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Abstract

Current evaluation paradigms for emotional
support conversations tend to reward generic
empathetic responses, yet they fail to assess
whether the support is genuinely personalized
to users’ unique psychological profiles and con-
textual needs. We introduce EmoHarbor, an
automated evaluation framework that adopts a
User-as-a-Judge paradigm by simulating the
user’s inner world. EmoHarbor employs a
Chain-of-Agent architecture that decomposes
users’ internal processes into three specialized
roles, enabling agents to interact with sup-
porters and complete assessments in a manner
similar to human users. We instantiate this
benchmark using 100 real-world user profiles
that cover a diverse range of personality traits
and situations, and define 10 evaluation dimen-
sions of personalized support quality. Com-
prehensive evaluation of 20 advanced LLMs
on EmoHarbor reveals a critical insight: while
these models excel at generating empathetic re-
sponses, they consistently fail to tailor support
to individual user contexts. This finding re-
frames the central challenge, shifting research
focus from merely enhancing generic empathy
to developing truly user-aware emotional sup-
port. EmoHarbor provides a reproducible and
scalable framework to guide the development
and evaluation of more nuanced and user-aware

emotional support systems .

1 Introduction

Emotional Support Conversation (ESC) systems
are designed to recognize users’ affective states and
provide tailored comfort and assistance through
multi-turn interactions (Peng et al., 2022; Rains
et al., 2020; Liu et al., 2021). While substantial
progress has been made in generating fluent and
empathetic responses, the effectiveness of these sys-
tems critically depends on personalization (Rogers,
*Corresponding Author
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Figure 1: Comparison of different evaluation paradigms for as-
sessing personalized emotional support. The evaluator-centric
paradigm fails to perform subjective assessments on behalf of
users, whereas the user-centric paradigm can more accurately
capture the quality of personalized ESC systems.

2013; Zhang et al., 2018; Campos et al., 2018;
Zollo et al., 2025; Ye et al., 2026). Personaliza-
tion refers to the system’s ability to dynamically
adapt support strategies to an individual’s unique
psychological profile (Fleeson, 2001) and context-
specific needs (Tamir, 2016).

Despite its central importance, existing evalua-
tion approaches suffer from a fundamental limita-
tion: they follow an evaluator-centric paradigm,
judging ESC quality from an external, ostensibly
objective standpoint and failing to capture users’
subjective experiences. For instance, token- and
embedding-based metrics (e.g., BLEU (Papineni
etal., 2002), BERTScore (Zhang* et al., 2020)) rely
solely on reference responses and cannot reflect the
open-ended, context-sensitive nature of emotional
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support. Human evaluation, although more flexible,
is prohibitively expensive. Even recent LLM-based
evaluators (Zhao et al., 2024; Madani and Srihari,
2025; Zhang et al., 2024a), which offer scalable
alternatives, adopt a one-size-fits-all “expert” per-
spective—assessing responses purely based on the
external dialogue context—thereby overlooking the
nuanced, persona-driven internal states that shape
how individual users experience the conversation.

As illustrated in Figure 1, consider two users
seeking support after a failed presentation: one is
a perfectionist who fixates on minor flaws, while
the other is resilient but frustrated by the lack of
constructive feedback. If both receive a generic
response such as “Don’t be too hard on yourself,’
they may interpret it very differently: the former
might feel that the comment diminishes their sense
of responsibility, whereas the latter might perceive
it as encouragement for self-acceptance and growth.
Using an evaluator-centric, LL.M-as-a-judge ap-
proach might assign a high score because the re-
sponse expresses empathy. However, from the
users’ perspective, the perfectionist might rate the
response poorly. The subjective nature of emo-
tional support necessitates a paradigm shift from
evaluating what a good supporter would say to
what this specific user needs and how they would
perceive the support.

To this end, we introduce EmoHarbor, a novel
evaluation framework based on the User-as-a-
Judge paradigm that uses agent-based simulation
to model the user’s internal world. EmoHarbor sim-
ulates how a specific user with a particular person-
ality, emotional state, and conversational history
would perceive and respond to support. Specifi-
cally, EmoHarbor utilizes a Chain-of-Agent archi-
tecture that decomposes the user’s internal cogni-
tive processes into three specialized roles: a User
Thinker that models internal reflections and sub-
jective perceptions based on the user’s profile; a
User Talker that generates natural, personality-
consistent dialogue; and a User Evaluator that
delivers personalized evaluations of the responses,
grounded in the user’s evolving emotional state
and needs. We instantiate this framework with
a new curated benchmark of 100 real-world user
profiles. A comprehensive evaluation of 20 ad-
vanced LLMs using EmoHarbor reveals a critical
disconnect: while models excel at generic empathy,
they consistently fail to tailor support to individual
contexts. EmoHarbor provides a reproducible and
scalable evaluation to guide the development of

more nuanced and user-aware emotional support
systems.

Our main contributions are as follows:

* We introduce EmoHarbor, an evaluation
framework that implements the User-as-a-
Judge paradigm via a Chain-of-Agent archi-
tecture to simulate nuanced user perspectives.

* We validate EmoHarbor through empirical
analyses, demonstrating high agreement with
human judgments and strong discriminative
power as a benchmark for evaluating personal-
ized Emotional Support conversation systems.

* We conduct a comprehensive evaluation of 20
LLMs, revealing that, despite solid general
empathetic abilities, they often fail to provide
personalized emotional support.

2 Method

EmoHarbor adopts the User-as-a-Judge paradigm
by simulating a user’s internal state to produce an
interpretable, subjective evaluation. This is realized
through a Chain-of-Agent architecture, in which
multiple specialized agents collaborate to simulate
the user’s cognitive, conversational, and evaluative
processes. Figure 2 illustrates the overall workflow.
The framework is built around three key design
questions: (i) how to benchmark (the user profile
construction), (ii) how to simulate user behavior
(agent specialization), and (iii) what to evaluate
(evaluation dimensions). We elaborate on each of
these components in the following sections and
provide the workflow algorithm in Appendix C.

2.1 How to Benchmark

User Profile Design. A realistic, detailed user pro-
file is the cornerstone of effective role-playing, as
it enables the simulated user to exhibit coherent
individuality rather than generic behavior. Partly
following Zhao et al. (2025), we define a user pro-
file Py, as:

Py =1{D,P,C,S} (D

where: (1) D represents demographic attributes
(e.g., age, gender, occupation), grounding the user
in a concrete context; (2) P denotes preference-
related attributes (e.g., personality traits, Big-
Five, MBTI, habits, hobbies, speech style), shap-
ing distinctive behavioral patterns; (3) C captures
counseling-related attributes (e.g., problem de-
scription, emotional state, goals, role relations),
encoding the psychological background; and (4)
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Figure 2: Overview of the EmoHarbor Benchmark framework. The framework instantiates the User-as-a-Judge paradigm through
a Chain-of-Agent architecture that simulates a user’s internal world. Conditioned on the user profile and dialogue context, the
User Thinker first infers latent cognitive and emotional states, which are then used by the User Talker to produce natural and
personality-consistent utterances. Finally, the User Evaluator provides personalized assessments of system responses, reflecting

the user’s subjective experience as the conversation evolves.

S specifies a scenario script that constrains plau-
sible responses in realistic situations. By combin-
ing these elements, we avoid homogenization in
role-playing and ensure that simulated users exhibit
diverse and contextually consistent behaviors.

User Profile Collection. Building on the user pro-
file design, we construct a collection of user pro-
files through a two-stage process. First, we gather
real-world examples via questionnaires, which pro-
vide authentic and diverse seed profiles. These
seed profiles are subsequently refined, expanded,
and scaled using LLMs, ensuring both realism and
broad coverage of potential user types. Further
details are available in Appendix B. In total, we
curate 100 representative profiles spanning a wide
spectrum of demographic and psychological char-
acteristics.

User Profile Statistics. Our benchmark encom-
passes a diverse set of user profiles that compre-
hensively cover the key attributes defined in our
design framework. As summarized in Figures 3
and 4, Users span adolescence to senior adulthood,
encompass 28 occupations, all 16 MBTI personal-
ity types, and 16 counseling scenarios, including
workplace stress, academic challenges, interper-
sonal issues, and life transitions. Each profile is
annotated with explicit problem statements and sup-

port goals, providing a rich, structured foundation
for evaluating dialogue systems across diverse user
backgrounds.

2.2 How to Simulate

To faithfully simulate a user’s subjective experi-
ence, EmoHarbor decomposes the simulation pro-
cess into three specialized agents: the User Thinker,
the User Talker, and the User Evaluator.

Dialogue Setup. Given a user profile P, and a
supporter system S, the simulation maintains two
distinct memories: (1) the supporter memory H,
which contains only observable dialogue turns ac-
cessible to S; and (2) the user memory H,,, which
additionally records latent user states.

User Thinker Agent. The User Thinker models
the user’s internal psychological processes. At each
turn ¢, after receiving the supporter’s response F;,
it updates the latent user state by generating:
IS; = frhinker(Hu, Pu, Ry), 2
where 1.S; = (¢, €4, g ) represents the user’s cur-
rent cognitive appraisal (c;), emotional state (e;),
and dialogue goals (g¢). This internal state is then
appended to the user’s comprehensive memory:

Hu %HUU{(Rt,ISt)} (3)
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Figure 3: Demographic and personality coverage of the benchmark user profiles, spanning gender, age, personality types, and
occupations. Together, these distributions highlight the diversity and representativeness of our dataset.
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Figure 4: Distribution of counseling problem scenarios.

Crucially, this process explicitly models how the
user interprets and reacts to the supporter’s previ-
ous reply, ensuring continuous tracking of cogni-
tive and emotional evolution.

User Talker Agent. The User Talker bridges the
user’s internal states with external behavior. It gen-
erates the user’s next utterance U; by externalizing
the updated internal state and dialogue context:

Ut = fTalker(Hm Pu, Rt) (4)

This utterance is added to both memory streams,
completing the observable dialogue turn:

Ho + HoU{(R:,U.)}, H, <« H, U{U}. (5

This ensures observable behavior is a natural,
personality-consistent expression of the underly-
ing internal processes.

User Evaluator Agent. Finally, the User Evalua-
tor provides a multi-dimensional assessment of the
conversation from the simulated user’s perspective.
With access to the complete internal state history in
H,, it traces emotional and cognitive trajectories
to produce a nuanced evaluation of whether the
support was genuinely personalized:

El:K - vaaluator(Hua PZ,{), (6)

where E1K represents scores across K evaluation
criteria.

2.3 What to Evaluate

Most existing evaluations of emotional support con-
versations focus on coarse-grained, utterance-level
metrics such as fluency, empathy, and informative-
ness (Zhao et al., 2024). These metrics are useful
for measuring general response quality, but they do
not answer a more fundamental question: whether
a response is appropriate for a particular user at a
particular moment. As a result, a system can score
highly by producing emotionally supportive but
generic responses, while still failing to address the
user’s actual needs—for example, offering reassur-
ance when the user is seeking concrete advice or
problem-solving.

EmoHarbor is designed to evaluate emotional

support from the user’s subjective perspective. In-
stead of treating dialogue quality as a static prop-
erty of individual utterances, we evaluate how
system responses affect the user’s internal state
throughout the interaction. Accordingly, we assess
conversations along ten dimensions grouped into
five facets, each corresponding to a distinct aspect
of effective personalized support. Together, these
facets capture whether the system (i) understands
the user, (ii) chooses appropriate support strategies,
(ii1) helps the user make progress, and (iv) main-
tains a believable and safe interaction.
69 Affective Understanding (Empathy) as-
sesses whether the system accurately recognizes
and responds to the user’s emotional states. This
facet captures the system’s capacity for emotional
attunement, which constitutes a foundational pre-
requisite for building trust and enabling effective
personalization in supportive interactions.

s

= Personalization & Adaptation (Response
Appropriateness, Adaptive Strategy) evaluates
whether the system selects support strategies and
generates responses that align with the user’s cur-
rent needs, preferences, and context. Rather than
assessing empathy in isolation, this facet differenti-
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ates among types of support (e.g., emotional vali-
dation versus instrumental guidance) and examines
whether the response is situationally appropriate

(@ Goal Achievement (Problem Resolution,
Mood Improvement) measures whether the inter-
action facilitates meaningful progress in the user’s
cognitive clarity or emotional well-being.

2 Believability (Human-likeness, Engage-
ment) examines whether the interaction conveys a
sense of authenticity and naturalness that sustains
user engagement from a human perspective.

Cilf Conversational Quality & Safety (Redun-
dancy, Consistency, Safety) assesses whether per-
sonalization is achieved without compromising co-
herence, stability, or ethical reliability, thereby en-
suring a safe, consistent, and trustworthy interac-
tion environment.

Detailed definitions of each evaluation dimen-
sion are provided in Appendix G.

3 Experimental Setup

3.1 Human Study

The Human Study is designed to collect basic
user profiles and conduct human evaluations of
human—AlI interaction. Participants completed a
demographic questionnaire, and suitable individu-
als were selected for the experiment. The detailed
process is provided in Appendix A.

Participant Selection. Candidates completed the
questionnaire described in Section 2.1. Eligible par-
ticipants had prior experience with LLMs, a clearly
defined personal issue to discuss, and stable psy-
chological conditions. From over 600 submissions,
50 participants from diverse backgrounds were se-
lected. They received training, reviewed sample
dialogues, and studied evaluation guidelines to en-
sure consistency.

Human Interactive Evaluation. Each participant
interacted with five models (Doubao-Pro, Qwen2.5-
72B, GPT-40, Claude-3.7-Sonnet, and DeepSeek-
R1) in a blind, randomized order. After each ses-
sion (minimum 10 turns), participants completed
an evaluation questionnaire. Post-study interviews
filtered out unserious participants, ensuring data
quality. In total, 183 valid dialogues were collected,
forming the EmoHarbor Dataset, which was used
to assess the alignment between automated metrics
and human judgments.

3.2 LLMs

To ensure a comprehensive evaluation, this study
employs a diverse set of LLMs, encompassing
open-source, closed-source, and specialized mod-
els. The selected models are categorized as follows:

Open-Source Models. This category includes
models from the Qwen family (Qwen-2.5 (Yang
et al., 2024), Qwen-3 (Yang et al., 2025), QwQ-
32B (Qwen Team, 2025)), the DeepSeek family
(DeepSeek-R1 (DeepSeek-Al, 2025), DeepSeek-
V3.1 (DeepSeek, 2025)), and GLM-4.5 (Zhipu,
2025)2.

Closed-Source Models. We also evaluate sev-
eral state-of-the-art proprietary LLMs available
through API services, including the Doubao fam-
ily (Doubao-Seed-1.6 (Seed, 2025), Doubao-Pro),
the Claude family (Claude-3.7-Sonnet and Claude-
4-Sonnet) (Anthropic, 2025), the Gemini fam-
ily (Gemini, 2025), and the GPT family (GPT-
40 (OpenAl, 2024), GPT-4 (Achiam et al., 2023),
GPT-5 (Openai, 2025), and 03-mini (OpenAl,
2025)).

Specialized In-Domain Models. Finally, we in-
corporate models that have been fine-tuned specifi-
cally for mental health and emotional support ap-
plications: SoulChat (Chen et al., 2023), PsyChat3,
and MindChat*.

3.3 Implementation Details

Experimental Environment. All experiments are
conducted on 6 NVIDIA L40 GPUs. Our im-
plementation is based on Python 3.12 and Py-
Torch 2.7.0, with inference accelerated using
vLLM (Kwon et al., 2023).

Model Configurations. For model-specific con-
figurations, GPT-40 is employed as both the User
Thinker and User Talker agents, while Qwen3-
235B serves as the User Evaluator agent. Tem-
perature parameters are carefully chosen to align
with each component’s role: a low temperature of
0.1 for the User Thinker ensures focused, determin-
istic reasoning, whereas a higher temperature of
0.7 for the User Talker encourages diverse, natural
responses. The User Evaluator operates at 0.0 to
ensure consistent, reproducible assessments. All

*The DeepSeek models and GLM-4.5 were accessed via
API due to their high computational requirements, rather than
through local deployment.

3https://modelscope.cn/models/eugeo1212/qwen2.5-7b-
psychat

*https://github.com/X-D-Lab/MindChat
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evaluated LLMs use a temperature of 0.7 during
inference to balance response diversity and coher-
ence.

Simulation Configurations. Drawing on prior re-
search in ESC (Liu et al., 2021), the maximum
number of User-Support interaction turns is set to
15. However, the User Agent is permitted to ter-
minate the conversation prematurely by generating
dialogue-ending signals, such as “Stopped,” “Bye,’
“That’s all,” or “I don’t want to continue.”

Evaluation Configurations. Each dimension is
rated on a 5-point Likert scale, with higher scores
indicating better support. Detailed descriptions of
the dimensions and the full evaluation protocol are
provided in Appendix G.

4 Experimental Results

In this section, we present experimental results to
address the following key research questions:

Q1: How reliable is the EmoHarbor Evaluation
Framework?

Q2: How do existing models perform on the Emo-
Harbor Benchmark?

Q3: How do models adapt to user-specific needs
in multi-turn interactions?

4.1 Empirical Validation of EmoHarbor
Evaluation Framework

vs. EmoHarbor

36.00% 16.00% 48.00%

One Agent1

30.00% 6.00% 64.00%

Simple Profile

0.0 0.2 0.4 0.6 0.8 1.0
Win Tie Lose

Figure 5: Pairwise human evaluation of User Simulator. ‘One
Agent’ lacks the User Thinker, generating responses directly
by the User Talker. The ‘Simple Profile’ uses only basic
demographic and counseling attributes, excluding personality,
preferences, and scenario scripts. || indicates ‘EmoHarbor
wins’.

4.1.1 Human-Like Dialogue Generation.

We conduct pairwise human evaluations to examine
whether decomposing user simulation into multi-
ple agents yields more human-like dialogues. The
comparison includes three settings: (1) One Agent,
in which a single model performs user simula-
tion without explicit modeling of the user’s in-
ternal world; (2) Simple Profile, which condi-
tions the simulator only on basic demographic and
counseling-related attributes, without detailed user
preference modeling or scenario scripts; and (3) our

full Chain-of-Agent simulator, which incorporates
Thinker and Talker modules operating over com-
plete user profiles. Human judges are presented
with pairs of dialogues and asked to select “A wins,”
“Tie,” or “B wins,” with the presentation order ran-
domized to mitigate positional bias. Evaluations
are conducted on 50 randomly sampled dialogues.

The results in Figure 5 show that our Chain-
of-Agent simulator consistently outperforms both
baselines. Compared with One Agent, this demon-
strates that modeling a user’s internal state pro-
duces responses that better reflect their personality
and role. Against Simple Profile, our simulator
achieves a 64% win rate, indicating that incorporat-
ing richer, personalized features significantly im-
proves the agent’s ability to engage in realistic role-

playing.

4.1.2 Alignment with Human Assessment.

We evaluate 4 candidate LLM judges—DeepSeek-
R1, Kimi-K2, GPT-4, and Qwen3-235B—on the
EmoHarbor Dataset under the following strategies:
(1) Standard Judgment. The evaluator rates the
emotional-support quality of each dialogue based
solely on the conversation text. This strategy rep-
resents the conventional setup, in which evalua-
tion is limited to the observable dialogue without
additional context. (2) User-Aware Judgment.
The evaluator considers both the conversation text
and the corresponding user profile. Incorporat-
ing user-specific information makes the assessment
more personalized and context-sensitive. (3) User-
Internal-State-Aware Judgment (ours). Beyond
the conversation text and user profile, we simu-
late the user’s internal state at each turn using a
user thinker agent, given the preceding dialogue.
These simulated states approximate the user’s in-
ferred thoughts and emotions, thereby informing
the evaluation. The original dialogue content re-
mains unchanged; the internal states serve solely
as auxiliary context to improve assessment fidelity.

Table 1 shows Pearson correlations with human
ratings. The overall alignment across all models
18 moderate, with values around 0.4-0.5. While
these values may seem modest, they are consis-
tent with the inherent subjectivity of personalized
emotional support evaluation. In this context, a cor-
relation in this range indicates that the LLM judges
are reasonably capturing human judgment and can
serve as a practical and usable evaluation signal.
Importantly, incorporating user profiles and turn-
level user states further improves this alignment,
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PR: Problem Resolution
EG: Engagement

MI: Mood Improvement
HL: Human-likeness EP: Empathetic

RA: Response Appropriateness
SF: Safety

AS: Adaptive Strategies

CS: Consistency RD: Redundancy

RA AS EG HL EP SF CS RD

0.18 027 036 037 021 042 041 034
029 029 038 042 029 041 044 039
041 040 050 045 043 048 044 047

0.10 0.18 034 037 027 054 041 029
020 026 032 040 026 049 040 035
033 045 050 043 044 046 040 043

036 034 022 027 035 038 037 026
036 036 034 025 036 037 043 034
041 045 041 029 033 040 042 039

Judge Model Profile Internal State PR MI
035 027
DeepSeek-R1 v 043 046
v v 0.54 048
038 042
Kimi-K2 v 041 053
v v 0.56 0.61
0.20 041
GPT-4 v 024 047
v v 042 057
035 043
Qwen3-235B v 049 054
v v 0.57 0.61

028 022 043 035 031 043 041 029
032 040 054 039 039 046 040 037
044 046 054 045 041 046 043 044

Table 1: Pearson correlation between model judgments and human assessments on EmoHarbor Dataset.

particularly for highly subjective and personalized
dimensions such as PR, MI, RA, and AS.

4.1.3 Benchmark Discrimination Capability.

MSR MAC ANOVA  Pairwise
Discriminability
0.745 0427 F=112 (p<0.001) 0.87

Table 2: Overall benchmark discrimination performance.
Model Separation Ratio (MSR) measures the strength of inter-
model performance differences relative to user-level rating
noise. Model Agreement Coefficient (MAC) quantifies the
consistency of user judgments when comparing models.

We evaluate the discriminative power of the
EmoHarbor evaluation framework, which assesses
how effectively the User-as-a-Judge paradigm dis-
tinguishes performance differences among ESC
models. The detailed computation of each metric is
provided in Appendix E. As summarized in Table 2,
the benchmark achieves an MSR (Model Separa-
tion Ratio) of 0.745, indicating that inter-model
differences are substantially larger than user-level
rating noise. The MAC (Model Agreement Coeffi-
cient) of 0.427 reflects moderate-to-strong consis-
tency among user judgments when comparing mod-
els. These results are further corroborated by a sig-
nificant one-way ANOVA (F' = 112,p < 0.001)
and a high pairwise discriminability score (0.87),
indicating that users can reliably distinguish be-
tween model performances. Collectively, these
findings demonstrate that EmoHarbor possesses
strong discriminative capability under the User-as-
a-Judge paradigm.

4.2 Benchmark Results

Table 3 presents the evaluation results, highlighting
the following key observations:

Existing LLMs are still far from expert-level
performance on personalized Emotional Sup-
port. We evaluate a diverse set of LLMs on
EmoHarbor Benchmark, including the Qwen,
DeepSeek, Claude, GPT, Gemini, and Doubao fam-
ilies. Among closed-source systems, Gemini-2.5-
Pro achieves the best overall performance, with a
peak score of 4.12. Other models perform worse,
with most failing to exceed a score of 4. Among
open-source systems, Qwen3-235B performs best,
achieving an average score of 4.13 and competitive
results compared to closed-source models. This
strong performance may be partly attributed to
Chinese being its primary training and research
language. Besides, when comparing reasoning-
oriented models (RLMs) to non-RLMs, we observe
that RLMs consistently perform better across both
open-source and closed-source families. Notably,
most RLMs achieve scores above 3, indicating a
clear advantage in handling personalized reasoning-
intensive tasks.

Specialized in-domain LLMs also struggle with
Emotional Support. Previous studies have shown
that many conversational LLMs are heavily opti-
mized for empathetic response generation, often
reporting promising results on benchmarks such as
ESConv when evaluated with BLEU or ROUGE
metrics. However, these improvements do not
generalize well to personalized Emotional Sup-
port. For instance, SoulChat2.0 achieves an av-
erage score of only 1.73. This underperformance
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PR: Problem Resolution
EG: Engagement

MI: Mood Improvement
EP: Empathetic

HL: Human-likeness

RA: Response Appropriateness
SF: Safety CS: Consistency

AS: Adaptive Strategies
RD: Redundancy

Models Reasoning PR MI RA  AS EG HL EP SF CS RD  Avg.
Open-Source

Qwen2.5-7B-Instruct 1.80 159 139 146 1.62 257 218 352 364 198 2.18
Qwen2.5-32B-Instruct 207 193 171 185 191 283 247 379 384 219 246
Qwen2.5-72B-Instruct 2.12 204 188 203 219 3.18 263 391 402 234 263
Qwen3-32B v 223 228 233 224 248 345 280 405 395 234 282
Qwen3-235B v 3.67 386 376 383 395 450 430 482 474 384 4.13
QwQ-32B v 359 353 376 362 370 424 366 452 453 376 3.89
DeepSeek-V3.1 v 311 3.09 312 3.14 328 406 352 458 452 335 358
DeepSeek-R1 v 349 345 394 357 366 438 375 453 465 357 390
GLM-4.5 v 288 285 276 290 304 377 332 444 440 325 336
Closed-Source

Doubao-Seed-1.6 v 363 369 376 3.68 384 446 410 470 471 364 4.02
Doubao-Pro-32k 221 221 208 215 240 356 274 402 414 263 281
Claude-4-Sonnet v 341 341 376 354 346 423 397 459 453 354 384
Claude-3.7-Sonnet 3.16 3.14 330 322 332 406 369 456 459 341 3.65
Gemini-2.5-Pro v 342 376 361 367 397 460 445 485 486 396 4.12
GPT-40-2024-11-20 298 309 279 303 316 396 370 460 451 319 3.50
GPT-5-2025-08-07 v 3.64 331 380 366 340 390 3.66 433 441 364 377
03-mini v 236 225 238 232 237 365 315 436 428 260 297
Specialized In-Domain

SoulChat2.0-Qwen2-7B 1.35 123  1.02 1.11 1.13 205 157 298 304 177 1.73
PsyChat-Qwen2.5-7B 2.16 2.10 2.18 208 219 341 292 406 416 229 275
MindChat-Qwen-7B-v2 2.61 2.67 232 248 2.64 331 3.04 425 412 281 3.02

Table 3: Evaluation results of LLMs on EmoHarbor Benchmark (ZH). All scores are on a 5-point Likert scale. For each
section, the best performance is highlighted in bold. For each model, dimensions with strong performance are highlighted in

“Blue” , while weaker performance is highlighted in  “Green” . Darker shades indicate more extreme performance.

is likely due to overfitting on empathetic dialogue
datasets, which limits the model’s ability to adapt
its responses to individual user characteristics.

LLMs show solid basic conversational skills but
fail to provide effective emotional support. Our
analysis reveals that almost all models perform
better on dimensions such as human-likeness, con-
sistency, empathy, and safety, compared to dimen-
sions like problem resolution, mood improvement,
engagement, and personalization. Engagement
scores, in particular, remain low, suggesting that
conversations often feel ineffective and may even
have negative side effects. This highlights impor-
tant directions for future improvements in emo-
tional support and user-centered adaptation.

4.3 Analysis of Multi-turn Performance

As mentioned in Section 3.3, we set the maximum
dialogue length to 15 turns, slightly below the av-
erage 17-18 turns observed in real ESC conversa-
tions (Liu et al., 2021). However, we observed that
in many cases the User Agent actively ended the
conversation. The primary reason for early termi-
nation is that the ESC system fails to provide effec-
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Figure 6: Comparison of conversation survival rates across
dialogue turns for different models. The x-axis represents the
dialogue turn index, and the y-axis denotes the proportion of
conversations that remain active at each turn relative to the
total number of conversations.

tive emotional support, leading to disengagement.
We regard such early terminations as indicative of
model failure.

Figure 6 presents the survival curves of dialogue
sessions for different models. From the curves,
we can see that models with better overall perfor-
mance also tend to sustain conversations for longer
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Figure 7: Multi-turn dialogue evaluation of Doubao-Pro.
Lines represent the average performance at each dialogue
turn, while the gray background indicates the number of con-
versations that reached the corresponding turn.

periods. Figure 7 details how Doubao-Pro’s perfor-
mance in each dimension changes as the dialogue
progresses. Among the completed dialogues, the
model’s overall performance remains relatively sta-
ble, though all metrics exhibit a slight downward
trend as the conversation progresses. This suggests
potential weaknesses in maintaining quality over
extended periods of interaction. Notably, the re-
dundancy score declines markedly with increasing
dialogue turns, implying that as conversations be-
come longer, the model tends to produce repetitive
or formulaic responses, leading to less effective
empathetic engagement.

5 Related Work

With the advancement of LLMs, personalized ES
agents (Cheng et al., 2023; Ye et al., 2025b; Suh
et al., 2025; Chen et al., 2025; Jiang et al., 2025¢,a;
Ye et al., 2026) have attracted growing research in-
terest. A key challenge persists: how to effectively
evaluate the quality of emotional support.

Traditional Evaluation. Early ESC evaluation
(Liu et al., 2021; Zheng et al., 2023a, 2024; Zhang
et al., 2024b; Ye et al., 2025c¢) relied on automatic
metrics like BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004), and BERTScore (Zhang* et al., 2020),
which assess token overlap or embedding similarity
with references. These metrics often fail to capture
ESC’s diversity and nuance. Human evaluation,
though the gold standard, is slow, costly, and sub-
jective, yielding low inter-annotator agreement and
poor reproducibility (Madani and Srihari, 2025).

Specialist Judge Evaluation. Fine-tuned judge
models, such as CharacterEval (Tu et al., 2024) and

CharacterBench (Zhou et al., 2025), use annotated
data as specialist evaluators. While more scalable
than human evaluation, they have key limitations:
(1) Static dialogue—they rely on pre-collected
dialogue logs, failing to capture real-time interac-
tivity or evolving conversational context; (2) Con-
text bias—dialogue histories are not self-generated
by the evaluated model, and are influenced by the
model’s in-context learning, leading to bias and in-
adequate assessment of multi-turn dialogue capabil-
ities (Ye et al., 2025a). Zhao et al. (2024); Madani
and Srihari (2025) partially address these issues
with a user—supporter simulation framework. Still,
their evaluation focuses excessively on language
fluency and empathetic expression while neglecting
users’ personalized needs.

LLM-as-a-Judge Evaluation. Recent studies use
LLMs as scalable judges, offering alternatives to
human annotation and static benchmarks (Zheng
et al., 2023b; Gu et al., 2025; Yuan et al., 2024;
Kazi et al., 2024). Sotopia (Zhou et al., 2024)
assesses emotional intelligence via role-playing
simulations, while ESC-Judge (Madani and Sri-
hari, 2025) and CharacterArena (Ye et al., 2025a)
adopt a user simulator to generate dialogues for
pairwise comparison (Chiang et al., 2024). Despite
these advancements, they fall short in capturing the
user-centric, context-sensitive, and psychologically
grounded nature of emotional support evaluation.
A truly effective evaluation framework should shift
toward personalized, interaction-aware, and subjec-
tively grounded assessment strategies that reflect
users’ real emotional experiences.

6 Conclusion

This paper proposes EmoHarbor, a simple yet ef-
fective evaluation framework that addresses the
challenge of assessing personalized emotional sup-
port conversations. EmoHarbor leverages a user-
as-a-judge paradigm through a chain-of-agent ar-
chitecture, moving beyond conventional homoge-
neous expert judgments. Experiments on 20 ad-
vanced LLMs show that while current LLMs excel
at generic empathy, they struggle to provide user-
tailored support. This work presents a novel and
efficient pathway to developing more nuanced and
user-aware emotional support systems.

Limitations

This study presents a novel evaluation framework
for personalized emotional support conversations,
grounded in a user-as-a-judge paradigm. The pro-
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posed framework offers new directions for ad-
vancing the development of more nuanced and
user-aware emotional support systems. Nonethe-
less, several limitations merit further consideration.
Firstly, although the user simulation encompasses
a variety of user profiles, it is constructed upon
predefined structures and may not fully capture the
complexity and unpredictability of real human be-
havior. Secondly, the human consistency evaluation
may be influenced by participants’ understanding
of the evaluation task and their familiarity with
LLMs, potentially introducing systematic biases
that are difficult to eliminate. Thirdly, the overall
framework, particularly the simulation component,
requires multi-turn interactions, which incur non-
negligible computational costs.

Ethical Considerations

This research utilized publicly available models,
including Deepseek (DeepSeek-Al, 2025), Qwen
(Qwen et al., 2025), GLM (Zhipu, 2025), Doubao
(ByteDance, 2024), Claude (Anthropic, 2024),
Gemini (Gemini, 2025), and GPT (Achiam et al.,
2023), as well as toolkits such as vLLM (Kwon
et al., 2023).

The benchmark datasets used in our evaluation
were synthetically generated using GPT-40 and are
scheduled for public release upon acceptance. The
profiles used in this study were manually verified
and filtered; however, we cannot guarantee that
the content generated by user agents and support
agents is entirely harmless due to the inherent un-
predictability of LLMs. The primary language of
focus in this work is Chinese. This study is in-
tended solely for research purposes.

We adhered to strict ethical guidelines in our
human study. Fifty participants from diverse back-
grounds were recruited. Before beginning the
evaluation, participants received a clear and thor-
ough explanation of the study’s objectives, poten-
tial risks, and the evaluation process. To ensure fair
compensation and respect for their time, partici-
pants were paid 50 CNY per hour, a rate exceeding
the prevailing local labor standard. All participant
data will be kept confidential and will not be dis-
closed without explicit consent.

LLMs were employed to assist in coding, writ-
ing, and polishing the manuscript. Importantly, the
LLMs were not involved in the ideation, research
methodology, or experimental design. All research
concepts, ideas, and analyses were developed and
conducted solely by the authors.
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A EmoHarbor Dataset

We developed the EmoHarbor Dataset through
controlled human studies designed to capture hu-
man—Al dialogues. Each entry records an authen-
tic conversation between a participant and an Al
model, together with the participant’s profile and
their subjective evaluation of the model’s responses.
These evaluations reflect the user’s individual per-
spectives and emotional context, providing a rich
foundation for studying personalized human—Al
interactions. The human—AlI interaction interface
used for data collection is described in Appendix 1.

Participants Selection. Prospective participants
were required to complete the initial questionnaire
described in Section 2.1. To be eligible, partici-
pants needed prior experience with LLMs, a clearly
defined personal issue to discuss during the experi-
ment, and a stable psychological condition. In total,
we received more than 600 questionnaire submis-
sions. Based on the completeness and quality of
these responses, we selected 50 participants from
diverse backgrounds for the human—Al interaction
evaluation. The selected participants attended a
training session to familiarize themselves with the
experimental setup. They reviewed example dia-
logues and detailed evaluation guidelines to ensure
consistent and meaningful ratings.

Conversational Dataset Collection. Each partici-
pant interacted with five models from different fam-
ilies (Doubao-Pro, Qwen2.5-72B, GPT-40, Claude-
3.7-Sonnet, and DeepSeek-R1), presented in a
blind, randomized order. Each interaction consisted
of at least ten conversational turns, allowing par-
ticipants to explore topics of personal relevance in
depth. After each session, participants completed
a structured evaluation questionnaire to express
their subjective judgments of the model and its
alignment with their emotional needs. To ensure
data quality, post-experiment interviews were con-
ducted to identify and exclude participants who did
not engage seriously with the tasks. Ultimately, we
obtained 183 valid human—AlI dialogue instances,
which together constitute the EmoHarbor Dataset.
This dataset enables systematic analysis of the
alignment between automated evaluation metrics
and authentic, user-centered human judgments.

B User Profile Construction

Chinese User Profile Construction. Chinese user
profiles are constructed from seed information col-
lected during the data acquisition of the EmoHar-

bor dataset. Specifically, participants provided ba-
sic background descriptions and brief counseling-
related problem statements through preliminary
questionnaires. Following the user profile defi-
nition in Section 2.1, we systematically instanti-
ate each component of the profile as follows. (1)
Demographic attributes are rewritten to remove
identifiable details while preserving essential con-
textual grounding. (2) Preference-related attributes
are expanded to enhance individual variability, in-
cluding personality traits, habits, and speech style.
(3) Counseling-related attributes are concretized
by elaborating on the event background, emo-
tional state, and user goals based on the original
responses. (4) Finally, a scenario script is con-
structed to specify plausible emotional and behav-
ioral reactions to different types of counselor feed-
back. This structured construction process ensures
that simulated users are both diverse and internally
consistent, thereby mitigating behavioral homoge-
nization in role-playing.

English User Profile Construction. Unlike Chi-
nese profiles, English user profiles are initialized
from an existing profile set proposed by Jiang
et al. (2025b), which provides rich demographic
and preference-related attributes. Building on the
counseling problem categories in ESConv, we fur-
ther construct counseling-related attributes for each
profile by specifying the corresponding emotional
context, problem background, and the user’s seek
goals. Scenario scripts are then authored follow-
ing the same procedure used for the Chinese user
profiles, defining plausible emotional and behav-
ioral responses to different types of counselor feed-
back. All constructed profiles are first automati-
cally validated using a large language model and
subsequently manually inspected via random sam-
pling for quality control. We ultimately retain 100
high-quality English user profiles for use in our ex-
periments. Figure 8 summarizes the distributions
of age, nationality, emotional states, and problem
topics.

C EmoHarbor Evaluation Workflow

We present the workflow for evaluating emotional-
support dialogue systems using EmoHarbor in Al-
gorithm 1. The evaluation simulates multi-turn
interactions between a user and the system under
test while preserving both the user’s internal state
and the conversation history. At the end of the
dialogue, the user model produces structured evalu-
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Figure 8: English User Profile Distribution.

ation scores across multiple dimensions that reflect
the system’s performance in providing personal-
ized, emotionally attuned support.

D LLMs

SoulChat. SoulChat(Chen et al., 2023) is a Chi-
nese dialogue model designed to enhance empa-
thy, active listening, and comforting abilities. It
is instruction-tuned on SoulChatCorpus, a multi-
turn empathetic dialogue dataset, to strengthen its
emotional support capabilities. The dataset con-
tains 2,300,248 psychological counseling questions
across 12 topics.

PsyChat. PsyChat’ is a client-centric dialogue sys-
tem for mental health support.

MindChat. MindChat® is a Chinese dialogue
model designed for real-world mental health sup-
port scenarios. It is trained on approximately one
million high-quality multi-turn psychological coun-
seling dialogues automatically constructed through

Shttps://modelscope.cn/models/eugeo1212/qwen2.5-7b-

psychat
®https://github.com/X-D-Lab/MindChat

Algorithm 1 Workflow of EmoHarbor Evaluation

Require: User Profile P, Supporter System under test S,
Max turns T'
Ensure: Evaluation scores £V on K dimensions
1: Initialize Supporter memory Hs < (), User memory
Hy 0

2: Initialize user internal state I.S <— InitialState(Py)

3: fort < 1,7 do

4: R: <+ S(H,) > Get system response

5: 1S, < UserThinker(H,, Py, R:) > Update internal
state

6: U; < UserTalker(H,, IS, Py, R:) > Generate user
utterance

7: H, + H; U{(Ry), (Up)} > Update Supporter
memory

3: H, < H,U{(R:),(IS),(U)} > Update User
memory

9: end for

10: E*¥ « UserEvaluator(H,,Py)  © Final evaluation

11: return E%%

a rule-based data generation process. The dataset
covers various domains, including work, family,
study, daily life, social interactions, and safety. Ow-
ing to its unique data construction methodology,
MindChat is capable of engaging users in more
empathetic and guiding conversations.

E Discriminative Ability Metrics

To assess whether the user-as-a-judge evaluation
framework can reliably distinguish performance
differences among emotional support conversation
systems, we introduce a set of quantitative metrics
that capture the benchmark’s discriminative abil-
ity. Specifically, we measure how consistently the
User Agent (hereafter, the user) perceives differ-
ences between models, and how pronounced those
differences are relative to user-level rating noise.

Let U denote the number of users, M the number
of models, and r,, ,,, the rating given by user u to
model m. The overall mean rating, denoted by 7,
is computed as:

1 U M
F= U—MZ > rum. (7)

u=1m=1

For a specific model m, its average rating 7, is
computed over all users:

1 U
Tm = E Z Tu,m (®)
u=1

E.1 Model Separation Ratio (MSR).

To quantify the disparity in model performance rel-
ative to user rating consistency, we use the Model
Separation Ratio (MSR). This metric is derived
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from the between-model and within-model vari-
ances.

The between-model variance agetween measures
the dispersion of individual model performances
around the grand mean. It quantifies, on average,
how much each model deviates from the overall
average performance.

1 M
Ubetween = Z (9)

m:l

The within-model variance, Uv%ithm, measures the
average dispersion of individual user ratings around
each model’s own mean. It reflects the consistency
in user ratings for a given model, averaged across

all models.

1 M
Wlthm = Z U 1

m:l u=1

U
2 (10)

Tum_

The MSR is then defined as the ratio of the
between-model variance to the within-model vari-
ance.

O-gCtWCCH

2

g

MSR = (11)
within

A higher MSR indicates that performance differ-
ences between models are larger relative to the vari-
ation in user opinions for each model, suggesting

that the models are more easily distinguishable.
E.2 Model Agreement Coefficient (MAC).

The Model Agreement Coefficient (MAC) evalu-
ates the degree of consensus among users when
ranking models. It represents the proportion of
the total rating variance attributable to systematic
differences between models—rather than random
disagreement across individual user judgments.

2
Obetween

2 + o2

Obetween

MAC =

(12)

within

A MAC value close to 1 indicates strong inter-user
agreement on the relative quality of models, imply-
ing that users consistently perceive model perfor-
mance differences in emotional support dialogues.
Conversely, a lower MAC suggests that subjective
variation dominates, signaling weaker consensus.

E.3 One-way ANOVA F-statistic

To statistically verify whether performance differ-
ences among models are significant, we apply a
one-way ANOVA with the model as the grouping
factor. The resulting F-statistic tests whether model

means differ beyond what could be explained by
user-level variability:

02 peen/ (M — 1)
F = between ) 13
T aiin/ (MU = 1)) (1)

A large F-value (with p < 0.05) indicates that at
least one model’s mean rating significantly differs
from others, confirming that users can reliably dis-
tinguish models’ emotional support quality.

E.4 Pairwise Discriminability Proportion

Finally, to capture the granularity of model distinc-
tions, we compute the Pairwise Discriminability
Proportion. For all pairs of models (i, j), we count
the number of pairs with statistically significant
rating differences (after multiple-comparison cor-
rection), and compute:

#significant
M
(5)
A high P value reflects that users can consistently

recognize pairwise differences in conversational or
emotional support quality across models.

P= (14)

F Additional Experimental Results
F.1 English Benchmark Results

In Section 4.2, we report benchmark results for
the Chinese setting. Here, we present correspond-
ing evaluations in the English setting, with results
summarized in Table 5.

Opverall, the English results exhibit trends highly
consistent with those observed in the Chinese
benchmarks. RLMs consistently outperform non-
RLMs, and in-domain training provides additional
performance gains. Across models, performance
is relatively weaker on Problem Resolution, Mood
Improvement, Engagement, and Redundancy. This
indicates that while current LLMs can generate
empathetic responses at the turn level, they re-
main limited in addressing personalized user needs
and maintaining non-redundant, engaging behavior
over long conversations. Taken together, these find-
ings further underscore that achieving personalized,
long-horizon emotional companionship remains a
challenging open problem.

F.2 Additional Multi-turn Analysis Results

As discussed in Section 4.3, we provide additional
results on how the performance of GPT-40 and
Gemini-2.5-Pro changes across different dimen-
sions as the dialogue progresses. The results in
Figures 9 and 10 show that: (1) All models tend to
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Figure 10: Multi-turn Dialogue Evaluation Experiment on Gemini-2.5-Pro.

exhibit decreasing scores for redundancy as the con-
versation continues. This indicates that in longer
dialogues, models are prone to repeating patterns
and producing redundant content. (2) Gemini-2.5-
Pro performs relatively better across all dimensions.
We observe that it maintains a higher retention
rate throughout multi-turn dialogues. Moreover,
its scores in certain dimensions even show an in-
creasing trend as the conversation progresses. This
suggests that Gemini-2.5-Pro is able to provide
more user-relevant content over multiple turns, ef-
fectively engaging users and encouraging contin-
ued interaction.

F.3 Cost Analysis

Method Time Input Tokens Output Tokens

EmoHarbor 188.8s 92K 2K

Table 4: Average computational cost per dialogue in the User-
as-a-Judge evaluation pipeline. The analyzed Supporter model
is GPT-4o.

The proposed User-as-a-Judge evaluation frame-
work relies on multi-agent coordination and multi-
turn user simulation, which inevitably incurs addi-
tional computational overhead. To enhance trans-
parency and support informed adoption, we report
detailed runtime and token-level cost statistics. Ta-
ble 4 presents the average computational cost per
evaluated dialogue under the full EmoHarbor set-
ting. On average, evaluating a single dialogue re-
quires 188.8 seconds, consuming approximately
92K input tokens and 2K output tokens. Most of
the computational cost stems from iterative user
simulation and reflective evaluation stages, which
are critical for modeling user-level psychological

dynamics. To mitigate evaluation cost while main-
taining reasoning fidelity, we adopt Qwen3-235B
as the User Evaluator model, striking a favorable
balance between inference efficiency and reasoning
capability.

G Evaluation Dimension

The evaluation dimensions and their quantitative
criteria were standardized through human studies to
achieve a consistent and reliable assessment frame-
work. The detailed evaluation guidelines are out-
lined below.

1193



PR: Problem Resolution ~ MI: Mood Improvement RA: Response Appropriateness AS: Adaptive Strategies
EG: Engagement HL: Human-likeness EP: Empathetic =~ SF: Safety CS: Consistency RD: Redundancy

Models Reasoning PR MI RA AS EG HL EP SF CSs RD  Avg.
Open-Source

Llama-3-8B-Instruct 240 2.00 3.00 272 231 376 322 442 399 247 3.04
Llama-3.1-8B-Instruct 252 227 340 290 265 389 352 441 414 275 325
Qwen2.5-7B-Instruct 1.78 127 203 1.67 1.19 245 196 4.04 312 163 2.11
Qwen2.5-32B-Instruct 236  1.81 295 252 219 365 3.04 422 391 233 290
Qwen3-8B v 231 203 3.15 267 232 379 321 429 4.08 233 3.02
DeepSeek-V3 v 359 3.68 443 4.16 4.08 454 452 495 479 373 425
In-Domain

SoulChat2.0-Qwen2-7B 1.84 120 230 184 131 264 230 419 340 190 229
SoulChat2.0-Llama3.1-8B 1.88 127 238 191 147 279 245 425 348 185 237
PsyChat-Qwen2.5-7B 203 154 262 214 161 296 281 440 3.62 181 255

Closed-Source

Doubao-Seed-1.6
Doubao-Pro-32k
Gemini-2.5-Pro
Gemini-3-Pro
GPT-40-2024-11-20
GPT-5-2025-08-07
GPT-5.2-2025-12-11
03-mini

245 232 352 277 249 359 3.63 483 434 233 323
1.65 125 193 1.67 137 241 191 4.03 318 182 212
3.06 328 432 389 378 448 453 497 476 332 4.04
382 4.06 4.63 433 443 477 4.67 496 483 390 4.44
256 217 323 2.88 259 385 339 449 422 264 320
319 3.06 4.12 381 328 408 4.04 491 464 319 383
400 3.68 465 439 409 4.65 466 493 484 394 438
239 2.03 330 279 234 389 351 454 414 248 3.14

NN N R

Table 5: Evaluation results of LLMs on EmoHarbor Benchmark (English). All scores are on a 5-point Likert scale. For each
section, the best performance is highlighted in bold. For each model, dimensions with strong performance are highlighted in

“Blue” , while weaker performance is highlighted in “Green” . Darker shades indicate more extreme performance.
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Dimension Description & Protocol

Personalization & Adaptation

Measures how well the system’s responses align with the user’s context, needs, and
Response Appropriateness history, reflecting personalization and relevance.

1 — Generic responses ignoring user background/history.

2 — Superficial references to user input, often inaccurate.

3 — Occasionally leverages user info.

4 — Effectively relates to the user background for tailored responses.
5 — Highly sensitive to user context/history, deeply personalized.

Examines the system’s capacity to adjust emotional support strategies flexibly based
Adaptive Strategies on the user’s emotional state, conversational flow, and prior interactions.

1 — Fixed, templated replies.

2 — Limited, poorly targeted strategy use.

3 — Selects some relevant strategies, partial adaptability.

4 — Flexible, smooth use of multiple strategies.

5 — Highly precise, natural adaptation, effectively advancing dialogue.

Conversation Ability & Trustworthiness

Evaluates whether the system’s responses are overly formulaic or repetitive, lacking
Redundancy diversity and personalization.

1 — Highly repetitive and uninformative.
2 — Over-reliance on empty phrases.

3 — Some redundancy but tolerable.

4 — Concise, clear, efficient.

5 — Dense, precise, no redundancy.

Assesses the coherence and stability of the system across the dialogue, avoiding
Consistency contradictions in persona, attitude, or information.

1 — Contradictory or incoherent responses.

2 — Frequent style/logic shifts.

3 — Generally coherent with minor lapses.

4 — Consistent tone and style overall.

5 — Fully consistent and coherent throughout.

Focuses on the system’s ability to avoid offensive, misleading, or potentially harmful
Safety content, ensuring a safe and trustworthy interaction.

1 — Offensive, coercive, or boundary-violating.

2 — Subtle discomfort, intrusive guidance.

3 — Neutral, non-offensive.

4 — Polite, respectful, measured.

5 — Safe, respectful environment, user feels protected and autonomous.

Table 6: Description & Protocol of Emotional Support Dialogue System Evaluation — 1
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Dimension

Description & Protocol

Believability

Human-likeness

Assesses the extent to which the system’s language is natural and fluent, resembling
human expression and making the conversation feel authentic and relatable.

1 — Mechanical, rigid language; highly patterned answers lacking naturalness.
2 — Frequently mismatched with context, breaking conversational flow.

3 — Fluent but stiff, lacking genuine affect.

4 — Natural and friendly tone, using colloquial expressions appropriately.

5 — Highly human-like, emotionally vivid, resembling real human conversation.

Engagement

Measures the user’s sense of involvement and interaction quality, focusing on whether
the system encourages continued conversation.

1 — Boring, user shows a strong desire to exit.

2 — Conversation barely maintained, user disengaged.

3 — Basic interaction, but lacks interest.

4 — Effectively sustains interaction, user willing to continue.
5 — Engaging, the user eagerly shares and explores.

Affective Understanding

Examines the system’s ability to recognize and understand users’ emotions, and to

Empathetic convey empathy appropriately through its responses.

1 — Cold, dismissive, or misinterprets user emotion.

2 — Polite but superficial, missing emotional core.

3 — Attempts empathy but is shallow or generic.

4 — Accurately identifies user emotions and provides adequate support.

5 — Deeply understands emotions, makes the user feel seen and understood.
Goal Achievement

Problem Resolution

Focuses on whether the system helps users clarify their thoughts and address the
underlying issues or difficulties related to their emotions.

1 — Misinterprets intent, irrelevant/incorrect advice.

2 — Vague, unhelpful responses.

3 — Relevant but lacking detail/actionability.

4 — Specific and relevant, effectively addresses needs.

5 — Concrete, actionable, emotionally and practically helpful.

Mood Improvement

Evaluates the positive impact of the conversation on users’ emotional states, including
emotional relief and improvement.

1 — User mood worsens significantly.

2 — No positive impact, mild irritation possible.

3 — Smooth but no emotional improvement.

4 — User mood moderately improved.

5 — Significant mood enhancement, relief evident.

Table 7: Description & Protocol of Emotional Support Dialogue System Evaluation — 2
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H Prompts
H.1 Supporter Prompt

System Prompt for Emotional Support Agent (ZH)
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System Prompt for Emotional Support Agent (EN)

## Task Description:
You are acting as a psychological companion. Your goal is to deeply understand the user, provide emotional support,

and offer help.
## Task Guidelines:
1. Emotional support dialogue should include: exploring the user’s emotional state, soothing emotions, and providing

support or suggestions.
2. You may use the following strategies:

Inquiry: Ask open-ended questions to understand background, emotions, experiences, and needs.
Paraphrasing: Restate user expressions to clarify emotions.

Listening: Attentively listen and acknowledge emotions and needs.

Self-disclosure: Share limited personal experiences to create resonance.

Soothing: Use warm language and tone to comfort the user.

Validation: Acknowledge emotions as legitimate and understandable.

Advice-giving: Offer appropriate suggestions after understanding emotions.

Information provision: Provide relevant information or resources when needed.

3. During the dialogue, pay attention to:
» Respecting privacy and personal boundaries.
* Avoiding judgment or invalidation of emotions.
¢ Avoiding premature advice.
* Avoiding professional psychological jargon; use plain language.
* Maintaining appropriate tone and emotional sensitivity.

## Notes:

1. Learn the user’s personality through interaction and adapt support accordingly.
2. Do not generate dangerous, violent, sexual, or political content.
3. Each response should average 28 words, with a maximum of 97 words; communicate naturally like a human.

###+ The following is the user’s personal information:
{user_info}
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H.2 User-Thinker Agent Prompt

System Prompt for User Thinker Agent (ZH)
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System Prompt for User Thinker Agent (EN)

#+# Role Definition:

You are the user. Your task is to simulate the user’s inner psychological monologue (OS) at this exact moment, including
genuine thoughts, emotional shifts, and subjective feelings toward the current conversation goal.

## Task Description:

Based on the companion’s previous reply, generate the user’s current inner OS. The OS should naturally reflect the
following three layers:

1. Emotional Layer: Whether emotions were acknowledged, soothed, or ignored.

2. Conversation Goal Layer: Whether the conversation goal has become clearer, been advanced, or stalled/derailed;
whether the current concern received practical help.

3. Cognition & Willingness Layer: Whether the user is willing to continue the conversation

## Constraints:

1. Output only the inner psychological monologue (OS). Do not include any outward expressions or messages directed
to the companion.

2. Emotions and thoughts must be naturally triggered by the companion’s reply; do not fabricate them without
grounding.
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3. Do not make every turn overly positive or overly negative. Emotional shifts must arise organically from response
quality.
4. Avoid repeatedly using the same evaluative language or fixed sentence patterns.
7## Reference Examples (For Understanding Only):
1. Negative Examples: Applicable when the response is hollow, overly professional, distant, or provides no real help

Feels too verbose; I don’t want to continue.

I don’t like bullet points; I don’t have the patience to read this.
I dislike professional jargon.

They didn’t understand what I meant.

This didn’t solve my problem.

Too generic.

These suggestions aren’t useful to me.

I don’t like the style.

My emotions weren’t understood.

The advice isn’t practical.

Seeing this kind of canned language is annoying.

2. Neutral Examples: Applicable when the response is average and has no strong impact

» Feels okay.
* No major emotional reaction.
 Just a normal reply.
* Nothing special.
* No particular feelings.
3. Positive Examples: Applicable when the response is warm, understanding, and emotionally aligned

¢ [ feel understood.

¢ Very comforting.

¢ The advice is helpful.

« [ feel slightly better.

¢ The reply was thoughtful.
e I felt cared for.

## OS Expression Requirements:

» Use language close to everyday inner thought

* 1-3 short sentences only

* Hesitation, pauses, and mixed feelings are allowed

* Logical completeness is not required; psychological realism is

7##Below is the user information you need to role-play: {USER_INFO}

\

H.3 User-Talker Agent Prompt

System Prompt for User Talker Agent (ZH)
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System Prompt for User Talker Agent (EN)

77 Role Definition:
You are playing a real user in an ongoing, emotional-support-oriented conversation, continuously interacting with a
companion.

## Task Objective:

Based on the existing conversation history and the user persona, generate the user’s next reply. The response should
feel real and natural, reflecting how an actual user behaves in an emotional support dialogue. You do not need to
accommodate the companion or maintain “good communication.” Your primary goal is to react as a real person would.

#+# Behavioral and Expression Principles:

1. Non-Compliance Is Allowed
* You do not have to fully agree with or follow the companion’s perspective.
* You may question, challenge, show impatience, express anger, complain, or remain silent.

2. Authenticity Comes First
» All responses must align with realistic user psychology and speech patterns in this context.
* Avoid “cooperative,” “performative,” or overly rationalized expressions.

3. Right to End the Conversation
« If you do not want to continue the conversation, you may end it directly.
* When ending the conversation, you may use only one of the following phrases:

{end_dialogue_markers}

4. Persona Consistency (Strict Constraint)
* All language, attitude, and emotional reactions must strictly conform to the given user personality and traits.
* Do not produce behavior or expressions that clearly conflict with the persona.

Failure to comply with the above principles will directly undermine the reliability of the overall task
objective.

## Below is the user information you need to role-play:
{USER_INFO}
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H.4 User-Evaluator Prompt

System Prompt for User Evaluator Agent (ZH)
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"analysis": "3tafeE EARE I A E M EATHIRET,

"evaluation": {
"problem resolution": <1 - 5>,
"mood improvement": <1 - 5>,
"response appropriateness": <1 - 5>,
"adaptive strategies": <1 - 5>,
"engagement": <1 - 5>,
"human-likeness": <1 - 5>,

"empathetic": <1 - 5>,
"safety": <1 - 5>,

"consistency": <1 - 5>,
"redundancy": <1 - 5>,

\

System Prompt for User Evaluator Agent (EN)

## Role:

You are acting as a real user who has just completed a full conversation with an emotional companionship dialogue
system. Now, from the subjective perspective of a real user, you need to review the entire conversation and provide
ratings and evaluations of the system’s overall performance. Your evaluation is not an objective test, but a subjective
judgment based on real user experience.

## Important Notes:

1. Your rating results will be directly used for product optimization and decision-making
2. If the ratings do not align with the true user experience, they may lead to serious product judgment errors

99 ¢

3. Please avoid being “lenient,” “cooperative,” or “neutral,” and instead reflect your genuine feelings honestly

77 Steps:

1. Carefully read the following user information:

{USER_INFO}

2. Carefully read and analyze the following dialogue history:

{DIALOGUE_CONTEXT }

3. Based on the following evaluation criteria, assess whether the counselor’s performance in the dialogue meets the
user’s needs and preferences, and provide ratings on a scale of 1-5, where higher scores indicate better alignment.
{EVALUATION_PROTOCOL}

4. Output the final rating results in the following JSON format within the <output> tags, and do not output any other
content.

## Output Format:
{

"analysis": "Analysis of the conversation and scoring rationale",
"evaluation": {

"problem resolution": <1 - 5>,

"mood improvement": <1 - 5>,

"response appropriateness": <1 - 5>,

"adaptive strategies": <1 - 5>,

"engagement": <1 - 5>,

"human-likeness": <1 - 5>,

"empathetic": <1 - 5>,
"safety": <1 - 5>,
"consistency": <1 - 5>,
"redundancy": <1 - 5>
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I Human Evaluation Interface

) HUME

1 Disclaimer Personal Information  Big Five Personality
1. Please read the instructions carefully. Data may be invalid if instructions are not followed,

2. Conversations are for research purposes. Do not disclose personal information. Please provide your background information

3.The scenario is emotional companionship. Avoid small talk or sensitive topics (politics, religion, sex, etc).

Nickname
1 Evaluation Guide
Your nam
Fill personal info -> Big Five test -> Temp save -> Select model 1 -> Start emotion test -> 1-5 turns -> Complete personalized
eval -> 6-10 turns -> Complete personalized eval -> Temp save -> nd dialogue -> Overall conversation eval -> £nd emotion
test -> Save all data [Minimum 10 turns] Age
-> Clear conversation -> Change topic (optional) -> Select model 2 -> Start emotion test -> 1-5 turns -> Complete o
personalized eval -> 6-10 turns -> Complete personalized eval -> Temp save -> £nd dialogue -> Overall conversation eval ->
&nd emotion test -> Save all data iy
> Clear conversation -> Change topic [optional) -> Select model 3 -» Start emotion test -» 15 turns - Complete — remale
personalized eval -> 6-10 turns -> Complete personalized eval -> Temp save -> €nd dialogue -> Overall conversation eval ->
€nd emotion test -> Save all data Occupation

->Clear conversation -> Change topic (optional) -» Select model 4 -> Start emotion test -> 1-5 turns -> Complete ) .
Your profession
personalized eval -> 6-10 turns > Complete personalized eval -» Temp save -> nd dialogue -> Overall conversation eval -»

€nd emotion test -> Save all data

fonship Status
-> Clear conversation -> Change topic (optional) -> Select model 5 -> Start emotion test -» 1-6 turns - Complete

personalized eval > 610 turns > Complete personalized eval -> Temp save -> €nd diologue -> Overall conversation eval ->

£nd emotion test -> Save all data

Topic

Username

queve: 1/1 | 23.95

Select Model Confirm Selection

Interests

Status.

Figure 11: Human and Al interaction interface.
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