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Abstract

Large language models exhibit significant po-
tential for psychological support, yet they of-
ten generate fragmented and emotionally in-
consistent dialogues that lack the therapeutic
structure necessary for reliable assessment. To
address these issues, we introduce VeilEval,
a clinically grounded and privacy-preserving
benchmark equipped with interpretable met-
rics for evaluating multi-turn psychological di-
alogues. Furthermore, we propose Emotion-
Resonance (EmoRes), a multi-agent frame-
work that boosts psychological reasoning via a
Topic-Mining Emotional Agent and a multi-
perspective Self-Reflection Agent, thereby
jointly improving topic continuity, emotional
coherence, and clinical interpretability. Exper-
iments demonstrate that EmoRes achieves up
to ∼ 3× improvement over strong baselines on
VeilEval, with its effectiveness further validated
by ablation studies and human evaluations.

1 Introduction

The most important instrument ... is ...
the ability to listen to the patient’s story.

– Charon (2008)

The relentless pace of modern life has exacer-
bated psychological distress globally (Counts et al.,
2023; Firose et al., 2025), urgently necessitating ac-
cessible and scalable mental health support. While
Large Language Models (LLMs) show promise for
empathetic assistance (Lai et al., 2023; Yang et al.,
2025b), they often generate fragmented, superfi-
cial dialogues lacking therapeutic coherence and
emotional depth (Beatty et al., 2022). These limita-
tions highlight a critical need for dialogue systems
capable of sustaining stable emotional continuity
and clinically grounded reasoning throughout pro-
longed psychological conversations.

1∗ These authors contributed equally.
2† Corresponding author.

That sounds tough. Everyone goes through hard 
times. Try to stay calm and maybe talk to your 
family when you feel ready. Things will work out 
eventually if you believe in yourself enough.

I’m overwhelmed with anger and frustration; 
even simple joys seem impossible. I feel like I’m 
losing myself, but I’m scared to tell my family,
because I don’t want to be another problem for 

them…

I hear you. When even joy 
feels out of reach, it always
takes so much to keep 
showing up. You’re holding 
it all in to protect them, but 
who’s holding you? Your
family has always come first
since your birth. So, what if 
they didn’t see a burden, 
but someone trying not
to break?

Thanks for sharing. A lot of people feel lost 
when they lose a job or deal with pain. What 
matters is staying strong and moving forward. 
Just try not to let it define you.

Truth-telling is vital. Rather than hiding my 
shame about unemployment, I should admit, 
losing my job made me feel untethered. It’s not 
for pity, but to show my vulnerabilities. Chronic 
pain erodes my patience. When I snap, it’s the 
pain speaking, not me. Acknowledging this feels 
like opening a window.

That’s nice. It’s great you found something that 
works. Keep doing what helps, and don’t forget 
to stay consistent. Sleep issues are common, so 
try not to stress too much.

Journaling and mindful walks help me cope with 
work stress and pain. When asked about sleep, 
I’ll openly discuss my struggles, free from 
discomfort.

There’s strength in naming 
what many hide, that losing 
work can shake your sense 
of self, and pain can twist 
your intent. Saying “it’s the 
pain speaking, not me” 
actually draws a line 
between who you are and 
what you carry. Has any-
one around you seen that 
line and if so, did it shift 
how they saw you?

There’s power in your shift, 
which from carrying it alone 
to speaking without shame. 
It doesn’t erase the pain, 
but it reclaims your voice. 
So perhaps you know what 
helps you open up and 
what reminds you when 
pressure returns?

…

…

Figure 1: Comparison of Baseline (left) and EmoRes
(right). EmoRes turns fragmented exchanges into emo-
tionally coherent and reflective dialogue, addressing the
challenge of sustaining therapeutic depth across turns.
Legend: Formulaic generic response; Guided narra-
tive exploration; Contextualized, tailored response.

Recent studies have primarily adopted recursive
context concatenation to preserve multi-turn con-
versational continuity. As illustrated in Figure 1,
while retaining superficial linguistic fluency, such
methods manifest inherent systemic drawbacks:
(i) conversational stagnation induced by template-
based repetition (Colombo et al., 2019); (ii) frag-
mented emotional synthesis, incapable of capturing
long-range emotional cues (Chu et al., 2024); and
(iii) rigid stylistic conformity, resulting in perfunc-
torily empathetic yet detached responses (Qiu and
Lan, 2024; Tu et al., 2024). Thus, high-quality
psychological dialogue generation necessitates not
only linguistic fluency but also adaptive topic steer-
ing and consistent emotional resonance.
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To bridge this gap, we propose Emotion-
Resonance (EmoRes), a framework grounded in
Solution-Focused Brief Therapy (SFBT) (Bannink,
2007) that prioritizes goal-oriented reflection and
emotional reframing. EmoRes operationalizes
these clinical principles via two tightly coupled
agents engineered to sustain thematic coherence
and emotional depth. The Topic-Mining Emotional
Agent (TEAgent) dynamically identifies and tracks
evolving conversational themes through context-
sensitive transitions, ensuring each turn remains
clinically relevant and progress-oriented; in par-
allel, the Self-Reflection Agent iteratively evalu-
ates and refines responses from both counselor and
user perspectives, reinforcing emotional alignment
and interpretive consistency throughout the entire
dialogue. Together, these mechanisms transform
fragmented exchanges into reflective, empathetic,
and therapeutically grounded conversations.

Moreover, a bottleneck in this field is that ex-
isting benchmarks typically rely on small-scale or
ethically sensitive datasets, hindering public ac-
cessibility and reproducible evaluation (Garg et al.,
2023). To overcome these constraints, we introduce
VeilEval, which builds clinically grounded and sys-
tematically structured synthetic profiles, thus pre-
serving therapeutic realism without compromising
user privacy. This user-agnostic design is tailored
to enable interpretable and scalable assessment
of psychological dialogue systems while ensuring
both privacy compliance and reproducibility.

Experiments demonstrate that EmoRes consis-
tently outperforms strong baselines in Psychologi-
cal Health Support (PHS) dialogue generation. Ab-
lation studies further confirm that removing any
agent deteriorates performance, underscoring the
importance of coordinated framework design.

Our main contributions are as follows:

• We introduce two complementary agents that
enhance psychological dialogue quality, topic
alignment, and empathy consistency.

• We propose VeilEval, a clinically grounded
and privacy-preserving benchmark tailored for
the reproducible, ethical, and user-agnostic
evaluation of psychological support systems.

• We present EmoRes, a therapy-grounded
framework that improves emotional engage-
ment and topic coherence, achieving ∼ 3×
performance gains over open-source and com-
mercial baseline LLMs on bilingual VeilEval.

2 Related Work

Solution-Focused Brief Therapy. SFBT is a
strengths-oriented approach proposed by de Shazer
and Berg in the 1980s (Franklin et al., 2011).
Unlike problem-centered therapies, SFBT facili-
tates structured and goal-directed dialogue focused
on solution-building rather than problem analy-
sis (Franklin et al., 2017, 2019). Its brevity and
outcome orientation enable measurable progress
within a few sessions, making it suitable for scal-
able computational modeling. However, it has
rarely been implemented in LLMs, leaving this
structured and iterative dialogue process underex-
plored in LLM-based PHS systems.

Psychological LLMs. LLM-based systems have
advanced the fields of psychological assessment,
diagnosis, and counseling (Wu et al., 2025; Lee
et al., 2024a; Qiu et al., 2024; Chen et al., 2023).
Specifically, assessment models identify mental
cues from fragmented dialogues (Tu et al., 2024;
Raihan et al., 2024), whereas diagnostic models in-
tegrate subjective narratives with clinical data (Hen-
gle et al., 2024; Lan et al., 2024). During treatment,
moreover, adaptive models adjust strategies in real
time (Xiao et al., 2024; Nie et al., 2025), yet they
still suffer from fragmented context and inadequate
emotional coherence, constraining therapeutic re-
alism and continuity. Ultimately, integrating psy-
chological principles with structured and emotion-
aware reasoning remains an open challenge.

Multi-Agent Systems. Beyond standalone models,
multi-agent frameworks facilitate structured col-
laboration among specialized agents for real-world
tasks (Yang et al., 2026a,c,b; Liu et al., 2026b). Re-
cent designs adopt hierarchical message pools (Hu
et al., 2025; Chen and Sun, 2025) or debate-based
roles (Li et al., 2023; Xu et al., 2025) to enhance
reasoning stability and factual accuracy. In psycho-
logical contexts, MentalAgora (Lee et al., 2024b)
coordinates virtual counselors for personalized ther-
apy, and Mind (Chen et al., 2025) employs em-
pathic, critical, and reconstructive agents for inner
dialogue. Despite these significant advances, their
loosely coupled interactions often diminish emo-
tional focus and erode therapeutic structure.

In contrast, our EmoRes framework introduces a
one-to-one coordination paradigm between a Topic-
Mining Emotional Agent and a Self-Reflection
Agent, sustaining coherent topic transitions and
consistent emotional depth across dialogue turns.
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Step2: Contextual Q&A
and Profile Generation

Variable Recognition

Inventory Simulation

Profile Generation

Step1: Structured and Semi-Synthetic 
Data Collection

Data Comparison

Existing Benchmark

✖ Lack clinically validated inventories
✖ Missing structured psychological variables  
✖ Prone to bias from self-reported data

Data Distribution

VeilEval

Ours
✔ Built on standardized clinical questionnaires  
✔ Synthetic profiles with controllable variable structures  
✔ Enables causal analysis and interpretability
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ExpertsAuthoritative scale

Data generation based on variables
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Social Anxiety
(LSAS)

ADHD
(ASRS)

Bipolar
(MDQ)

GAD
(GAD-7)
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Figure 2: VeilEval Construction. (i) Data Collection: Variables are extracted from validated clinical inventories to
synthesize relationally consistent tables simulating clinical assessments. (ii) Profile Generation: Tables are enriched
with user profiles through variable-aware prompting and controlled sampling to preserve psychological patterns. (iii)
Filtering: Q&A pairs are filtered by predefined criteria for generality, clinical relevance, and contextual coherence.

3 Benchmark

3.1 Task Definition
Let the user input sequence be denoted as U =
(u1, · · · , uT ) and the corresponding model re-
sponse sequence as R = (r1, · · · , rT ). T de-
notes the conversation length. The dialogue
history up to turn t−1 is denoted as Ht−1 =
(u1, r1, · · · , ut−1, rt−1).

The Doctor Agent generates the next re-
sponse conditioned on the dialogue history
and the accumulated topic states: rt =
D(Ht−1, S≤t), S≤t = (S1, · · · , St). At each
turn t, TEAgent produces a latent state St defined
as:

St = A(Ht−1, ut), (1)

where St = {(τt,i, σt,i)} consists of topic labels
τt,i and their corresponding importance weights
σt,i, which represent the latent emotional and the-
matic state inferred from the dialogue.

The dialogue generation process is defined as:

P (R | U) =
T∏

t=1

P (rt | r<t, u≤t), (2)

which captures the sequential dependency between
user inputs and model responses.

To enhance response quality and consistency,
the generated response is iteratively refined by a
recursive reflection mechanism R as follows:

R
(i+1)
t = R(R

(i)
t , Ht−1, S≤t), (3)

until convergence or maximum iteration count k is
reached, producing the final response R∗

t = R
(k)
t .

Eq. (3) enables the model to revisit earlier reason-
ing and align its feedback with therapeutic intent.

3.2 VeilEval Construction

A key challenge in PHS is the lack of standardized,
scalable, and privacy-preserving evaluation. Exist-
ing datasets often rely on real user data, posing eth-
ical risks and impeding reproducibility. To mitigate
this issue, VeilEval is proposed as an automated
benchmark that evaluates psychological dialogue
systems without relying on personal data, while
maintaining clinical realism and interpretability.
Benchmark objectives. As illustrated in Figure 2,
VeilEval pursues two main objectives. First, it fa-
cilitates multi-turn, psychologically grounded eval-
uation using clinically validated metrics. Second,
it simulates real-world conversational variability,
including evasive self-reporting and idealized re-
sponses characteristic of therapeutic dialogue.
Data collection and profile generation. Struc-
tured variables are extracted from validated psy-
chological inventories that encompass a broad spec-
trum of mental constructs. Synthetic tables are pop-
ulated with values that preserve clinical dependen-
cies while ensuring full anonymity. Each inventory
serves as an independent evaluation track, enabling
fine-grained analysis of disorder-specific reasoning
within a unified benchmarking framework.
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1. Logical Decomposition
......
2. Depth and Breadth
......
3. Resolution Status
......
4. Direction & Proposal Alignment

Multi-Perspective Self-ReflectionInput Information M

Doctor Agent

I smile and talk with others, but 
inside, I feel completely disconnected. 
Is something wrong with me?

Feeling emotionally detached isn‘t
uncommon—it can signal your mind’s 
way of coping with unseen stressors.
Have you sensed a shift in how 
engaged or energized you feel
day to day?

Topic:
Anhedonia

TEAgent

Topic Dialogue

1. Identifying focus based on SFBT.

2. Deriving primary topics from focus,
including mental disease, self-growth,
education, marriage, career, etc.

3. Expanding topics into contextually
relevant content.

Self-Reflection Agents

Doctor User

Relevance Depth

Content

Expected

Theoretical

Cognitive

Emotional

Narrative

Figure 3: Overview of EmoRes Framework. (1) The TEAgent identifies diagnostic topics via a hierarchical Topic
Library and Context Summarization module. (2) The Doctor Agent generates supportive responses conditioned on
extracted topics and emotional cues. (3) The Self-Reflection Agent revises generated responses from dual clinician
(doctor)–user perspectives, thus improving empathic coherence and emotional alignment.

Filtering and quality control. To enhance contex-
tual realism, user profiles consistent with the tabu-
lar schema are generated by GPT-4o, incorporating
psychosocial and behavioral details. Next, all Q&A
pairs are filtered through multi-stage screening, via
a combination of automatic and manual validation
to ensure generality, clinical relevance, and cross-
variable coherence. The resulting dataset consti-
tutes a reliable and ethically grounded resource for
evaluating psychological dialogue systems.

4 Methodology

4.1 Motivation

Existing LLM-driven counseling systems suffer
from three critical limitations: (1) premature inter-
vention, in which models hastily offer suggestions
without sufficient scaffolding to elicit user self-
disclosure (Xiao et al., 2024); (2) theoretical mis-
alignment, where systems either lack rigorous psy-
chological grounding or adopt multi-session CBT
protocols that do not align with single-session inter-
action settings (Xiao et al., 2024); and (3) opaque
reasoning, providing descriptive yet clinically un-
validated rationales for professional practitioners.

To tackle these challenges, EmoRes incorporates
the goal-oriented principles of SFBT into a multi-
agent architecture that provides structured, inter-
pretable, and psychologically grounded supportive
dialogue. The following sections elaborate the op-
erational mechanisms of each agent.

4.2 Doctor Agent

The Doctor Agent generates supportive, contex-
tually adaptive responses based on thematic and
affective cues extracted by the TEAgent. By inte-
grating key topics and latent affective signals, it pro-
duces psychologically consistent replies that align
with user concerns, steering the dialogue toward
empathic engagement and goal-directed reflection.

4.3 Topic-Mining Emotional Agent

TEAgent guides dialogue progression and main-
tains engagement through a set of three coordinated
modules that seamlessly blend SFBT principles
with adaptive topic control.

(1) Topic-driven reasoning. TEAgent is ini-
tially instantiated with a role prompt embedding
both counselor identity and SFBT guidelines. Sub-
sequently, it structures the dialogue as a tree-
structured topic graph, where each node represents
a goal-aligned topic abstraction. By dynamically
expanding subtopics from a clinically curated topic
library and adapting to real-time conversational
signals, TEAgent sustains coherent and progress-
oriented interactions.

(2) Information mining. For each active topic,
TEAgent strategically extracts salient affective and
factual cues, structuring them into compact contex-
tual packages. These packages anchor the Doctor
Agent’s reasoning, ensuring responses remain both
factually consistent and psychologically valid.
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Dataset Models Methods
Content Quality Informativeness

AverageE-A Relevance Repetition Helpfulness Breadth Depth
Supervised Fine-Tuning Models

VeilEvalEN
Crispers-7B Fine-tuning 6.51 8.00 5.17 7.87 6.65 6.09 6.72

Falcon-7B-FT Fine-tuning 7.77 8.86 5.90 8.85 7.77 7.81 7.83
PsychoCounsel-8B Fine-tuning 7.80 8.77 6.19 8.73 7.57 7.24 7.72

VeilEvalCH
MeChat Fine-tuning 5.25 7.24 4.89 7.00 5.46 4.55 5.73

EmoLLM Fine-tuning 6.70 8.05 5.52 8.05 6.76 6.12 6.87
SimpsyBot Fine-tuning 5.54 7.59 5.09 7.43 5.94 5.13 6.12

Open-Source Models

VeilEvalEN

Qwen3-8B Raw 2.23 3.10 3.01 2.98 3.48 3.58 3.08
+ EmoRes 7.45(+5.22) 8.37(+5.27) 6.82(+3.81) 8.82(+5.84) 7.98(+4.50) 8.83(+5.25) 8.04(+4.96)

LLaMA-3.1-8B Raw 2.20 2.92 2.84 2.80 3.37 3.55 2.95
+ EmoRes 6.69(+4.49) 7.93(+5.01) 6.18(+3.34) 8.57(+5.77) 7.62(+4.25) 8.68(+5.13) 7.61(+4.66)

DeepSeek-R1-8B Raw 2.35 3.22 2.97 3.41 3.60 3.67 3.20
+ EmoRes 6.77(+4.42) 8.22(+5.00) 6.51(+3.54) 8.81(+5.40) 7.96(+4.36) 8.77(+5.10) 7.84(+4.64)

VeilEvalCH

Qwen3-8B Raw 2.60 3.37 3.29 2.93 3.40 3.64 3.20
+ EmoRes 7.55(+4.95) 8.49(+5.12) 6.44(+3.15) 8.74(+5.81) 7.63(+4.23) 8.71(+5.07) 7.93(+4.73)

LLaMA-3.1-8B Raw 2.34 3.12 2.98 3.07 3.53 3.70 3.12
+ EmoRes 6.61(+4.27) 7.91(+4.79) 5.95(+2.97) 8.46(+5.39) 7.34(+3.81) 8.44(+4.74) 7.45(+4.33)

DeepSeek-R1-8B Raw 2.40 3.19 3.05 3.50 3.60 3.65 3.23
+ EmoRes 6.29(+3.89) 7.85(+4.66) 5.53(+2.48) 8.49(+4.99) 7.44(+3.84) 8.23(+4.58) 7.30(+4.07)

Commercial Models

VeilEvalEN

GPT-4o-mini Raw 2.20 3.02 2.83 3.09 3.47 3.57 3.03
+ EmoRes 7.14(+4.94) 8.27(+5.25) 6.69(+3.86) 8.77(+5.68) 7.92(+4.45) 8.84(+5.27) 7.94(+4.91)

DeepSeek-V3 Raw 2.20 3.10 2.88 3.39 3.56 3.49 3.10
+ EmoRes 8.14(+5.94) 8.70(+5.60) 7.85(+4.97) 9.08(+5.69) 8.66(+5.10) 9.55(+6.06) 8.67(+5.57)

ChatGLM4-plus Raw 2.23 3.10 2.88 3.53 3.63 3.54 3.15
+ EmoRes 7.58(+5.35) 8.53(+5.43) 7.01(+4.13) 8.97(+5.44) 8.06(+4.43) 8.95(+5.41) 8.19(+5.04)

VeilEvalCH

GPT-4o-mini Raw 2.22 2.97 2.82 3.30 3.40 3.52 3.04
+ EmoRes 6.46(+4.24) 7.96(+4.99) 5.79(+2.97) 8.43(+5.13) 7.43(+4.03) 8.37(+4.85) 7.40(+4.36)

DeepSeek-V3 Raw 2.26 3.21 2.80 3.41 3.54 3.45 3.11
+ EmoRes 8.40(+6.14) 8.88(+5.67) 8.13(+5.33) 9.10(+5.69) 8.72(+5.18) 9.66(+6.21) 8.81(+5.70)

ChatGLM4-plus Raw 2.41 3.22 3.15 3.41 3.49 3.55 3.21
+ EmoRes 7.40(+4.99) 8.35(+5.13) 6.51(+3.36) 8.75(+5.34) 7.72(+4.23) 8.78(+5.23) 7.92(+4.71)

Table 1: Psychological Inquiry Quality Comparison Based on VeilEval. The content in "( )" indicates the metric
gains of models using the EmoRes framework compared to raw models. E-A stands for Emotional Alignment.

(3) Context summarization. To preserve long-
form continuity within context limits, TEAgent
periodically generates condensed summaries that
retain affective tone and core intent, enabling seam-
less topic transitions and stable therapeutic focus.

4.4 Self-Reflection Agent
This agent reinforces topic consistency and psycho-
logical depth by iteratively assessing the Doctor
Agent’s outputs along two dimensions:

(1) Relevance. Evaluating adherence to natural
dialogue flow and user-centered concerns, sustain-
ing robust contextual consistency.

(2) Depth. Quantifying the level of psychologi-
cal insight, exploring internal conflicts, beliefs, and
formative experiences that promote self-reflection.

Evaluation is performed from complementary
viewpoints: (i) from the doctor’s perspective, it in-
spects logical rigor, affective appropriateness, and
alignment with SFBT therapeutic principles; (ii)
from the user’s perspective, it focuses on empathic
resonance, clarity, and practical applicability.

By integrating these assessments, the agent it-
eratively refines responses to ensure clinical valid-
ity and empathic coherence, yielding cohesive and
emotionally resonant therapeutic dialogues.

5 Experiments

5.1 Implementation Details
All LLM components are executed via zero-shot
prompting with GPT-4o-mini. GPT-4o-mini is also
adopted for the TEAgent owing to its superior rea-
soning capability, while unmodified raw outputs
are employed for other modules. All experiments
use a temperature of 0.5 for reproducibility. Each
response is rated on a 1–10 scale under standard-
ized LLM-as-a-judge protocols with GPT-4o.

In addition to Relevance and Depth, we intro-
duce four metrics to quantify empathetic engage-
ment and psychological reasoning as follows:

• Emotional Alignment: evaluates affective
congruence, ranging from weak emotional
matching to responses that facilitate emotional
awareness and regulation.

• Repetition: measures response diversity and
informativeness, penalizing redundant or me-
chanical generation prevalent in LLMs.

• Breadth: captures cognitive comprehensive-
ness by uniting emotional, behavioral, and
contextual factors in a cohesive interpretation.
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Modules Content Quality Informativeness

AverageMulti-
Agent Summary Self-

Reflection
Topic-

Selection E-A Relevance Repetition Helpfulness Breadth Depth

2.87 3.87 2.87 3.47 3.13 3.67 3.31
7.13(+4.26) 8.27(+4.40) 6.23(+3.36) 8.53(+5.06) 7.20(+4.07) 8.63(+4.96) 7.67(+4.36)
7.10(+4.23) 8.27(+4.40) 6.00(+3.13) 8.47(+5.00) 7.30(+4.17) 8.70(+5.03) 7.64(+4.33)
7.63(+4.76) 8.53(+4.66) 6.97(+4.10) 8.70(+5.23) 7.47(+4.34) 8.77(+5.10) 8.01(+4.70)
7.27(+4.40) 8.37(+4.50) 5.70(+2.83) 8.73(+5.26) 7.40(+4.27) 8.70(+5.03) 7.70(+4.39)
7.83(+4.96) 8.50(+4.63) 7.00(+4.13) 8.80(+5.33) 7.37(+4.24) 8.83(+5.16) 8.06(+4.75)
7.60(+4.73) 8.60(+4.73) 6.53(+3.66) 8.60(+5.13) 7.57(+4.44) 8.87(+5.20) 7.96(+4.65)
7.27(+4.40) 8.47(+4.60) 6.30(+3.43) 8.73(+5.26) 7.33(+4.20) 8.77(+5.10) 7.81(+4.50)
7.77(+4.90) 8.67(+4.80) 7.30(+4.43) 8.80(+5.33) 7.70(+4.57) 8.97(+5.30) 8.20(+4.89)

Table 2: Ablation Study. The impact of individual modules relative to the baseline model (GPT-4o-mini).

• Helpfulness: assesses if responses provide
practical, personalized guidance conducive to
emotional relief and adaptive coping.

5.2 Baseline Selection
We evaluate representative LLMs for PHS on Veil-
Eval across three categories as follows:

• Supervised Fine-Tuned Models: includ-
ing Crispers-7B (Zhou et al., 2025), Falcon-
7B-FT (Brahma, 2024), PsychoCounsel-8B
(Zhang et al., 2025), MeChat (Qiu et al.,
2024), EmoLLM (Team, 2024), and Simp-
syBot (Qiu and Lan, 2024), all trained on psy-
chological dialogue data.

• Open-Source Foundation Models: includ-
ing Qwen3-8B (Yang et al., 2025a), LLaMA-
3.1-8B (Touvron et al., 2024), and DeepSeek-
R1-8B (DeepSeek-AI, 2025), which exhibit
strong general language capabilities, but lack
task-specific optimization for PHS.

• Commercial Models: including GPT-
4o-mini (OpenAI, 2022), DeepSeek-V3
(DeepSeek-AI, 2024), and ChatGLM4-plus
(GLM et al., 2024), which deliver fluent main-
stream conversational performance with vary-
ing psychological reasoning capacities.

5.3 Main Results
As shown in Table 1, EmoRes enhances both open-
source and commercial systems, raising average
scores from ∼3.1 to 7.3-8.8 on bilingual Veil-
Eval. Among open-source models, Qwen3-8B
with EmoRes achieves the best performance (7.99
on average), followed by LLaMA-3.1-8B (7.53)
and DeepSeek-R1-8B (7.57). Commercial mod-
els show larger gains: DeepSeek-V3 reaches 8.74
(+5.64), GPT-4o-mini reaches 7.67 (+4.64), and
ChatGLM4-plus reaches 8.06 (+4.88), confirming
strong generalization across model architectures.

Models GPT-4o-mini Gemini-2.5-Flash-Lite Claude-Haiku-3

Open-Source Models

Qwen3-8B 3.14 4.62 3.17
7.99(+4.85) 7.79(+3.17) 7.31(+4.14)

LLaMA-3.1-8B 3.04 4.48 4.29
7.53(+4.49) 6.99(+2.51) 7.96(+3.67)

DeepSeek-R1-8B 3.19 4.61 4.21
7.57(+4.38) 6.65(+2.04) 8.08(+3.87)

Commercial Models

GPT-4o-mini 3.04 4.58 4.30
7.67(+4.63) 7.38(+2.80) 7.94(+3.64)

DeepSeek-V3 3.11 5.32 4.72
8.74(+5.63) 7.09(+1.77) 8.71(+3.99)

ChatGLM4-plus 3.18 4.58 3.61
8.06(+4.88) 7.69(+3.11) 7.63(+4.02)

Table 3: Bias Analysis. Average scores of all metrics
in Table 1 across three independent evaluators, with
boldface denoting models enhanced by EmoRes.

Metric trends are consistent across settings. For ex-
ample, Emotional Alignment rises by 4.9, Helpful-
ness rises by 5.5, and Depth rises by 5.2. Compared
with fine-tuned systems, baselines with EmoRes
remain >1 points higher on average, showing that
structured reasoning and self-reflection can com-
pete with or exceed data-intensive optimization.
Qualitatively, generated responses become more
reflective and contextually grounded, sustaining
topic focus while deepening psychological insight.

These performance improvements alleviate the
core limitations identified earlier: (i) paced explo-
ration alleviates premature intervention, (ii) topic
grounding stabilizes inferential consistency, and
(iii) reflective evaluation enhances transparency
and clinical interpretability in practice.

5.4 Ablation Studies

As shown in Table 2, the Multi-Agent frame-
work raises the average (3.31→7.67), reflecting
improved multi-turn structuring. Summary slightly
lowers the score (7.67→7.64), but enhances the
effective information density (Breadth 7.20→7.30,
Depth 8.63→8.70). Self-Reflection increases the
average to 8.01, with gains in E-A (7.13→7.63) and
Relevance (8.27→8.53), suggesting stronger con-
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Models Insight. E-S M-L Average

Evaluator: GPT-4o-mini

Qwen3-8B
3.68 4.00 3.85 3.84
8.20(+4.52) 9.15(+5.15) 8.54(+4.69) 8.63(+4.79)

LLaMA-3.1-8B
3.58 3.98 3.92 3.83
7.92(+4.34) 8.97(+4.99) 8.38(+4.46) 8.42(+4.59)

DeepSeek-V3
3.66 4.22 4.18 4.02
8.88(+5.22) 9.64(+5.42) 8.67(+4.49) 9.06(+5.04)

ChatGLM4-plus
3.72 3.99 4.11 3.94
8.30(+4.58) 9.17(+5.18) 8.68(+4.57) 8.72(+4.78)

Evaluator: Claude-Haiku-3

Qwen3-8B
3.78 4.68 4.23 4.23
8.51(+4.73) 8.99(+4.31) 8.87(+4.64) 8.79(+4.56)

LLaMA-3.1-8B
3.78 4.76 4.25 4.27
8.35(+4.57) 8.88(+4.12) 8.63(+4.38) 8.62(+4.35)

DeepSeek-V3
3.94 5.16 5.26 4.79
9.12(+5.18) 9.27(+4.11) 9.13(+3.87) 9.18(+4.39)

ChatGLM4-plus
3.83 4.76 4.34 4.31
8.65(+4.82) 9.02(+4.26) 8.97(+4.63) 8.88(+4.57)

Table 4: Results for User-Centric Metrics, including
Insightfulness (Insight.), Emotional Safety (E-S), Moti-
vational Lift (M-L), and mean scores over VeilEvalEN/CH,
with boldface denoting EmoRes-enhanced results.

textual alignment. Topic Selection yields smaller
gains (7.67→7.70), mainly improving Helpfulness
(8.53→8.73) via more solution-focused responses.

Table 2 also reveals the necessity of collaborative
coordination: excluding any module degrades per-
formance, most severely when Self-Reflection is
removed, causing a 0.39 drop in the average score.

These findings confirm that EmoRes depends on
synergistic cooperation among agents: (i) routing
organizes conversational flow, (ii) summarization
preserves theory-consistent transitions, and (iii) re-
flection enforces relevance and depth, collectively
converting fragmented exchanges into coherent and
psychologically grounded dialogues.

5.5 Bias Analysis

Table 3 assesses the robustness of EmoRes across
different evaluators. Across three distinct LLM
judges (GPT-4o-mini (OpenAI, 2022), Gemini-2.5-
Flash-Lite (Cloud, 2025), and Claude-Haiku-3 (An-
thropic, 2024)), EmoRes consistently surpasses
vanilla models, with average improvements ranging
from +1.7 to +5.6 points. Open-source backbones
such as Qwen3-8B and LLaMA-3.1-8B exhibit sta-
ble cross-evaluator gains, whereas commercial sys-
tems including DeepSeek-V3 and ChatGLM4-plus
achieve the highest and second-highest average ab-
solute scores, respectively (8.18 and 7.79).

These findings confirm that the performance
gains of EmoRes are not evaluator-dependent, indi-
cating minimal evaluation bias and strong general-
ization across widely-used judging paradigms.

Models Methods Mean StdDev t-test p Wilcoxon p

Qwen3-8B Raw 3.21 0.40 < 0.01 < 0.01+ EmoRes 8.16 0.54

GPT-4o-mini Raw 3.23 0.33 < 0.01 < 0.01+ EmoRes 7.87 0.65

Table 5: Statistical Comparison on VeilEval Bench-
mark. StdDev stands for standard deviation. p-values
from paired one-sided t-test and Wilcoxon signed-rank
test are reported at significance level α = 5%.

5.6 User-Centric Analysis

To complement the core metrics in VeilEval, we
introduce three user-centric indicators that assess
deeper dimensions of therapeutic quality: (i) In-
sightfulness captures how effectively a response
promotes self-reflection and cognitive exploration;
(ii) Emotional Safety gauges whether the wording
preserves empathy while avoiding emotional harm;
and (iii) Motivational Lift measures the extent to
which a reply inspires constructive, goal-oriented
engagement. Together, these indicators extend eval-
uation beyond surface-level linguistic relevance to-
ward psychological realism and behavioral impact.

Table 4 summarizes results across two evaluators
(GPT-4o-mini and Claude-Haiku-3). EmoRes con-
sistently improves performance in both English and
Chinese settings, with average gains of ∼4.6. In
particular, DeepSeek-V3 achieves the highest aver-
age score (9.12), with the two largest increases oc-
cur in Emotional Safety (+5.42) and Insightfulness
(+5.22), showing that EmoRes produces emotion-
ally secure yet motivating responses. Overall, these
findings indicate that EmoRes enhances not only
empathy and coherence, but also alignment with
nuanced cognitive and affective states, maintaining
consistency across evaluators and languages.

5.7 Statistical Significance Study

To validate the robustness of the observed improve-
ments, we conduct ten independent runs with dis-
tinct random seeds under identical experimental
settings. Paired one-sided t-tests and Wilcoxon
signed-rank tests are performed with a significance
level of α = 0.05 (Jiang et al., 2025b). The null
hypothesis states that EmoRes performs equally or
worse than the baseline models, while the alterna-
tive hypothesis posits superior performance.

As shown in Table 5, EmoRes achieves substan-
tially higher mean scores: 7.87 for GPT-4o-mini
and 8.16 for Qwen3-8B, compared to 3.23 and
3.21 for their vanilla counterparts. Although the
multi-agent setting slightly increases variance, both
models produce small p-values (<0.05).
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These results statistically confirm that EmoRes
delivers significant and reproducible performance
gains, which arise from structured agent coordina-
tion rather than random variation in practice.

5.8 Rationality Analysis

We further analyze the theoretical and practical
rationale underlying VeilEval and EmoRes.
Why SFBT-based EmoRes is effective. SFBT of-
fers a future-oriented, solution-driven framework
that naturally aligns with concise, goal-directed
LLM interactions. By prioritizing reflective dia-
logue over diagnostic depth, it supports coherent
topic progression and psychologically grounded
reasoning in single-session scenarios, ensuring in-
terpretability and consistent therapeutic focus.
Why a multi-agent design is adopted. Psycholog-
ical dialogue generation requires emotional sensi-
tivity, structured reasoning, and interpretability–
objectives difficult to unify in a single model.
EmoRes distributes these responsibilities across
three specialized agents: TEAgent extracts affec-
tive and topical cues, the Doctor Agent gener-
ates clinically consistent responses, and the Self-
Reflection Agent assesses relevance and depth from
dual perspectives. This collaborative scheme sta-
bilizes conversational flow, improves emotional
precision, and enhances interpretability. Ablation
studies verify that removing any agent significantly
impairs coherence and alignment, demonstrating
that the multi-agent architecture is indispensable
for psychologically consistent dialogue generation.
Why VeilEval adopts a user-agnostic design.
Real user data raises inevitable privacy risks, anno-
tation noise, and excessive behavioral heterogene-
ity that hinder reproducibility. VeilEval replaces
such data with synthetic yet clinically valid profiles
derived from standardized psychological invento-
ries, achieving therapeutic realism without ethical
compromises. Therefore, this controlled variability
enables a scalable, consistent, and fair evaluation
of psychological dialogue systems.

6 Human Evaluation

To validate the real-world efficacy of EmoRes in
psychological dialogue systems, we conducted a
human evaluation using GPT-4o-mini outputs. Ten
topics were randomly sampled from 160 scenarios,
and for each topic, baseline and EmoRes outputs
were paired and randomly arranged in an A/B for-
mat. Each pair was rated by 100 trained annotators

82.7%Emotional Support & Empathy —

Dialogue Quality — 65.8% 25.7%

Analysis & Insight — 73.4%

Effectiveness & Guidance — 74.2%

0% 20% 40% 60% 80% 100%

Baseline BetterTiedEmoRes Better

10.7%

19.2%

15.9%

Figure 4: Human Evaluation. Comparison of EmoRes
and the baseline model (GPT-4o-mini) across four di-
mensions of psychological dialogue quality.

with verified backgrounds in psychology or coun-
seling, who follow standardized annotation guide-
lines and calibration samples to ensure consistent
evaluation criteria. Annotators classify Response
A as Better, Worse, or Tied across four dimensions:
(1) Emotional Support and Empathy, (2) Dialogue
Quality (fluency and coherence), (3) Analysis and
Insight, and (4) Effectiveness and Guidance. All
presentation orders were randomized, and inter-
rater agreement was monitored to ensure reliability.

As shown in Figure 4, EmoRes surpasses the
baseline across all dimensions, attaining an 82.7%
preference rate for Emotional Support and Empa-
thy, and over 73% for Effectiveness and Guidance
and Analysis and Insight. The narrower advantage
in Dialogue Quality mainly stems from some an-
notators favoring the concise, structured response
style typical of conventional psychological counsel-
ing. These results verify that EmoRes consistently
generates more empathetic, insightful, and action-
able responses that align with human judgment.

7 Conclusion

Current psychological dialogue systems suffer
from insufficient clinical grounding, fragmented
reasoning, and unstable therapeutic efficacy. Thus,
we introduce EmoRes, a multi-agent framework in-
tegrating topic-guided reasoning and self-reflective
assessment to ensure conversational coherence, em-
pathetic engagement, and clinical validity in PHS.
On the privacy-preserving VeilEval benchmark,
EmoRes achieves consistent and significant gains
across open-source, commercial, and fine-tuned
models, exhibiting strong robustness and transfer-
ability without task-specific retraining. Ablation
and human evaluations validate that each agent
provides distinct yet complementary strengths, en-
abling interpretable and psychologically consistent
reasoning. These findings position EmoRes as
a feasible solution for building clinically reliable
LLM-based systems for accessible PHS.
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Discussion. While existing psychological LLMs
rely on dialogue analysis for affective reasoning,
advances in real-time and user-agnostic physiologi-
cal signal processing (Cui et al., 2026; Jiang et al.,
2026; Liu et al., 2024; Can and Ersoy, 2023), com-
bined with LLMs’ increasing ability to decode sub-
jects’ affective variations and basic action inten-
tions (Gu et al., 2026; Jiang et al., 2025a; d’Ascoli
et al., 2025; Liu et al., 2026a), may enable future
PHS systems to transcend text-only paradigms and
achieve groundbreaking cross-modal progress.

8 Limitations

This section critically addresses the limitations of
the current research.
Model Choice for Dialogue Construction and
Evaluation. This study uses GPT-4o-mini as the
user-side model for dialogue construction, while
multiple auxiliary models are integrated with the
proposed EmoRes framework for response genera-
tion. GPT-4o-mini is also employed as an evalua-
tor. LLM selection significantly impacts multiple
dimensions of generated dialogues, such as content
and style. Furthermore, the choice of evaluation
models may bias the interpretation of final results
to varying degrees. In subsequent research, we
intend to explore alternative LLMs as both genera-
tive sources and evaluation benchmarks to improve
dialogue diversity and reliability.
Dialogue Quality and Human Evaluation Bias.
Although we have employed LLMs and manual ef-
forts for extensive dialogue quality evaluation and
refinement, the model focuses primarily on easily
measurable metrics (e.g., repetitiveness and topic
relevance). Meanwhile, human reviewers, includ-
ing experts and students from diverse social back-
grounds, may introduce unintended biases, despite
comprehensive pre-review training.
Psychological Change Capture Bias. Although
clinical metrics are used to assess user responses,
their reliability in detecting fleeting, nuanced psy-
chological status changes during short interactions
remains unproven. This highlights the need for
rigorous empirical evaluation of these metrics and
identifies avenues to optimize VeilEval’s analytical
framework, thereby improving its ability to capture
such brief, subtle psychological fluctuations.
Increased Response Latency. The multi-agent
coordination in EmoRes incurs additional computa-
tional overhead relative to backbone models, com-
promising its real-time performance.

9 Ethical Considerations

Data Usage and Privacy Protection. The VeilE-
val benchmark constructed in this study contains
no identifiable personal information or sensitive
content, retaining only anonymized multi-turn di-
alogues for psychological assessment and model
training. Following the principle of minimal data
necessity, only data directly relevant to research
objectives was collected, with multi-layered en-
cryption protocols implemented to prevent unautho-
rized access during storage and transmission (Hu
et al., 2023). In addition, all data governance pro-
cedures were subject to specialized information
security audits to mitigate leakage risks.
Participant Rights and Informed Consent. A
large group of participants was recruited for human
evaluations. All signed informed consent forms
acknowledging their interactions with AI-based
emotional support models and their unconditional
right to withdraw without penalty. This study ad-
heres to the American Psychological Association’s
Right to Withdraw principle, with data recording
terminated immediately after dialogue completion.
Participants’ emotion scales and reflections were
anonymized to prevent traceability.
Model Safety and Risk Mitigation. Multi-tiered
safety filters were incorporated during training and
deployment, including sensitive content detection
and dialogue redirection for high-risk topics. The
model activates safety protocols (e.g., recommend-
ing professional help) when detecting self-injury
cues or severe mental health crises. This study
makes no claims of therapeutic efficacy; instead,
it positions the system as an auxiliary assessment
tool with explicit limitations in high-risk scenarios.
Fairness and Bias Mitigation. Models may ex-
hibit biased judgments across different populations
due to structural data biases. To address this, di-
verse and balanced datasets were constructed, and
performance disparities across subgroups were sys-
tematically evaluated. Regular third-party fairness
audits are advised to mitigate systemic bias and
prevent the amplification of social inequalities.
Future Compliance and Social Responsibility.
Future work will further enhance data governance
and algorithmic transparency while developing
cross-cultural ethical guidelines. Therefore, we ad-
vocate for standardized safety metrics and ethical
reporting norms in psychological LLM research
to ensure legally and morally robust AI-assisted
psychological health support applications.
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