 3: Cohen’s Kappa coefficients between ¥-ARENA and
models. For instance, GPT-3.5-Turbo shows a modest in- human experts.

crease of 6 percentage points in its overall pass rate (from
33% to 39%), while Claude-3.5-Sonnet sees a substantial
increase of 47 points (from 37% to 84%). This suggests that
stronger models benefit more from simple instructions and

guidance.

consensus Spearman correlation of 0.997. We convert rank-
Consistency with Human Experts We validate the ef- ings into scores (Ist = 4 points, 2nd = 3 points, etc.) and
fectiveness of automated evaluation through manual as- analyze score distributions. As shown in Figure 3, the re-
sessment.A pilot study reveals that manual scores fluctu- sults indicate a high overall consistency between automated
ate due to subjective interpretation, emotional swings, and and manual evaluations, especially in the client scale. Al-
fatigue. Therefore,we employ a relative ranking approach. though minor discrepancies occur in supervisor and coun-
Two psychological experts conduct consensus-based rank- selor scales, the overall trends remain consistent. For quan-
ings of 30 dialogues from four models (GPT-3.5-Turbo, titative verification, we implement a pairwise comparison
GPT-40, Qwen-2.5, Deepseek) according to three evaluation strategy to calculate Cohen’s Kappa coefficients. As shown
scales.The consensus-based expert annotation had a pre- in Table 3.
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Figure 4: Comparison of model pass rates before and after optimization.

Optimization Results

As shown in Figure 4, we visually demonstrate the differ-
ences in model pass rates before and after self-reflection. We
here have three key observations.

Counseling Performance Improvement Most models
show significant improvements after incorporating feed-
back, with GLM-4-Plus showing the largest increase of 55%
points in its overall pass rate (from 39% to 94%, relatively
141%). This highlights that models with lower initial per-
formance benefit the most from iterative feedback and op-
timization. In contrast, models with better starting perfor-
mance, such as GPT-40, show more moderate but still sub-
stantial improvements.

Discrepancy of Tripartite Feedback The improvements
primarily stem from supervisor and counselor metrics, un-
derscoring the tripartite evaluation system’s value. While
the client score, which focuses on emotional responses and
satisfaction, already shows good performance, the main
improvements are seen in the application of professional
knowledge and its validation. This indicates that supervisor/-
counselor feedback critically improves models’ counseling
capabilities beyond emotional response management.

Diminishing Returns and Marginal Effects The feed-
back process exhibits diminishing returns, not only for high-
performance models but also for those with moderate initial
capabilities. Strong models, like Claude-3.5-Sonnet, which
start with high scores, experience limited improvements.
This phenomenon can be attributed to the inherent high qual-
ity of their initial responses, which leaves limited room for
further enhancement. Meanwhile, models with lower capa-
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bilities, such as GPT-3.5-Turbo, struggle to fully grasp and
apply feedback, also resulting in slower progress.

Analysis
Thematic Analysis of Model Performance

Figure 5 shows comprehensive average performance of eight
LLMs across nine themes. All models demonstrate strong
performance in Emotion and Self-growth, indicating signif-
icant potential for emotional support and personal develop-
ment. However, some models exhibit relatively weaker per-
formance in Treatment and Career, suggesting these areas
require specialized knowledge and complex reasoning.

It is noteworthy that Claude-3.5-Sonnet excels in the
Treatment and Career, demonstrating its proficiency in com-
plex, professional tasks. In contrast, Deepseek exhibits bal-
anced performance across all themes, particularly in Emo-
tion and Love Problem, indicating its strong generalization
performance.

Dimensional Analysis of Performance

To thoroughly investigate the performance differences of the
models across various dimensions, we systematically cal-
culate the average scores for each dimension across three
scales: client, supervisor, and counselor, as shown in Ap-
pendix.

In the client scale, the models perform well in Equality,
Inclusiveness, and Consultant. However, the models under-
perform in Humor and Candor, suggesting limitations in
emotional expression and interactive flexibility. In the su-
pervisor scale, the models are good at Active Listening and
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Figure 5: Fine-grained counseling performance of all LLMs on different topics.

Self-Regulation, but show deficiencies in Professional Ap-
plication and Flexible Intervention, indicating a need for
improvement in professional judgment and dynamic ad-
justment in complex scenarios. In the counselor scale, the
models perform well in Respect and Appropriate Response,
demonstrating their ability to effectively show respect and
provide appropriate responses to clients. However, further
optimization is needed in higher-level emotional support and
strategic intervention to enhance their overall performance
in complex counseling scenarios.

Related Work

With the rapid development of language models, they have
been increasingly applied in the field of psychology, cover-
ing various areas such as mental health detection (Ji et al.
2021; Vajre et al. 2021; Zhang, Schoene, and Ananiadou
2021; Xu et al. 2024; Lan et al. 2024) and emotional support
(Kang et al. 2024; Wang et al. 2024a; Xie and Peng 2025).
However, their accuracy, ethical compliance, and scientific
rigor remain critical challenges.

To address these issues, researchers have proposed var-
ious evaluation frameworks. Jin et al. (2023) focuses on
evaluating LLMs’ performance in mental health knowl-
edge, diagnostic accuracy, and emotional support capabil-
ities. Zhang et al. (2024b) systematically assesses LLMs’
application abilities in cognitive behavioral therapy (CBT)
across three dimensions. Both studies employ static evalu-
ation methods, such as knowledge understanding tests and
multiple-choice questions, emphasizing theoretical mastery
over dynamic interaction capabilities. Zhao et al. (2024) as-
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sesses emotional support dialogues using role cards, role-
playing models, and seven dimensions such as fluency and
empathy. Wang et al. (2024b) evaluates LLMs as therapists
from the client’s perspective, focusing on conversational ef-
fectiveness, therapeutic alliance, and self-reported experi-
ences. Despite utilizing dynamic interaction processes, both
frameworks are confined to single-perspective evaluations,
lacking a holistic multi-dimensional assessment approach.
Moreover, these studies lack a feedback mechanism, re-
maining solely at the evaluation stage. In contrast, our ap-
proach incorporates a three-stage dynamic interaction pro-
cess, assessing model performance from the perspectives of
the client, supervisor, and counselor, and introduces a feed-
back loop to iteratively optimize the performance.

Conclusion

We present ¥-ARENA, a framework for evaluating and op-
timizing LLM-based psychological counselors. By combin-
ing dynamic, real-world simulations with a tripartite evalu-
ation from clients, supervisors, and counselors, ¥-ARENA
addresses key limitations of existing evaluation methods.
The framework’s closed-loop optimization improves LLM
performance by up to 141%, demonstrating the effective-
ness of feedback-driven enhancement. Our experiments with
eight leading LLMs reveal significant performance dispari-
ties, emphasizing the need for multi-perspective evaluation.
This work establishes ¥-ARENA as a foundation for advanc-
ing reliable and scalable LLLM applications in mental health-
care.



Ethical Statement

We here elaborate on the potential ethical issues.

Data Privacy and Confidentiality One of the key ethi-
cal concerns in using ¥-ARENA lies in ensuring the privacy
and confidentiality of virtual client data. Although the client
profiles are based on de-identified real-world data and con-
structed to simulate typical psychological issues, the com-
plexity of managing sensitive psychological data poses sig-
nificant challenges. We aim to implement stringent safe-
guards for data usage, but constraints related to data storage,
encryption, and usage policies may limit the full implemen-
tation of desired privacy protections at this stage.

Cultural Sensitivity and Bias 7-ARENA aims to simu-
late a broad range of psychological profiles to account for
diverse cultural backgrounds and personal issues. However,
due to the limitations in current LLM capabilities and avail-
able datasets, it is challenging to ensure perfect cultural sen-
sitivity. While we strive for inclusivity in our simulations,
we acknowledge that the diversity of profiles may not fully
represent all cultural nuances, and unintended biases might
arise in the counseling interactions.

Model Accountability and Responsibility As ¥-ARENA
operates by evaluating LLM-based counselors, it is impor-
tant to consider the accountability for actions taken by these
models. In case of harmful interactions or incorrect advice,
responsibility may be unclear, especially as these models do
not possess human understanding or judgment. Despite our
best efforts to design the system to avoid such outcomes,
the inherent limitations of Al systems in handling complex
emotional and ethical situations raise concerns about respon-
sibility and accountability.

Dependency and Human Interaction While ¥-ARENA
can optimize LLM counselors’ performances, we acknowl-
edge the limitations of relying on Al for psychological sup-
port. Despite the potential advantages of Al-based systems,
human interaction remains irreplaceable for the most ef-
fective psychological care. While we aim to improve the
model’s ability to simulate human-like responses, we are
constrained by the inability of Al to fully replicate the em-
pathy, intuition, and ethical judgment of human therapists.
This highlights the need for Al to function as a supplemen-
tary tool rather than a replacement for trained mental health
professionals.
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