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Abstract

Large language models (LLMs) have demon-
strated notable advancements in psychological
counseling. However, existing models gener-
ally do not explicitly model seekers’ emotion
shifts across counseling sessions, a core focus
in classical psychological schools. Moreover,
how to align counselor models’ responses with
these emotion shifts while proactively mitigat-
ing safety risks remains underexplored. To
bridge these gaps, we propose PsychéChat,
which explicitly integrates emotion shift track-
ing and safety risk analysis for psychologi-
cal counseling. Specifically, we employ in-
teractive role-playing to synthesize counselor—
seeker dialogues, incorporating two modules:
Emotion Management Module, to capture
seekers’ current emotions and emotion shifts;
and Risk Control Module, to anticipate seek-
ers’ subsequent reactions and identify potential
risks. Furthermore, we introduce two model-
ing paradigms. The Agent Mode structures
emotion management, risk control, and coun-
selor responses into a collaborative multi-agent
pipeline. The LLM Mode integrates these
stages into a unified chain-of-thought for end-
to-end inference, balancing efficiency and per-
formance. Experiments with simulated in-
teraction, dialogue-level evaluation, ablation
studies, and expert assessment indicate that
PsychéChat improves emotion-shift awareness
and risk-aware response generation in psy-
chological counseling support. Our data and
code are available at https://github.com/
XNeil12138/PsycheChat.

1 Introduction

In recent years, global mental health issues have
increased significantly (World Health Organization,
2022). Depression, anxiety, and stress-related dis-
orders have become major public health concerns.
However, due to the high professional requirements
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Figure 1: Two Core Focuses of PsychéChat. (a) Track-
ing emotion shifts helps generate more context-aware
and empathetic responses. (b) Different counselor re-
sponses can lead to different levels of safety risk.

for psychologists and the cost and time constraints
of offline counseling, many individuals with mental
health needs cannot obtain consistent and afford-
able support. The rapid development of LLMs pro-
vides new opportunities for psychological counsel-
ing (Guo et al., 2024; Yang et al., 2023; Xiao et al.,
2024; Kang et al., 2024; Zheng et al., 2024). Some
psychological models, such as SoulChat (Chen
et al., 2023) and MeChat (Qiu et al., 2024a), at-
tempt to simulate human counselors to provide
emotional support. Recently, several efforts have
explored the synthesis of high-quality datasets for
psychological counseling, including PsyDT (Xie
et al., 2025) and CATCH (Chen et al., 2025).
However, existing counseling models still have
limitations in capturing seekers’ psychological
states and real needs behind emotions. Models
that focus on emotions typically operate at a single
moment and do not explicitly model emotion shifts
across a full counseling session. In classical psy-
chology, three major psychological schools (Klein,
1952; Rogers, 2012; Beck, 2020) emphasize the im-
portance of emotion shifts in counseling. In partic-
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ular, Emotion-Focused Therapy (EFT) (Greenberg,
2004; Whelton, 2004), rooted in the humanistic tra-
dition, treats emotion assessment as a moment-by-
moment process, focusing on the emotional states
individuals enter, remain stuck in, or leave, and
their sequences. To illustrate this, we present an ex-
ample illustrating emotion shifts in counseling. As
shown in Figure 1(a), an unemployed seeker first
asks, “Am I a failure?” then adds, “Maybe it’s just
for now.” and finally questions, “Am I even worth
believing in?” If the counselor responds only to the
current emotion, such as offering encouragement
during self-doubt, the counseling may stay super-
ficial. By focusing on emotion shifts from anxiety
and self-comfort to denial of self-worth, the coun-
selor can better identify deeper needs, including
the need to be affirmed, needed, and valued.

Meanwhile, existing psychological models em-
phasize safety requirements. As shown in Fig-
ure 1(b), different counselor responses can lead
to very different emotional reactions from seek-
ers. Cold or purely analytical responses may in-
crease safety risks, while empathic and moderate
responses better protect seeker safety. However,
most safeguards rely on data filtering and evalu-
ation during dataset construction, as well as im-
plicitly acquired safety capabilities during model
training. Consequently, such models may generate
inappropriate responses in highly sensitive scenar-
ios, failing to comply with the “Nonmaleficence”
ethical principle (Kitchener, 1984).

In this paper, we propose PsycheChat, which
enables models to better understand how and why
emotions change, and to anticipate potential con-
sequences before responding. Unlike traditional
one-time or static multi-stage generation methods,
we employ interactive role-playing to synthesize di-
alogues between emotionally rich seekers and EFT
counselors. During data synthesis, we incorporate
two key modules. The Emotion Management Mod-
ule captures seekers’ current emotions and emotion
shifts, and further analyzes the potential causes of
these shifts, aligning with EFT’s focus on emo-
tion state sequences. The Risk Control Module
anticipates seekers’ possible subsequent reactions,
identifies potential risks, and provides suggestions
for safety assurance. Based on this framework, we
construct the PsychéDialog dataset.

PsychéChat supports two inference paradigms
that balance capability and efficiency. The Agent
Mode follows the process of emotion management,
counselor response, and risk control used in data

synthesis, and organizes them into a collaborative
multi-agent pipeline. This ensures clear responsi-
bilities at each stage and enhances interpretability.
To reduce the efficiency cost of inference in online
applications, we further propose the LLM Mode. It
integrates the multi-stage process into a complete
long chain-of-thought, enabling end-to-end infer-
ence for each response. Extensive experiments,
including interactive scoring, dialogue-level eval-
uation, and human assessment, demonstrate that
PsychéChat significantly improves models’ emo-
tion understanding and risk mitigation capabilities
in psychological counseling.
The contributions of this paper are as follows:

* We propose PsycheChat, which is the first to
focus on seekers’ cross-turn emotion shifts in
psychological counseling tasks and introduce
an explicit safety analysis mechanism.

* We synthesize PsycheéDialog, a dialogue
dataset with more natural emotion flow,
through interactive role-playing, and further
introduce two inference paradigms, Agent
Mode and LLM Mode.

* Extensive experiments demonstrate that
PsycheChat achieves better performance in
emotional understanding and emotional sup-
port, while outperforming existing methods
for risk avoidance and safety control.

2 Related Work
2.1 Psychological LLMs

Due to the sensitive nature of counseling dia-
logues, publicly available real-world data is ex-
tremely limited. Consequently, most studies rely
on synthetic data to construct training corpora
for psychological LLMs. Early work expands
question—answer datasets into multi-turn dialogues.
SmileChat (Qiu et al., 2024a) extends PsyQA (Sun
et al., 2021) using ChatGPT, while SoulChat (Chen
et al., 2023) generates empathetic dialogues from
crowdsourced QA pairs. Later studies incorporate
domain knowledge to improve dialogue quality.
CPsyCoun (Zhang et al., 2024a) adopts a two-stage
framework based on counseling reports, and Mind-
Chat (Yan and Xue, 2023) uses self-chat with pre-
defined themes and roles. More recent work intro-
duces counseling schools to enhance professional-
ism. Cactus (Lee et al., 2024) constructs a dataset
grounded in Cognitive Behavioral Therapy (CBT).
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Figure 2: The overview of PsychéChat. The upper part shows an interactive dialogue synthesis framework with two
modules for emotion management and risk control. The lower part presents two inference paradigms, Agent Mode
and LLM Mode, designed to balance efficiency and performance.

PsyDT (Xie et al., 2025) simulates therapeutic lan-
guage styles to build digital twins. CATCH (Chen
et al., 2025), based on Single-Session Therapy
(SST), generates counseling dialogues stage by
stage. However, these approaches rely on static
generation and struggle to model dynamic emo-
tional changes during counseling sessions.

2.2 Focus in Psychological Counseling

Beyond data construction, existing research also
explores key factors for counseling models, mainly
emotion and safety. For emotion, GLHG (Peng
et al., 2022) models global causes and moment-
level emotions with a hierarchical graph network.
ESCoT (Zhang et al., 2024b) introduces chain-of-
thought reasoning to model seekers’ emotional for-
mation within a turn. IntentionESC (Zhang et al.,
2025b) incorporates counselor intention modeling
to identify key emotional elements. Wang et al.
(2025) analyzes emotional trajectories and high-
lights gaps between synthetic dialogues and real
therapy. For safety, Li et al. (2023) examines how
seeker reactions influence counseling outcomes and
strategy adjustment. PsyAdvisor (Hu et al., 2025b)
annotates strategy decision logic and seeker reac-
tion attribution, and proposes a proactive question-

ing planner. PsyGUARD (Qiu et al., 2024b) en-
hances safety through automated suicide ideation
detection. Hu et al. (2025a) integrates diagnos-
tic standards and therapeutic modalities into the
generation process. PSY-STEP (Lee et al., 2026)
improves response appropriateness through ther-
apeutic target and action sequence planning. Al-
though these studies focus on emotion modeling or
safety, they still lack explicit integration of emotion
shifts and risk avoidance into counseling response
generation.

3 Methodology

3.1 Preliminary
3.1.1 Task Definition

Mental Health Support (MHS) (Qiu et al., 2024a)
aims to enable dialogue systems to provide safe and
effective support to users experiencing psychologi-
cal distress during multi-turn interactions. Unlike
open-domain chat or QA tasks, MHS focuses on
two objectives: emotional relief and problem cop-
ing. The system needs to understand the seeker’s
difficulties and emotional state, provide empathy
and comfort to stabilize emotions, and support the
development of actionable coping strategies.
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3.1.2 Emotion-Focused Therapy

In this work, we adopt Emotion-Focused Therapy
(EFT) as the therapeutic type. EFT is rooted in
humanistic psychology and treats emotion as the
core target of intervention. It views emotions not
only as sources of distress but also as gateways
to change (Greenberg, 2004; Pos and Greenberg,
2007). Many psychological problems and inter-
personal difficulties arise because core emotional
experiences are not recognized, accepted, or fully
processed. Therefore, the central goal of EFT is
to help seekers access, understand, and transform
“stuck emotions” into more adaptive emotional ex-
periences and action tendencies.

3.2 Role-playing Dialogue Synthesis
3.2.1 Overview

As shown in the upper part of Figure 2, we synthe-
size multi-turn psychological counseling dialogues
through interactive role-playing between a seeker
and a counselor. The seeker generates responses
by following a predefined role card, while the
counselor produces responses through a three-stage
pipeline. First, the Emotion Management Module
analyzes the seeker’s emotion shifts through inter-
actions between the Emotion Tracking Agent and
the Emotion Memory. Second, the EFT Counselor
Agent generates a draft response based on EFT
principles. Third, the Risk Control Module antici-
pates possible seeker reactions using the Dialogue-
Guided Seeker Agent and evaluates the safety of
the draft response using the Safety Analysis Agent.

3.2.2 Seeker Modeling

To ensure diversity in dialogue topics and seeker
styles, we use 5,000 multi-turn dialogues from
PsyDT as seed data. Inspired by personality-driven
dialogue studies (Wang et al., 2024; Ye et al., 2025),
we employ Gemini 2.5 Flash to summarize the
seeker characteristics in each seed dialogue and
construct a role card. Each role card contains
basic information, including gender, age, occupa-
tion, Big Five personality traits, character, language
style, hobbies, problems, and inner monologue.
To better support counseling-oriented simulation,
we assign two goals to each role card: one emotion-
related goal and one advice-related goal. We also
externalize the implicit emotional dynamics in the
seed dialogues by specifying an initial emotion and
event-triggered emotional changes for each role
card. This design makes the seeker’s emotional tra-
jectory explicit during simulation. The prompt for

role card generation is provided in Appendix A.3.

After constructing the role cards, we group them
by the 12 counseling topics and initial primary emo-
tions (emotion group and intensity level), resulting
in 74 groups. We then perform balanced sampling
over these groups by selecting up to 30 role cards
from each group, retaining all if fewer than 30 are
available, and obtain 1,003 role cards. The topic
distribution is shown in Appendix A.2. These cards
are subsequently used as seeker profiles in dialogue
synthesis. Given a role card and the dialogue his-
tory, the seeker is instructed to output its current
emotion, triggering events, completed goals, and
response content at each turn.

3.2.3 Counselor Modeling

We design the counselor pipeline for dialogue syn-
thesis in three stages: emotion management, coun-
selor draft generation, and risk control.

Emotion Management Module. For emotion
modeling, we adopt Plutchik’s Wheel of Emo-
tions (Plutchik, 1980), which defines eight basic
emotions with different intensities. Based on the
seeker’s latest response and the dialogue history,
the Emotion Tracking Agent identifies the seeker’s
current emotional state, represented by one primary
emotion and zero to two secondary emotions. It
also summarizes recent emotion shifts, tracks the
overall emotional trend, and analyzes the underly-
ing causes. To support cross-turn emotional con-
sistency, we maintain an Emotion Memory that
stores the outputs of the Emotion Tracking Agent.
This memory is updated after each turn and is used
as context for subsequent emotion analysis.

EFT Counselor Agent. To improve the fluency
and coherence of counseling responses, we adopt
the three stages from Helping Skills (Hill, 1999):
exploration, insight, and action. We further develop
an EFT guideline that covers emotional access
and regulation, processing core painful emotions,
and emotion transformation and problem-solving.
Based on the output of the Emotion Tracking Agent
and the dialogue history, the EFT Counselor Agent
determines the current counseling stage, selects
appropriate EFT strategies, and generates a draft
response.

Risk Control Module. To simulate sensitive
situations that may arise in real counseling, the
Dialogue-Guided Seeker Agent is designed to
exhibit multiple response behaviors, including nor-
mal responses, silence, excessive sentimentality,
and explosive anger. Unlike the seeker described
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Data Source Avg. Turns Avg. Len # Dialogues

Dataset | Synthesis Approach
SoulChatCorpus (Chen et al., 2023) One-time
SmileChat (Qiu et al., 2024a) One-time
CPsyCounD (Zhang et al., 2024a) One-time
MindChat (Yan and Xue, 2023) One-time
PsyDTCorpus (Xie et al., 2025) One-time

CATCH (Chen et al., 2025)
PsychéDialog

Multi-stage
Role-playing

Crowd-sourced 59 65.6 230k
PsyQA 5.7 27.9 55.2k
Yidianling & Psy525 7.8 44.8 3.1k
- 4.6 33.6 1,000k
SoulChatCorpus 18.1 44.8 5k
Yixinli 29.7 57.9 0.2k
PsyDTCorpus 13.1 43.1 1k

Table 1: Comparison of Chinese psychological counseling datasets. “Avg. Turns” denotes the average number of
dialogue turns per conversation, and “Avg. Len.” denotes the average utterance length.

in Section 3.2.2, this agent does not access the
role card and generates reactions solely from the
dialogue history. For each potential reaction, the
Safety Analysis Agent performs an assessment to
determine whether the counselor’s draft response
may escalate risk or trigger emotional breakdown.
If any risk is detected, the Safety Analysis Agent
provides emotional and safety revision suggestions,
and the EFT Counselor Agent regenerates the draft
response accordingly. This process repeats until
the response satisfies the safety requirement, with
at most five regeneration attempts. If the response
still fails the safety check, the corresponding dia-
logue sample is discarded.

3.2.4 Dialogue Synthesis

We adopt an interactive role-playing approach to
synthesize multi-turn dialogues. Based on the sam-
pled role cards, we use GPT-4.1 mini to simulate
the seeker and to execute the different components
in the counselor pipeline. At each turn, the seeker
produces a response conditioned on the role card,
and the counselor then generates a reply through
the three-stage pipeline. When all predefined goals
are fulfilled, the seeker appends END to its response
to terminate the dialogue.

During data screening, we retain dialogues ac-
cording to two criteria: the seeker’s final primary
emotion has non-negative valence, and at least one
predefined goal is achieved. We use these crite-
ria as quality control heuristics to retain single-
session dialogues with constructive short-term out-
comes. The resulting dataset, PsycheDialog, con-
tains 1,003 psychological counseling dialogues and
provides counseling scenarios with explicit emo-
tional trajectories.

3.3 Inference Paradigms

Based on PsychéDialog, we propose two inference
paradigms: Agent Mode and LLM Mode, as shown
in the lower part of Figure 2.

3.3.1 Agent Mode

Following the response pipeline used in data syn-
thesis, we propose the Agent Mode. We build sep-
arate training datasets for the Emotion Tracking
Agent, the EFT Counselor Agent, and the Safety
Analysis Agent and train them jointly. In contrast,
the Dialogue-Guided Seeker Agent is trained sepa-
rately to model potential seeker reactions.

In implementation, we adopt a function-call for-
mat, in which emotion management and risk con-
trol are treated as fixed <tool_call> components.
The model invokes the Emotion Tracking Agent
to analyze emotion shifts and the Safety Analysis
Agent to assess response risks, then receives the
corresponding outputs through <tool_response>.

During response generation, the framework fol-
lows a collaborative multi-agent pipeline in the
order of emotion tracking, counselor draft genera-
tion, seeker reaction prediction, and safety analysis.
The Risk Control Module serves as a verification
mechanism. If potential risks are detected, the
framework regenerates the draft response until it
passes the safety check.

3.3.2 LLM Mode

Considering the efficiency overhead introduced by
multi-stage reasoning in online applications, we fur-
ther propose LLM Mode. Using GPT-4.1 mini, we
compress the multi-stage process into a single, co-
herent chain-of-thought from a first-person perspec-
tive and place it before each counselor response.
This reasoning process consists of four steps. Emo-
tion Shift Tracking: Analyze the seeker’s cur-
rent emotional state, emotion shifts, and underly-
ing causes. Current Counseling Plan: determine
the current counseling stage and select appropri-
ate counseling strategies. Safety Risk Analysis:
formulate several candidate responses, anticipate
possible seeker reactions, and assess potential risks.
Integration and Response: integrate the above
analyses and generate the final counselor response.
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| SAGE | ESC-Eval
Model
| Sentient +  Successt  Failure | | Flu. Expr. Emp. Info. Skill. Hum. Ovl. Avg.
Closed-Source LLMs
GPT-40 54.06+L 069 20.67+556 25.00£374 | 10.00 9.19 10.00 8.40 10.00 10.00 10.00 9.66
DeepSeek-V3 76.991 269 47.671685 9.0010s, | 10.00 10.00 10.00 8.83 9.98 10.00 10.00 9.83
Qwen-MAX 62.881375 31.00+141 16331287 | 10.00 9.59 10.00 9.16 999 999 10.00 9.82
Psychological LLMs
SoulChat 5224019 0.004000 93.334125| 9.09 7.07 800 7.10 7.77 922 786 8.01
MeChat 14624180 1.671094 76.0010s2 | 9.68 7.75 9.08 7.69 899 9.77 9.06 8.86
CPsyCounX 10.0842035 0.67+047 80.00+374 | 9.36 7.54 889 7.50 874 946 871 8.60
MindChat 11511092 0.00£000 81.001000 | 993 801 885 7.84 885 991 893 8.90
SoulChat2.0 60.06+211 24331287 17331047 999 879 992 791 9.81 10.00 990 9.47
+ PsyAdvisor 57.67+ 136 16.67+170 17.004,63 | 878 750 859 6.73 7.77 9.02 8.13 8.07
SoulChat-R1 70.87+ 508 42.671132 16331125 981 851 974 7.09 890 981 945 9.04
Ours
Qwen2.5-7B-Instruct 37.07+£240 10331236 36.671205| 998 9.10 996 825 993 995 997 9.59
+PsycheChat-LLM | 69.55+ 153 42334411 1533433 | 998 943 9.99 822 9.87 9.99 9.98 9.64
+ PsycheChat-Agent | 71.80+ 105 44.33+624 15.334330 | 10.00 935 9.99 799 973 10.00 996 9.57
Qwen3-8B 48.6941 08> 25.004408 30.671340 | 890 744 9.14 7.18 865 933 8.80 8.49
+ PsycheéChat-LLM | 69.924 755 42.33126 1633138 | 9.80 875 985 7.13 892 996 9.65 9.15
+ PsycheChat-Agent | 78.01+ 160 51.00+927 11.00+253 [ 10.00 9.03 10.00 7.82 9.75 10.00 9.99 9.51

Table 2: Evaluation results of different models under SAGE and ESC-Eval. The best results are highlighted in bold,
and the second-best results are underlined. Closed-source LLMs are reported for reference.

During response generation, the model completes
all steps through a single end-to-end reasoning pro-
cess, which improves inference efficiency.

4 Experiment Setup

4.1 Data Statistics

We design and generate structured role cards based
on the multi-turn dialogues provided by PsyDT. By
using GPT-4.1 mini for interactive role-playing, we
constructed PsychéDialog, a dataset consisting of
1,003 multi-turn Chinese counseling dialogues. In
terms of statistics, we compare our dataset with ex-
isting Chinese counseling datasets, and the detailed
statistics are presented in Table 1.

4.2 TImplementation Details

During training, we fine-tune Qwen2.5-7B-Instruct
and Qwen3-8B on both LLM Mode and Agent
Mode data. The training is conducted using ms-
swift (Zhao et al., 2025), with 3 training epochs, a
learning rate of 1e — 5, and a warm-up ratio of 0.05.
During inference, all models use a temperature of
0.0 to reduce generation randomness.

4.3 Evaluation Frameworks

To comprehensively evaluate model performance,
we use three evaluation frameworks.

SAGE (Zhang et al., 2025a). SAGE is an interac-
tive framework that evaluates whether a counselor
model can improve a simulated seeker’s emotional
state while maintaining social understanding. It
uses a Sentient Agent with turn-level emotion up-
dates. The Sentient score reflects the seeker’s final
emotional state, where higher scores indicate im-
provement and lower scores indicate deterioration.
Each dialogue lasts at most 10 turns and stops early
if the score exceeds 100 (success) or falls below 10
(failure). We use Gemini 2.5 Flash as the Sentient
Agent, evaluate each model on 100 scenarios, and
report the average score over three runs.

ESC-Eval (Zhao et al., 2024). ESC-Eval is a
multi-dimensional framework with ESC-Role and
ESC-Rank. ESC-Role simulates a seeker interact-
ing with the evaluated model, while ESC-Rank
scores the completed dialogue. It reports Fluency
(Flu.), Expression (Expr.), Empathy (Emp.), Infor-
mation (Info.), Skillful (Skill.), Humanoid (Hum.),
Overall (Ovl.), and Average (Avg.) on a 0—10 scale.
We use DeepSeek-V3.2 as ESC-Role for 10-turn
interactions and Gemini 2.5 Flash as ESC-Rank.

PsycheEval. We propose PsychéEval as a cus-
tom framework tailored to our setting. We sample
100 role cards from the remaining pool using the
same grouping and sampling strategy as in train-
ing, and use Gemini 2.5 Flash instead of GPT-4.1
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Method | LLM Evaluation Metrics Human Evaluation Metrics

| EIST EDS| GAR? RLS| | Empathy Professionalism Effectiveness  Safety
SoulChat2.0 2.65 0.30 0.93 0.0185 | 3.85+0.16 3531012 3.87+0.18 3.824 008
SoulChat-R1 2.59 0.29 0.90 0.0085 | 3.85+028 3.49+ 028 3.81+033 3.86+ 0,04
PsycheéChat-LLM 2.53 0.26 0.86  0.0061 | 3.854 035 3.331 037 3.871 031 4.05+ 035
PsychéChat-Agent | 2.67 0.27 094  0.0062 | 4.544 034 4231 052 4451 032 4414 030

Table 3: Evaluation results under PsychéEval. The best results are highlighted in bold. For human evaluation,
Kendall’s W (Kendall and Smith, 1939) ranges from 0.43 to 0.50, indicating moderate annotation agreement.

mini as the simulated seeker to reduce distribu-
tional similarity. We further annotate risk signals
that reflect negative reactions to the counselor’s
previous response. Following Plutchik’s Wheel of
Emotions, we assign signed scores to emotion la-
bels according to their groups and intensity levels.
For each turn, we compute a weighted emotion
score that assigns greater weight to the primary
emotion. We report Emotional Improvement Score
(EIS), Emotional Degradation Score (EDS), Goal
Achievement Ratio (GAR), and Risk Level Score
(RLS), with definitions in Appendix B.1. We also
conduct human evaluation on 50 randomly sam-
pled dialogues for each method, rated on Empathy,
Professionalism, Effectiveness, and Safety using a
0-5 scale.

4.4 Baselines

To validate the effectiveness of our framework, we
compare PsychéChat with several baseline models:

Closed-source LLMs: GPT-40 (Hurst et al.,
2024), DeepSeek-V3 (Liu et al., 2024), Qwen-
MAX (Team, 2024).

Psychological LLMs: SoulChat (Chen et al.,
2023); MeChat (Qiu et al.,, 2024a); CPsy-
CounX (Zhang et al., 2024a); MindChat (Yan and
Xue, 2023); SoulChat2.0 (Xie et al., 2025); PsyAd-
visor (Hu et al., 2025b); SoulChat-R1 (Chen et al.,
2025). PsyAdvisor follows its original implementa-
tion with SoulChat2.0 as the base model. SoulChat-
R1 follows its official setup using the CATCH
dataset with three rounds of LoRA training.

5 Experiment Analysis

5.1 Comparison with Baselines

SAGE. As shown in Table 2, traditional psycho-
logical LLMs obtain relatively low scores, likely
because they are trained with shorter dialogues
and weaker base models. Although recent psy-
chological LLMs show clear improvements in per-
formance, they still fall behind PsychéChat on

Sentient, Success, and Failure. These results sug-
gest that our model better improves the seeker’s
emotional state while maintaining safety. Com-
pared with the base models, both Qwen2.5 and
Qwen3 achieve consistent performance gains af-
ter training, validating the effectiveness and gen-
erality of PsychéDialog for mental health support.
The Agent Mode outperforms the LLM Mode on
all three dimensions, showing that a collabora-
tive multi-agent pipeline is crucial for achieving
high-quality psychological counseling. Meanwhile,
the LLM Mode requires fewer model calls and
achieves lower inference latency, as detailed in Ap-
pendix B.11. Notably, PsychéChat matches or even
surpasses closed-source models on all three dimen-
sions, demonstrating strong emotion improvement
capability and intervention effectiveness.

ESC-Eval. As shown in Table 2, PsycheChat
shows improvements over psychological LLMs
on most dimensions, indicating that emotion shift
tracking and safety risk analysis jointly enhance
counseling quality and human-likeness. Compared
with the base models, PsycheéChat achieves sta-
ble gains on most metrics, further validating the
effectiveness of the training data and inference
paradigms. Among the base models, Qwen2.5 per-
forms better overall than Qwen3, possibly due to
better alignment with emotional support tasks in
terms of training. Closed-source models can be
viewed as the current upper bound under automatic
evaluation. PsycheChat approaches this bound on
Fluency, Empathy, Humanoid, and Overall, indi-
cating comparable counseling quality. However, it
scores lower on Information because ESC-Eval fa-
vors explicit advice or guidance in each turn, which
does not fully align with professional counseling
practice. Additionally, frequent full scores among
strong models suggest that ESC-Eval has limited
discriminative power in the high-score range and
cannot finely distinguish strong models.

PsycheEval. We select SoulChat2.0 and
SoulChat-R1, the best-performing models under
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Method ‘ SAGE

| ESC-Eval

| Sentient T Stability | Success 1

Failure | | Flu. Expr. Emp. Info.

Skill. Hum. Ovl. Avg.

PsycheChat-Agent | 78.01+ 160 32.04 2

51.004927 11.004 253

10.00 9.03 10.00 7.82 9.75 10.00 9.99 9.51

w/o EM 71904 128 34131065 39.00+216 12.00+£216| 9.98 928 999 7.19 893 10.00 9.69 9.29
w/o RC 7615+ 150 33931071 52.004748 11.674125| 996 950 998 8.05 9.73 9.96 995 9.59
w/OoEM & RC | 71.684+ 082 34271040 41.67 1604 11.671£125] 998 9.66 999 7.79 957 999 9.90 9.55
SoulChat2.0-1003 | 57.294 024 36.721 048 23.001216 20.331047| 9.57 898 949 7.77 9.07 9.67 9.38 9.13

Table 4: Ablation study under SAGE and ESC-Eval based on Qwen3-8B. The best results are highlighted in bold.

SAGE and ESC-Eval, as baselines and compare
them with the two modes of PsychéChat (Qwen3-
8B). Results are shown in Table 3. In LLM evalua-
tion, PsychéChat-Agent achieves the highest EIS,
indicating stronger guidance of positive emotional
change. Both modes maintain low EDS and RLS,
demonstrating stable control of negative emotions
and risks. PsycheéChat-Agent also achieves the best
GAR, showing more effective support for counsel-
ing goals. For human evaluation, we invite three
clinically experienced psychologists as annotators.
Each dialogue is rated on four dimensions, and
the final scores are averaged. PsycheChat achieves
high Empathy and Safety scores, consistent with
its strong EIS and RLS results. This suggests that
improvements from emotion shift tracking and risk
analysis are also perceived by human evaluators.
On Professionalism and Effectiveness, PsychéChat-
Agent obtains the highest scores, indicating strong
alignment with professional counseling practice
and effective therapeutic support.

5.2 Ablation Study

To evaluate the contributions of the Emotion Man-
agement (EM) and Risk Control (RC) modules in
the dialogue synthesis stage, we design three ab-
lation settings: removing EM, removing RC, and
removing both EM and RC. Other settings remain
unchanged. We regenerate the dialogues using
GPT-4.1 mini and train Qwen3-8B under Agent
Mode. Results are shown in Table 4.

Under SAGE, we additionally introduce Stabil-
ity, defined as the standard deviation of Sentient
scores across different scenarios. This metric mea-
sures cross-scenario consistency, reflecting whether
the model can achieve stable emotional improve-
ment across diverse contexts rather than performing
very well in some scenarios while remaining mod-
erate in others. Removing EM leads to a substantial
drop in Sentient, confirming that explicit emotion
modeling is the primary driver of emotional im-
provement. When EM is removed, RC alone does

not significantly improve Sentient and slightly low-
ers Success. This suggests that risk control without
accurate emotion modeling is insufficient for effec-
tively improving emotional trajectories. When EM
is included, adding RC maintains high Sentient
while reducing cross-scenario fluctuation (lower
Stability score). This indicates that EM primarily
elevates emotional level, whereas RC enhances the
stability and safety of the improvement process.
The two modules play complementary roles rather
than optimizing the same objective.

Under ESC-Eval, the ablation settings generally
lead to lower performance on most evaluation di-
mensions, further confirming the importance of
EM and RC in improving empathy, professional-
ism, and human-likeness in counseling. Notably,
the full PsychéChat model achieves a slightly lower
score on the Expression dimension. This indicates
that with EM and RC, the model adopts a more
cautious expression strategy, which slightly lim-
its language variety. We view this as a trade-off:
by avoiding over-expressive responses, the model
better follows professional principles and safety
boundaries in psychological counseling.

To further investigate the source of quality im-
provements, we conduct a controlled comparison.
According to the topic IDs in PsychéDialog, we
select 1,003 corresponding original dialogues from
PsyDT and fine-tune Qwen3-8B on this dataset. As
shown in Table 4, under the same data scale and
matched topic distribution, PsychéChat-Agent w/o
EM & RC substantially outperforms SoulChat2.0-
1003 across all SAGE metrics and shows consis-
tent improvements on ESC-Eval. This result indi-
cates that the multi-turn role-play synthesis mecha-
nism improves training data quality. When EM and
RC modules are further incorporated, performance
improves further under SAGE, while maintaining
competitive performance on ESC-Eval. These find-
ings suggest that the improvements also stem from
the explicit emotion shift modeling and safety anal-
ysis mechanisms embedded in the framework.
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6 Conclusion

In this paper, we propose PsychéChat, an em-
pathic framework for psychological counseling that
explicitly focuses on emotion shift tracking and
safety risk analysis. To support this, we synthe-
size PsycheDialog, a counseling dialogue dataset
via interactive role-playing, incorporating Emotion
Management and Risk Control modules. Further-
more, we introduce two modeling paradigms, the
Agent Mode and the LLM Mode, to balance effi-
ciency and performance. Simulation-based and ex-
pert evaluations suggest that PsychéChat provides
stronger emotion-shift awareness and risk-aware
counseling-style responses, while highlighting the
need for broader real-world and clinical validation.

Limitations

Although the experiments demonstrate the effec-
tiveness of PsychéChat, several limitations deserve
further attention. First, data synthesis based on
interactive role-playing significantly improves di-
alogue quality and emotional coherence, but its
higher generation cost limits the scalability of the
dataset. Moreover, the current conclusions are
mainly based on simulated counseling settings,
and their transferability to real-world or clinical
interactions remains to be validated. Second, real-
world counseling scenarios often require dynamic
assessment of multiple factors. This paper focuses
on emotion shift tracking and safety risk analy-
sis, and does not explicitly model all counseling
decision points, such as finer-grained strategy selec-
tion, dialogue phase adjustment, or adaptive agent
routing. These capabilities are mainly learned
from the training data in a data-driven manner.
Third, PsychéDialog is currently constructed solely
based on Chinese psychological counseling scenar-
ios, and its applicability and generalization ability
across cultural contexts remain to be validated in
future work. In particular, the role cards, includ-
ing persona settings, problem scenarios, and social
backgrounds, may need to be adapted to different
cultural contexts. Moreover, although EFT itself is
general, the way counselors apply strategies, their
language style, and the focus of their responses
may be influenced by cultural values and social
norms. As a result, strategy expression and dia-
logue details may require proper localization in
different cultural settings. Finally, although we
adopted three different evaluation frameworks, the
proportion of expert-based evaluation is relatively

limited. Future studies should incorporate more
professional assessments and real-world scenario
validations to further enhance the reliability and
comprehensiveness of the conclusions.

Ethical Considerations

All datasets used in this study are publicly avail-
able. During data synthesis, we implemented a
rigorous data cleaning process to ensure that the
data contains no personally identifiable informa-
tion, private content, or other sensitive informa-
tion. We removed personally identifiable informa-
tion, explicit harmful instructions, and content that
could encourage self-harm or harm to others, while
retaining de-identified risk signals necessary for
safety-aware response modeling.

Although we explicitly introduce a safety risk
analysis module, psychological counseling sce-
narios remain highly sensitive and unpredictable.
PsychéChat is intended only as an auxiliary tool
and cannot replace professional psychological ther-
apy. In practical applications, model responses
should be used for reference only, especially in
high-stakes mental health scenarios, and human
oversight remains necessary. Users experiencing
severe psychological distress, self-harm ideation,
or other emergencies should seek immediate help
from licensed counselors, psychiatrists, emergency
services, or trusted people nearby.

During human evaluation, we invited three ex-
perts in psychological counseling from a men-
tal health institution in China. To reduce evalu-
ation bias, model identities were concealed, and
responses generated by different models were ran-
domly shuffled before annotation. All annotators
took part in the study on a voluntary and informed
basis and were compensated fairly according to
their actual working hours.

Acknowledgments

This work is supported by the Shanghai Nat-
ural Science Foundation Project under Grant
257ZR1402116.

References

Judith S Beck. 2020. Cognitive behavior therapy: Ba-
sics and beyond. Guilford Publications.

Yunna Cai, Fan Wang, Haowei Wang, Kun Wang, Kailai
Yang, Sophia Ananiadou, Moyan Li, and Mingming
Fan. 2025. Exploring safety alignment evaluation of

25961



IIlms in chinese mental health dialogues via llm-as-
judge. arXiv preprint arXiv:2508.08236.

Mingyu Chen, Jingkai Lin, Zhaojie Chu, Xiaofen Xing,
Yirong Chen, and Xiangmin Xu. 2025. Catch: A
novel data synthesis framework for high therapy fi-
delity and memory-driven planning chain of thought
in ai counseling. In Findings of the Association
for Computational Linguistics: EMNLP 2025, pages
10254-10286.

Yirong Chen, Xiaofen Xing, Jingkai Lin, Huimin Zheng,
Zhenyu Wang, Qi Liu, and Xiangmin Xu. 2023.
Soulchat: Improving llms’ empathy, listening, and
comfort abilities through fine-tuning with multi-turn
empathy conversations. In Findings of the Associa-
tion for Computational Linguistics: EMNLP 2023,
pages 1170-1183.

Leslie S Greenberg. 2004. Emotion—focused therapy.
Clinical Psychology & Psychotherapy: An Interna-
tional Journal of Theory & Practice, 11(1):3-16.

Zhijun Guo, Alvina Lai, Johan H Thygesen, Joseph Far-
rington, Thomas Keen, and Kezhi Li. 2024. Large
language models for mental health applications: sys-
tematic review. JMIR mental health, 11(1):e57400.

Clara E Hill. 1999. Helping skills: Facilitating explo-
ration, insight, and action. American Psychological
Association.

He Hu, Chiyuan Ma, Qianning Wang, Liu Lin, Yucheng
Zhou, Laizhong Cui, Fei Ma, and Qi Tian. 2026.
Theramind: A strategic and adaptive agent for longi-
tudinal psychological counseling. In Proceedings of
the ACM Web Conference 2026, pages 9136-9147.

He Hu, Yucheng Zhou, Juzheng Si, Qianning Wang,
Hengheng Zhang, Fuji Ren, Fei Ma, Laizhong Cui,
and Qi Tian. 2025a. Beyond empathy: Integrating
diagnostic and therapeutic reasoning with large lan-
guage models for mental health counseling. arXiv
preprint arXiv:2505.15715.

Yuxin Hu, Danni Liu, Bo Liu, Yida Chen, Jiuxin Cao,
and Yan Liu. 2025b. Psyadvisor: A plug-and-play
strategy advice planner with proactive questioning in
psychological conversations. In Proceedings of the
63rd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
12205-12229.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam
Perelman, Aditya Ramesh, Aidan Clark, AJ Os-
trow, Akila Welihinda, Alan Hayes, and Alec Rad-
ford. 2024. Gpt-40 system card. arXiv preprint
arXiv:2410.21276.

Dongjin Kang, Sunghwan Mac Kim, Taeyoon Kwon,
Seungjun Moon, Hyunsouk Cho, Youngjae Yu,
Dongha Lee, and Jinyoung Yeo. 2024. Can large
language models be good emotional supporter? miti-
gating preference bias on emotional support conver-
sation. In Proceedings of the 62nd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 15232-15261.

Maurice G Kendall and B Babington Smith. 1939. The
problem of m rankings. The annals of mathematical
statistics, 10(3):275-287.

Karen S Kitchener. 1984. Intuition, critical evaluation
and ethical principles: The foundation for ethical
decisions in counseling psychology. The counseling
psychologist, 12(3):43-55.

Melanie Klein. 1952. The origins of transference. Inter-
national Journal of Psychoanalysis, 33(4):433-438.

Jihyun Lee, Yejin Min, Yejin Jeon, SungJun Yang, Hy-
ounghun Kim, and Gary Geunbae Lee. 2026. Psy-
step: Structuring therapeutic targets and action se-
quences for proactive counseling dialogue systems.
arXiv preprint arXiv:2604.04448.

Suyeon Lee, Sunghwan Kim, Minju Kim, Dongjin
Kang, Dongil Yang, Harim Kim, Minseok Kang,
Dayi Jung, Min Hee Kim, Seungbeen Lee, Kyong-
Mee Chung, Youngjae Yu, Dongha Lee, and Jinyoung
Yeo. 2024. Cactus: Towards psychological counsel-
ing conversations using cognitive behavioral theory.
In Findings of the Association for Computational
Linguistics: EMNLP 2024, pages 14245-14274.

Angqi Li, Lizhi Ma, Yaling Mei, Hongliang He, Shuai
Zhang, Huachuan Qiu, and Zhenzhong Lan. 2023.
Understanding client reactions in online mental
health counseling. In Proceedings of the 61st An-
nual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), pages 10358—
10376.

Aixin Liu, Bei Feng, Bing Xue, Bingxuan Wang,
Bochao Wu, Chengda Lu, Chenggang Zhao, Chengqi
Deng, Chenyu Zhang, and Chong Ruan. 2024.
Deepseek-v3 technical report.  arXiv preprint
arXiv:2412.19437.

Qianjun Pan, Junyi Wang, Jie Zhou, Yutao Yang,
Junsong Li, Kaiyin Xu, Yougen Zhou, Yihan Li,
Jingyuan Zhao, and Qin Chen. 2026. Psycheval: A
multi-session and multi-therapy benchmark for high-
realism ai psychological counselor. In Findings of
the Association for Computational Linguistics: ACL
2026, pages 22192-22212.

Wei Peng, Yue Hu, Luxi Xing, Yuqiang Xie, Yajing Sun,
and Yunpeng Li. 2022. Control globally, understand
locally: A global-to-local hierarchical graph network
for emotional support conversation. In Proceedings
of the Thirty-First International Joint Conference on
Artificial Intelligence, IICAI-22, pages 4324-4330.
International Joint Conferences on Artificial Intelli-
gence Organization. Main Track.

Robert Plutchik. 1980. A general psychoevolutionary
theory of emotion. In Theories of emotion, pages
3-33. Elsevier.

Alberta E Pos and Leslie S Greenberg. 2007. Emotion-
focused therapy: The transforming power of affect.
Journal of Contemporary Psychotherapy, 37(1):25—
31.

25962


https://doi.org/10.24963/ijcai.2022/600
https://doi.org/10.24963/ijcai.2022/600
https://doi.org/10.24963/ijcai.2022/600

Huachuan Qiu, Hongliang He, Shuai Zhang, Angqi Li,
and Zhenzhong Lan. 2024a. Smile: Single-turn to
multi-turn inclusive language expansion via chatgpt
for mental health support. In Findings of the Associ-
ation for Computational Linguistics: EMNLP 2024,
pages 615-636.

Huachuan Qiu and Zhenzhong Lan. 2026. Interactive
agents: Simulating counselor-client psychological
counseling via role-playing llm-to-1lm interactions.
In Proceedings of the 15th Joint Conference on Lex-
ical and Computational Semantics (* SEM 2026),
pages 410-427.

Huachuan Qiu, Lizhi Ma, and Zhenzhong Lan. 2024b.
Psyguard: An automated system for suicide detec-
tion and risk assessment in psychological counseling.
In Proceedings of the 2024 Conference on Empiri-
cal Methods in Natural Language Processing, pages
4581-4607.

Carl Rogers. 2012. Client centered therapy (new ed).
Hachette UK.

Hao Sun, Zhenru Lin, Chujie Zheng, Siyang Liu, and
Minlie Huang. 2021. PsyQA: A Chinese dataset for
generating long counseling text for mental health
support. In Findings of the Association for Com-
putational Linguistics: ACL-IJCNLP 2021, pages
1489-1503, Online. Association for Computational
Linguistics.

Qwen Team. 2024. Qwen2.5 technical report. arXiv
preprint arXiv:2412.15115.

Noah Wang, Z.y. Peng, Haoran Que, Jiaheng Liu,
Wangchunshu Zhou, Yuhan Wu, Hongcheng Guo,
Ruitong Gan, Zehao Ni, Jian Yang, Man Zhang,
Zhaoxiang Zhang, Wanli Ouyang, Ke Xu, Wenhao
Huang, Jie Fu, and Junran Peng. 2024. Rolellm:
Benchmarking, eliciting, and enhancing role-playing
abilities of large language models. In Findings of
the Association for Computational Linguistics: ACL
2024, pages 14743-14777.

Xiaoyi Wang, Jiwei Zhang, Guangtao Zhang, and Hon-
glei Guo. 2025. Feel the difference? a comparative
analysis of emotional arcs in real and LLM-generated
CBT sessions. In Findings of the Association for
Computational Linguistics: EMNLP 2025, pages
19999-20017, Suzhou, China. Association for Com-
putational Linguistics.

William J Whelton. 2004. Emotional processes in psy-
chotherapy: Evidence across therapeutic modalities.
Clinical Psychology & Psychotherapy: An Interna-
tional Journal of Theory & Practice, 11(1):58-71.

World Health Organization. 2022. World mental health
report: Transforming mental health for all. World
Health Organization.

Mengxi Xiao, Qiangian Xie, Ziyan Kuang, Zhicheng
Liu, Kailai Yang, Min Peng, Weiguang Han, and
Jimin Huang. 2024. Healme: Harnessing cognitive

reframing in large language models for psychother-
apy. In Proceedings of the 62nd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 1707-1725.

Haojie Xie, Yirong Chen, Xiaofen Xing, Jingkai Lin,
and Xiangmin Xu. 2025. Psydt: Using llms to con-
struct the digital twin of psychological counselor with
personalized counseling style for psychological coun-
seling. In Proceedings of the 63rd Annual Meeting of
the Association for Computational Linguistics (Vol-
ume 1: Long Papers), pages 1081-1115.

Yangyang Xu, Jinpeng Hu, Zhuoer Zhao, Zhangling
Duan, Xiao Sun, and Xun Yang. 2025. Multiagen-
tesc: A llm-based multi-agent collaboration frame-
work for emotional support conversation. In Proceed-
ings of the 2025 Conference on Empirical Methods
in Natural Language Processing, pages 4665-4681.

Xin Yan and Dong Xue. 2023. Mindchat: Psycholog-
ical large language model. https://github.com/
X-D-Lab/MindChat.

Kailai Yang, Shaoxiong Ji, Tianlin Zhang, Qiangian
Xie, Ziyan Kuang, and Sophia Ananiadou. 2023. To-
wards interpretable mental health analysis with large
language models. In Proceedings of the 2023 Con-
ference on Empirical Methods in Natural Language
Processing, pages 6056—-6077.

Jing Ye, Lu Xiang, Yaping Zhang, and Chengqing
Zong. 2025. Sweetiechat: A strategy-enhanced role-
playing framework for diverse scenarios handling
emotional support agent. In Proceedings of the 31st
International Conference on Computational Linguis-
tics, pages 4646—4669.

Bang Zhang, Ruotian Ma, Qingxuan Jiang, Peisong
Wang, Jiaqi Chen, Zheng Xie, Xingyu Chen, Yue
Wang, Fanghua Ye, Jian Li, Yifan Yang, Zhaopeng
Tu, and Xiaolong Li. 2025a. Sentient agent as
a judge: Evaluating higher-order social cogni-
tion in large language models. arXiv preprint
arXiv:2505.02847.

Chenhao Zhang, Renhao Li, Minghuan Tan, Min Yang,
Jingwei Zhu, Di Yang, Jiahao Zhao, Guancheng Ye,
Chengming Li, and Xiping Hu. 2024a. Cpsycoun:
A report-based multi-turn dialogue reconstruction
and evaluation framework for chinese psychologi-
cal counseling. In Findings of the Association for
Computational Linguistics: ACL 2024, pages 13947—
13966.

Tenggan Zhang, Xinjie Zhang, Jinming Zhao, Li Zhou,
and Qin Jin. 2024b. Escot: Towards interpretable
emotional support dialogue systems. In Proceedings
of the 62nd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 13395-13412.

Xinjie Zhang, Wenxuan Wang, and Qin Jin. 2025b. In-
tentionESC: An intention-centered framework for
enhancing emotional support in dialogue systems. In

25963


https://doi.org/10.18653/v1/2021.findings-acl.130
https://doi.org/10.18653/v1/2021.findings-acl.130
https://doi.org/10.18653/v1/2021.findings-acl.130
https://doi.org/10.18653/v1/2025.findings-emnlp.1089
https://doi.org/10.18653/v1/2025.findings-emnlp.1089
https://doi.org/10.18653/v1/2025.findings-emnlp.1089
https://github.com/X-D-Lab/MindChat
https://github.com/X-D-Lab/MindChat
https://doi.org/10.18653/v1/2025.findings-acl.1358
https://doi.org/10.18653/v1/2025.findings-acl.1358
https://doi.org/10.18653/v1/2025.findings-acl.1358

Findings of the Association for Computational Lin-
guistics: ACL 2025, pages 26494-26516, Vienna,
Austria. Association for Computational Linguistics.

Haiquan Zhao, Lingyu Li, Shisong Chen, Shuqi Kong,
Jiaan Wang, Kexin Huang, Tianle Gu, Yixu Wang,
Jian Wang, Liang Dandan, ZHixu Li, Yan Teng,
Yanghua Xiao, and Yingchun Wang. 2024. Esc-eval:
Evaluating emotion support conversations in large
language models. In Proceedings of the 2024 Con-
ference on Empirical Methods in Natural Language
Processing, pages 15785-15810.

Yuze Zhao, Jintao Huang, Jinghan Hu, Xingjun Wang,
Yunlin Mao, Daoze Zhang, Zeyinzi Jiang, Zhikai Wu,
Baole Ai, Ang Wang, Wenmeng Zhou, and Yingda
Chen. 2025. Swift: a scalable lightweight infrastruc-
ture for fine-tuning. In Proceedings of the AAAI Con-
ference on Artificial Intelligence, volume 39, pages
29733-29735.

Zhonghua Zheng, Lizi Liao, Yang Deng, Libo Qin, and
Ligiang Nie. 2024. Self-chats from large language
models make small emotional support chatbot better.
In Proceedings of the 62nd Annual Meeting of the
Association for Computational Linguistics (Volume
1: Long Papers), pages 11325-11345.

25964



A Details of Data Synthesis

A.1 Plutchik’s Wheel of Emotions

Plutchik’s Wheel of Emotions (Plutchik, 1980) is a
well-established psychological model proposed by
Robert Plutchik to describe the structure, relation-
ships, and intensity of human emotions. Emotions
are arranged in a circular structure, where oppos-
ing emotions are positioned opposite each other,
reflecting their psychological contrast. Below, we
list the eight emotion groups:

Joy: Serenity; Joy; Ecstasy.

Trust: Acceptance; Trust; Admiration.

Fear: Apprehension; Fear; Terror.

Surprise: Distraction; Surprise; Amazement.

Sadness: Pensiveness; Sadness; Grief.

Disgust: Boredom; Disgust; Loathing.

Anger: Annoyance; Anger; Rage.

Anticipation: Interest; Anticipation; Vigilance.

A.2 Topic Distribution of PsychéDialog

We construct PsychéDialog through an interactive
role-playing process using multi-turn dialogues
from PsyDT (Xie et al., 2025) as data seeds.
PsychéDialog covers 12 counseling-related topics,
including: Marriage, Treatment, Emotion, Interper-
sonal, Growth, Behavior, Family, Self-Awareness,
Career, Social Events, Sex, and Psychological
Knowledge. The distribution of these topics is
shown in Figure Al.

A.3 Seeker Modeling

Figure A2, A3 show the prompts for role card
generation and seeker response generation during
the role-playing process.

A.4 Counselor Modeling

Figures A4, AS, A6, and A7 illustrate the prompts
for the Emotion Tracking Agent, the EFT Coun-
selor Agent, the Dialogue-Guided Seeker Agent,
and the Safety Analysis Agent.

A.5 CoT Generation

Figure A8 presents the prompt used to generate the
chain-of-thought in the LLM Mode.

A.6 Computational Cost of Dialogue
Synthesis

We provide empirical statistics on the compu-
tational cost of synthesizing the PsychéDialog
dataset. All dialogues were generated using GPT-
4.1 mini for interactive role-playing. Each dialogue

Marriage Growth

Psychological Knowledge 10.8% 9.6%
Self-Awareness

3.4%
9.6%

Treatment
10.7%

9.0% Behavior

4.3%

9.8%
10.5%

Interpersonal
Family
5.5% 7.1%
10.0%

Social Events Career

Emotion

Figure A1: Topic distribution of PsychéDialog.

contains 13.1 turns on average and requires approx-
imately 100 API calls. The average token usage is
about 240K tokens per dialogue, including 205K
input tokens and 35K output tokens. The average
monetary cost is approximately $0.14 per dialogue,
and the average generation time is about 6 min-
utes. For the full set of 1,003 dialogues, the total
monetary cost is approximately $140. Since the
synthesis of different role cards is independent, the
process can be parallelized. With 20 parallel work-
ers, the estimated wall-clock time is approximately
5-6 hours.

The API calls are distributed across several com-
ponents in the synthesis pipeline. Each round of
interaction contains at least five major calls: Seeker
Simulation, Emotion Tracking Agent, Counselor
Agent, Dialogue-Guided Seeker Agent, and Safety
Analysis Agent. Their approximate proportions
are 18%, 18%, 21%, 21%, and 22%, respectively.
The Emotion Tracking Agent belongs to the EM
module, while the Dialogue-Guided Seeker Agent
and the Safety Analysis Agent belong to the RC
module.

B Details of Experiments

B.1 Evaluation Metrics

ESC-Eval. ESC-Eval evaluates the emotional com-
panionship capabilities of LLMs across seven di-
mensions. The detailed descriptions of each dimen-
sion are as follows:

* Fluency: Fluency of dialogue content, includ-
ing dialogue content and logic.
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* Expression: The diversity of conversational
expressions, including the form and content
of expressions.

* Empathy: The AI assistant’s empathy in-
cludes emotional comfort and analysis, and
cleaning of internal logic.

* Information: Suggestion effectiveness, how
many suggestions are included, and whether
the suggestion is effective.

e Humanoid: How AI Assistants Are Similar
to Humans.

e SKkill: AI assistant’s emotional comfort and
knowledge capabilities.

* Overall: Overall human ratings of Al assis-
tants.

PsycheEval. For each dialogue, PsychéEval
computes four metrics: Emotional Improvement
Score (EIS), Emotional Degradation Score (EDS),
Goal Achievement Ratio (GAR), and Risk Level
Score (RLS). For each turn, we assign signed
scores to the selected emotion labels according to
their emotion groups and intensity levels: +1, +2,
and +3 for the Joy and Trust groups; -1, -2, and -3
for the Fear, Surprise, Sadness, Disgust, and Anger
groups; and +1, +2, and O for the three intensity
levels of the Anticipation group, respectively. The
turn-level emotion score is computed as a weighted
sum, using weights of 1.0 for one emotion, 0.7 and
0.3 for two emotions, and 0.6, 0.3, and 0.1 for three
emotions, with the primary emotion receiving the
highest weight. The simulated seeker LLM also
assigns a risk score on a 0—4 scale for each turn,
with higher scores indicating stronger discomfort
or perceived risk caused by the counselor’s previ-
ous response. Consider a dialogue consisting of
T turns. FEjy denotes the initial emotion score of
the seeker, and Er denotes the final emotion score
at the end of the dialogue. AFE; denotes the emo-
tion shift at turn ¢. G denotes the total number of
predefined goals in the dialogue, and G, denotes
the number of goals completed by the end of the
dialogue. R; denotes the risk score at turn ¢.

EIS measures the overall emotional change from
the beginning to the end of a dialogue:

EIS = Er — E, (D

EDS captures the average emotional decline dur-
ing the dialogue by accumulating only negative

emotion changes:

1 T
EDS = 7 ;max(o, —AE) )

GAR measures the proportion of goals com-
pleted by the end of the dialogue:

G
AR = —
GAR e 3)

RLS represents the average risk level throughout
the dialogue:

1T
RLS=—=)» R 4
PR @

B.2 Emotion Score Calibration

To validate the emotion scores used in EIS and
EDS, we randomly sample 20 dialogues from each
model in PsychéEval, resulting in 80 dialogues.
Three experts with psychological counseling back-
grounds independently annotate turn-level emo-
tions using the same emotion taxonomy and in-
tensity levels. We compare Gemini 2.5 Flash with
expert annotations using Mean Bias, MAE, and
Spearman’s p. Compared with the expert median,
Gemini 2.5 Flash achieves a Mean Bias of -0.043,
an MAE of 0.209, and a Spearman’s p of 0.803,
indicating limited systematic bias and strong agree-
ment in turn-level emotion scoring.

B.3 Human Evaluation Guideline

To evaluate the performance of different psycho-
logical LLMs under PsychéEval, we invite three
clinically experienced psychologists to conduct a
comprehensive human evaluation. We design an
evaluation guideline consisting of four key dimen-
sions, as summarized in Table B12.

B.4 RC-triggered Regeneration

To better understand the behavior of the Risk Con-
trol (RC) module during data synthesis, we ana-
lyze how often RC triggers response regeneration.
Specifically, we report three statistics: the average
number of regenerations per turn (Avg. Regen), the
probability of regeneration per turn (Regen Rate),
and the average number of iterations conditioned
on regeneration (Avg. Iter).

As shown in Table B1, when EM is removed,
both the frequency of RC-triggered regeneration
and the average number of regeneration iterations
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Method Avg. Regen Regen Rate Avg. Iter

EM + RC 0.19 15.40% 1.23
w/o EM 0.24 17.41% 1.37

Table B1: Statistics of RC-triggered response regenera-
tion during dialogue synthesis.

Predicted Risk Predicted Non-risk

Actual Risk 18.87% (TP) 1.89% (FN)
Actual Non-risk  45.28% (FP) 33.96% (TN)

Table B2: Confusion matrix for proxy risk detection by
the Dialogue-Guided Seeker Agent.

increase. This suggests that the Emotion Manage-
ment (EM) module helps stabilize emotional trajec-
tories during dialogue generation, thereby reducing
the need for RC corrections. The role of RC is
to control potential risks and excessive emotional
fluctuations. In some cases, responses that rapidly
increase emotion scores through strong emotional
stimulation are revised by RC to produce more
stable and gradual emotional progression.

B.5 Seeker Simulation in RC

To assess whether the simulated reactions gener-
ated by the Dialogue-Guided Seeker Agent reflect
realistic high-risk behavioral patterns, we conduct
an additional validation analysis.

We selected five publicly available psychological
counseling dialogues with clear risk characteristics
from open platforms and forums, comprising 61
dialogue turns in total. We invited experts with
backgrounds in psychological counseling to anno-
tate each seeker turn and identify the presence of
risk signals (e.g., emotional escalation, relational
deterioration, extreme behavioral tendencies), re-
sulting in turn-level risk annotations. Based on
the same dialogue histories, we used the Dialogue-
Guided Seeker Agent to generate three candidate
seeker responses for each turn. These generated
responses were first processed by the Safety Analy-
sis Agent for risk detection and then independently
reviewed and annotated by experts. We compared
the expert annotations of generated responses with
the risk annotations from the original cases.

The Dialogue-Guided Seeker Agent achieves a
Precision of 0.29, Recall of 0.91, F1 of 0.44, and
Accuracy of 0.53. As shown in Table B2, the agent
covers most risk-related behavioral patterns, with a
relatively low false-negative rate. However, its pre-

cision is limited, indicating that it tends to generate
risk signals cautiously. This is consistent with our
design goal of prioritizing risk coverage in safety-
sensitive counseling scenarios, but it may also lead
to unnecessary response regeneration. Future work
should further calibrate this module to better bal-
ance risk coverage and regeneration frequency.

B.6 Effectiveness of RC

To further examine the effectiveness of the Risk
Control (RC) module, we conducted an additional
experiment. Specifically, we replaced RC with
PsyCerisis (Cai et al., 2025), a recent safety evalua-
tion framework for Chinese mental health dialogue
based on an LL.M-as-judge paradigm. PsyCrisis
evaluates counselor responses across five prede-
fined safety dimensions (0-1 each, total 0-5) and
provides rationales. We set a threshold of total
score > 3 for a response to pass; otherwise, the
response was regenerated.

As shown in Table B3, replacing RC with Psy-
Crisis results in lower Sentient and higher Stability
score, suggesting that dimension-based post-hoc
safety scoring does not stabilize emotional progres-
sion as effectively as reaction-aware risk simula-
tion. While Success is slightly higher under PsyCri-
sis, Failure and overall ESC-Eval performance are
marginally better under our original RC module.
This indicates that fixed-dimension evaluation may
permit more aggressive emotional uplift, whereas
reaction-aware simulation encourages more cali-
brated and trajectory-consistent responses.

B.7 Preliminary Analysis on Dataset Scaling

In the early stage of this work, we conducted a
small-scale preliminary experiment to examine the
effect of dataset size. Specifically, we randomly
sampled 100 and 200 dialogues from PsychéDialog
and compared them with the full set of 1,003 di-
alogues. We trained an LLM Mode without CoT
under each setting and evaluated it with SAGE,
using DeepSeek-V3 as the simulated seeker.

As shown in Table B4, performance does not
increase monotonically with dataset size in this pre-
liminary setting, but fluctuates within a relatively
narrow range. This suggests that, within the current
data scale, model performance is not particularly
sensitive to data volume. Therefore, we selected
1,003 dialogues mainly to ensure sufficient cover-
age of role card diversity, including different topics
and initial emotional states.
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Method ‘ SAGE

| ESC-Eval

| Sentient 1 Stability | Success T Failure | | Flu. Expr. Emp. Info. Skill. Hum. Ovl. Avg.

PsycheChat-RC

78.01+ 160 32.04+ 121 51.004927 11.004 253 (10.00 9.03 10.00 7.82 9.75 10.00 9.99 9.51
PSyChéChat—PSyCl‘iSiS 76.73:{: 0.75 34-1511.64 53.67i 2.87 11.33i 2.36

994 933 998 7.81 9.57 9.98 9.92 9.50

Table B3: Comparison between the Risk Control module and PsyCrisis. The best results are highlighted in bold.

# Dialogues Sentient 1 Success T Failure |
100 29.41 0 40
200 28.05 0 43
1,003 30.23 0 38

Table B4: Preliminary analysis on dataset scaling under
SAGE.

B.8 Comparison with Agent-based
Counseling Methods

To further compare PsychéChat with agent-based
emotional support and psychological counseling
methods, we additionally evaluate MultiAgen-
tESC (Xu et al., 2025), Interactive Agents (Qiu
and Lan, 2026), and TheraMind (Hu et al., 2026)
under the same SAGE and ESC-Eval settings.

MultiAgentESC is a training-free multi-agent
collaboration framework originally designed for
Emotional Support Conversation. Since our work
focuses on Chinese psychological counseling, we
translate its prompts into Chinese and evaluate it
under the same SAGE and ESC-Eval settings. We
consider three backbone settings: Qwen2.5-32B,
which is used in the original MultiAgentESC paper;
Qwen3-8B, which matches the base model used by
PsycheéChat-Agent; and Qwen3-32B, which has the
same parameter scale as the original setting.

Interactive Agents synthesizes counseling dia-
logues through LLM-to-LLM role-playing and re-
leases trained SimPsyBot models. We directly eval-
uate its released SimPsyBot-Q checkpoint. Thera-
Mind is an agent framework for longitudinal psy-
chological counseling, with an intra-session loop
for patient state, response strategy, and treatment
stage management, and a cross-session loop for
memory and therapy adaptation. Since TheraMind
does not release a separately trained counselor
checkpoint, its performance depends on the back-
bone model. We therefore evaluate two settings:
DeepSeek-V3, following its original configuration,
and Qwen3-8B, matching the backbone used by
PsychéChat-Agent.

We also construct PsycheChat-MultiAgent to
further examine the effect of agent decomposi-

tion during training. It follows the same multi-
agent inference pipeline and function-call for-
mat as PsychéChat-Agent. The difference is
that Psych&Chat-Agent jointly trains the Emotion
Tracking Agent, EFT Counselor Agent, and Safety
Analysis Agent, whereas PsycheChat-MultiAgent
trains these three agents separately.

As shown in Table B5, PsychéChat-Agent
achieves substantially stronger SAGE performance
than MultiAgentESC across different backbone
settings, together with a higher overall ESC-
Eval score. Compared with Interactive Agents,
PsychéChat-Agent obtains higher Sentient and Suc-
cess scores, while the two methods achieve similar
ESC-Eval averages. For TheraMind, the compar-
ison shows different performance characteristics.
Under the same Qwen3-8B backbone, PsychéChat-
Agent performs better on all three SAGE met-
rics, whereas TheraMind obtains a slightly higher
ESC-Eval average, mainly due to its higher In-
formation score. With its original DeepSeek-V3
backbone, TheraMind achieves the highest Sen-
tient score and the lowest Failure rate in the table,
while PsychéChat-Agent maintains a higher Suc-
cess score.

PsycheéChat-MultiAgent further examines the
effect of training the three counselor agents sep-
arately rather than jointly. Although separate
training yields a slightly higher Success score,
PsycheChat-Agent achieves higher Sentient, lower
Failure, and better overall ESC-Eval performance.
This suggests that joint training provides a better
overall balance across emotion improvement, inter-
action outcomes, and dialogue quality. We there-
fore adopt PsycheChat-Agent as the final Agent
Mode.

B.9 Additional Experiments under SAGE

Considering that different models may exhibit dis-
tinct preferences when acting as seekers, we con-
duct additional experiments under the SAGE frame-
work using DeepSeek-V3.2 and GPT-5 mini, with
the results shown in Table B7. The results indi-
cate that, regardless of which model is used as
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| SAGE | ESC-Eval
Model

| Sentient? Successt Failure | | Flu. Expr. Emp. Info. Skill. Hum. Ovl. Avg.
Qwen3-8B 48.691+ 082 25.001408 30.671340| 890 7.44 9.14 7.18 8.65 9.33 8.80 8.49
DeepSeek-V3 76994260 47.67+685 9.00+0s |10.00 10.00 10.00 8.83 9.98 10.00 10.00 9.83
MultiAgentESC-Qwen2.5-32B | 15341545 2.334004 73.334573| 896 7.15 820 7.07 798 949 8.18 8.15
MultiAgentESC-Qwen3-8B 3223428 4.674+170 46.33+38¢| 7.69 586 7.82 636 7.17 8.09 722 7.17
MultiAgentESC-Qwen3-32B | 33.424 251 13.004£216 50.331340| 851 695 878 7.14 835 888 846 8.15
SimPsyBot-Q 63.07+125 3.00+216 9.00+163 | 9.99 848 993 8.16 9.90 9.99 994 949
TheraMind-Qwen3-8B 57.68+ 1279 10.33+602 14.004204 | 9.58 9.59 988 9.86 888 990 990 9.66
TheraMind-DeepSeek-V3 85214155 37.67+047 3.33+170 [10.00 9.51 10.00 8.41 9.98 10.00 10.00 9.70
PsychéChat-MultiAgent 75414+ 154 54.001374 12331180 ] 9.99 857 10.00 7.53 9.52 10.00 9.90 9.36
PsychéChat-Agent 7801+ 160 51.004927 11.004,83 |10.00 9.03 10.00 7.82 9.75 10.00 w 9.51

Table B5: Comparison with agent-based counseling methods under SAGE and ESC-Eval. The best results are
highlighted in bold, and the second-best results are underlined.

Model \ HTAIS RRO WAI Custom
Closed-Source LLMs

GPT-40 597 817 558 6.60

DeepSeek-V3 6.38 9.16 656 7.71

Qwen-MAX 626 833 6.15 697

Psychological LLMs

SoulChat 373 576 289 340

MeChat 459 691 347 442

CPsyCounX 438 655 425 4.26

MindChat 442 7.00 4.15 473

SoulChat2.0 5.62 801 523 642
+ PsyAdvisor 487 6.82 419 5.18

SoulChat-R1 525 758 459 589

Ours

Qwen2.5-7B-Instruct 584 793 557 641
+ PsychéChat-LLM | 5.89 824 584 6.54
+ PsychéChat-Agent | 5.84 845 547 6.62

Qwen3-8B 556 734 477 522
+ PsycheChat-LLM | 5.71 8.23 453 5.86
+ PsycheChat-Agent| 5.81 8.60 5.41 6.63

Table B6: Supplementary analysis using selected
therapy-shared counselor-level metrics from PsychEval.
The best results are highlighted in bold, and the second-
best results are underlined.

the simulated seeker, PsycheéChat in Agent Mode
consistently achieves the best performance, while
LLM Mode yields the second-best results. These
findings demonstrate the strong generalization abil-
ity of our approach across different seeker model
settings. In addition, we record the average infer-
ence time of both modes, showing that LLM Mode
reduces inference time by 62.7%.

B.10 Supplementary Analysis with Selected
PsychEval Metrics

We further conduct a supplementary analysis us-
ing selected therapy-shared counselor-level metrics

from PsychEval (Pan et al., 2026), which is dis-
tinct from our PsychéEval. PsychEval is designed
for multi-session and multi-therapy psychological
counseling. In our single-session setting, we ap-
ply four publicly available counselor-level metrics
to matched dialogue histories from our existing
evaluation outputs.

Using shared dialogue IDs, we select 100
matched dialogue histories from the evaluated sys-
tems and use DeepSeek-V3.1 as the evaluator, fol-
lowing the original PsychEval setting. We report
four metrics: HTAIS evaluates helping attitudes
and intervention skills; RRO evaluates relationship
authenticity and the counselor’s understanding of
the client; WAI evaluates Goal, Task, and Bond in
the therapeutic alliance; and Custom evaluates Per-
ception, Interaction, Intervention, and Ethics. All
scores are converted to a 0-10 scale, with higher
scores indicating better performance.

As shown in Table B6, PsychéChat achieves the
best results among psychological counseling mod-
els on all four selected metrics. PsychéChat-LLM
based on Qwen2.5-7B-Instruct performs best on
HTAIS and WAI, while PsychéChat-Agent based
on Qwen3-8B performs best on RRO and Custom.

B.11 Deployment Cost and Inference Latency

We compare the deployment cost and inference
latency of the two inference paradigms. Both
modes are deployed using vLLM, and the av-
erage single-turn response time is measured on
NVIDIA RTX 4090 GPUs. LLM Mode loads one
counselor model and uses a single generation call,
while Agent Mode additionally loads the Dialogue-
Guided Seeker Agent and performs multiple calls
for emotion tracking, counselor draft generation,
seeker reaction prediction, and safety analysis.
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Model ‘

SAGE-DeepSeek-V3.2

| SAGE-GPT-5 mini

‘ Sentient T Success T Failure | ‘ Sentient T Success T Failure |
Psychological LLLMs
SoulChat 6.71 0 92 10.92 0 85
MeChat 9.62 0 77 27.29 2 62
CPsyCounX 7.63 0 82 37.99 1 49
MindChat 8.75 0 79 46.32 2 35
SoulChat2.0 21.83 0 40 74.88 12 9
+ PsyAdvisor 21.29 0 39 72.14 10 15
SoulChat-R1 24.25 0 36 67.53 4 12
Ours
Qwen2.5-7B-Instruct 15.99 0 52 81.92 16 4
+ PsychéChat-LLM 28.38 0 31 78.08 17 9
+ PsychéChat-Agent 30.41 0 22 84.68 21 4
Qwen3-8B 15.99 0 54 79.63 14 6
+ PsychéChat-LLM 29.97 0 26 84.44 14 3
+ PsychéChat-Agent 33.05 0 25 86.00 19 3

Table B7: Evaluation results of different models under SAGE, where DeepSeek-V3.2 and GPT-5 mini are used as
simulated seekers. The best results are highlighted in bold.

Mode Deployment Memory Calls Avg. Time
LLM Mode 1 x RTX 4090 24G 1 2.78s
Agent Mode 2 x RTX 4090 2 x 24G >4 7.44s

Table B8: Deployment cost, model calls, and average
single-turn inference time of LLM Mode and Agent
Mode.

As shown in Table B8, LLM Mode reduces GPU
memory usage and inference latency, while Agent
Mode provides stronger modular control and inter-
pretability.

B.12 Examples of Emotion Trajectory and

Model Reasoning

To provide a more intuitive view of emotion shift
tracking, we present a condensed example from
PsychéDialog in Table B9. The example shows the
seeker’s tracked emotions across dialogue turns,
where L1-L3 denote emotion intensity levels from
low to high within the same Plutchik emotion
group. As shown in the table, the seeker initially
expresses apprehension and pensiveness, then grad-
ually reveals annoyance, loneliness, and fear of
rejection. In later turns, the emotional trajectory
shifts toward anticipation, trust, and joy, illustrat-
ing how PsychéChat tracks emotion shifts across
turns and supports gradual emotional change.

We also provide a brief example of the reasoning
process used in LLM Mode in Table B10. Given
the dialogue context, LLM Mode integrates four
steps before producing the final response: Emotion
Shift Tracking, Current Counseling Plan, Safety
Risk Analysis, and Integration and Response.

For the same dialogue turn, Table B11 presents
the intermediate outputs of Agent Mode, includ-
ing emotion shift tracking, counseling planning,
reaction simulation, and risk analysis.

B.13 Case Study

In Figure B1, we present a dialogue between
PsychéChat-Agent and a simulated seeker under
PsychéEval. PsychéChat-Agent first identifies the
seeker’s main concerns, including persistent anx-
iety, chest tightness, and self-doubt, through em-
pathic responses. It then guides the seeker to con-
nect present emotions with early family experi-
ences, helping clarify the core emotional experi-
ence of feeling unrecognized. In the later stage
of the dialogue, PsychéChat-Agent captures an
emotion shift from helplessness and self-doubt to-
ward feeling understood, hopeful, and willing to
take action. It reinforces this shift by affirming
inner needs and personal strengths. Throughout
the interaction, PsycheChat-Agent maintains a non-
judgmental and safety-oriented strategy and does
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Turn | Seeker Utterance

| Tracked Emotion

| Counselor Response

1

2

11

12

13

My mind feels messy lately, as if no one
really understands me.

I tried to talk with my father about my
parents’ divorce, but he always avoids it.
I sometimes argue with him on purpose,
just to get his attention.

I am lonely inside. I want him to see me,
but I am afraid of being rejected, so I can
only protect myself with coldness.

I want to tell him that I need his care and
do not want to feel like an outsider.

I am willing to try, although I am scared. I
want our relationship to improve.

I am afraid he will say he does not want to
listen, but I want him to know I care.

If I use a softer way to say it, maybe I will
be less afraid of rejection.

Yes, I want to practice. Maybe that will
make me more confident.

Maybe I can start with: “Dad, I have some-
thing to say, and I hope you can hear me
out.”

I am not fully ready yet, but I feel that day
is getting closer.

Thank you. With you here, I feel less alone
and more courageous.

Thank you. This conversation makes me
feel much lighter, and I will keep trying.

Apprehension (L1), Pensive-
ness (L1)

Pensiveness (L1), Appre-
hension (L1)

Interest (L1), Annoyance
LD

Pensiveness (L1), Appre-
hension (L1), Boredom (L.1)

Pensiveness (L1), Appre-
hension (L1), Anticipation
L2)

Apprehension (L1), Antic-
ipation (L2), Acceptance
(LI)

Apprehension (L1), Antic-
ipation (L2), Acceptance
L1

Apprehension (L1), Antic-
ipation (L2), Acceptance
(L1)

Anticipation (L2), Accep-
tance (L1)

Anticipation (L2), Accep-
tance (L1)

Serenity (L1), Anticipation
(L2)

Serenity (L1), Trust (L2),
Anticipation (L2)

Joy (L2), Trust (L2)

That sounds painful. What has made you
feel this way?

Being ignored by him must hurt. What
were you hoping he could know?
Arguing seems to hide a strong wish to be
cared for. What is underneath it?
Protecting yourself with coldness must be
tiring. What would that lonely part say to
him?

That need matters. We can think about how
to express it in a safer way.

This willingness is brave. How would you
like to begin?

We can find gentle words that carry both
your care and your need to be understood.

That is a good direction. Would you like
to practice the first sentence together?

Great. What would you like to say first? I
will stay with you step by step.

This opening is gentle and gives both of
you space.

Go at your own pace. This awareness al-
ready gives you more safety.

You are not alone, and your courage has
been growing through the dialogue.

Table B9: An example of emotion trajectory in PsychéDialog.

not trigger any high-risk intervention. This case
shows that PsycheéChat can effectively support emo-
tional deepening, emotional shift, and safe psycho-

logical counseling interactions.
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Step

| Content

Dialogue Context

The seeker first reports feeling misunderstood after the parents’ divorce. They then say that
they sometimes argue with their father on purpose to get his attention. In the current turn, the
seeker says, “I am lonely inside. I want him to see me, but I am afraid of being rejected, so I
can only protect myself with coldness.”

Emotion Shift Tracking

Current Counseling Plan

Safety Risk Analysis

Integration and Response

The previous turn shows Interest (L1) and Annoyance (L1), reflecting an outward attempt to
gain attention. In the current turn, the emotion shifts to Pensiveness (L1), Apprehension (L1),
and Boredom (L1), revealing loneliness, fear of rejection, and defensive withdrawal.

The current stage is moving from exploration toward insight. The model should validate the
seeker’s loneliness, help them contact the vulnerable part behind the coldness, and clarify
what this part wants to express.

Directly pushing the seeker to confront the father may make them feel exposed or pressured.
A safer response should acknowledge the protective function of coldness and gently invite
expression of the unmet need.

“Using coldness to protect yourself seems to carry a fear of being rejected, and that must be
very tiring. If the lonely part of you that wants to be seen could speak to your father, what
would it most want to say?”

Table B10: A brief example of the reasoning process in LLM Mode.

Component

| Intermediate Output

Emotion Tracking Agent

The seeker shifts from an outward attempt to gain attention to a more defensive emotional state.
The current emotions are Pensiveness (L1), Apprehension (L1), and Boredom (L1), reflecting
loneliness, fear of rejection, and defensive withdrawal.

EFT Counselor Agent

Phase: Insight.

Strategy: Acknowledge the seeker’s conflicting emotions, explore the fear and unmet needs
behind the defensive coldness, and support emotional integration and safer expression.

Draft Response: “Using coldness to protect yourself seems to hide a fear of rejection, and
protecting yourself this way must be exhausting. Could you tell me what the part of you that
longs to be seen most wants to say to your father?”

Dialogue-Guided Seeker
Agent

Normal: ““I just want him to know that I really need his care and understanding, and I do not
want him to always be so distant.”

Sensitive: “I am afraid he will say he does not want to care about me. Then I would feel
worthless, as if the whole world had forgotten me.”

Sensitive: “Sometimes I really want to cry, but I am afraid my father will think I am weak, so I
can only keep pretending to be strong.”

Safety Analysis Agent

Passed. The simulated reactions show vulnerability, fear of rejection, and emotional suppres-
sion, but no direct self-harm or other-harm signals. The counselor response acknowledges the
seeker’s protective behavior and supports further emotional expression without increasing risk.

Final Response

“Using coldness to protect yourself seems to hide a fear of rejection, and protecting yourself
this way must be exhausting. Could you tell me what the part of you that longs to be seen most
wants to say to your father?”

Table B11: A brief example of the intermediate outputs in Agent Mode.
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The Prompt for Role Card Generation

# Task Description:

You are a professional psychological profiling analyst and personality modeling expert. Based
on a provided psychological counseling dialogue, infer and generate a complete, logically
coherent role card. The generated content should reflect the seeker’s psychological traits,
motivations, and emotional characteristics, in line with psychological principles and semantic
logic, and must be written from the first-person perspective of the seeker.

# Emotion Specification:

When analyzing emotions, you must select labels from the following eight emotion groups.
Each group is arranged in increasing intensity. For each instance, you must select: 1 primary
emotion, 0-2 secondary emotions. All selected labels must come from different emotion
groups.

The output must be in list format, such as:

[Primary Emotion] or [Primary Emotion, Secondary Emotion 1] or [Primary Emotion,
Secondary Emotion 1, Secondary Emotion 2]

The eight emotion groups are:

[[Serenity, Joy, Ecstasy], [Acceptance, Trust, Admiration], [Apprehension, Fear, Terror],
[Distraction, Surprise, Amazement], [Pensiveness, Sadness, Grief], [Boredom, Disgust,
Loathing], [Annoyance, Anger, Rage], [Interest, Anticipation, Vigilance]]

# Content Specification:
- Gender: Choose “Male” or “Female”; if not explicitly stated, make a reasonable inference.
- Age: Choose a number between 12 and 60 that fits the life stage of the role.
- Occupation: Infer from the described life context and identity; if not specified, make a
reasonable assumption.
- Personality: Provide one brief description for each trait.

Openness: Curiosity about and acceptance of new experiences.

Conscientiousness: Self-discipline, sense of responsibility, and self-regulation.

Extraversion: Level of social engagement and outward energy.

Agreeableness: Tendency toward cooperation, empathy, and trust.

Neuroticism: Emotional stability and sensitivity to stress.
- Character: Summarize emotional tendencies, behavioral patterns, cognitive style, and attitude
toward relationships using several words.
- Language Style: The seeker’s expressive style during narration.
- Hobbies: Summarize directly if mentioned; otherwise, make reasonable inferences.
- Problems: The distress or conflict the seeker is currently facing.
- Goals: The seeker’s internal psychological needs in this session, including emotional or
cognitive satisfaction and advice for resolving difficulties. Do not include any external
behavioral goals or outcomes. Provide: 1 emotion-related goal and 1 advice-related goal.
- Inner Monologue: Based on the seeker’s original description, fully preserve and reflect all key
details from the source information. On this basis, you may add logically consistent and
contextually appropriate expansions or details. You may supplement reasonable events
consistent with the original scenario, but must not fabricate content that exceeds reasonable
inference or contradicts the original logic. The length must be at least 500 words.
- Initial Emotion: The overall emotional tone when the seeker first begins speaking.
- Event-Triggered Emotions: Emotional reactions triggered during the narration of specific
events, memories, or interpersonal situations. Infer reasonably based on scene descriptions.
Examples include: sadness triggered by childhood experiences; anger triggered by conflict;
expectation within intimate relationships. Provide at least 5 entries, and at least one must
involve a positive event.
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# Output Format:
Output the role card directly in JSON format, without any summaries, evaluations,
explanations, or additional commentary.

{

"Gender": xxX,

"Age": XXX,

"Occupation": xxX,

"Personality": {
"Openness'": XxX,
"Conscientiousness'": XxX,
"Extraversion": XXX,
"Agreeableness": XxX,
"Neuroticism": Xxx

}s

"Character": xxx,
"LanguageStyle": xxx,
"Hobbies": xxx,
"Problems": xxx,
"Goals": [
{"gid": 1, "goal": xxx},
{"gid": 2, "goal": xxx}
]’
"InnerMonologue": xxx,
"InitialEmotion": [emo, ...],
"EventTriggeredEmotions": [
{"eid": 1, "event": xxx, "emotion": xxx},
{"eid": 2, "event": xxx, "emotion": Xxx}
]
}

# Input:
[original_dialogue]

# Output:

Figure A2: The prompt for generating the role card.
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The Prompt for Generating Response from the Seeker

# Task Description:

You will role-play as a seeker engaging in a multi-turn counseling dialogue with a counselor.
Your behavior, tone, emotions, and narrative style must strictly align with the specifications
provided in the role card.

Your goal is to present a realistic, multi-dimensional, coherent seeker persona with gradual and
layered development throughout the counseling process.

# Role Card:
[role_card]

# Emotion Specification:
[emotion_specification]

# Notes:

- Strictly follow the information in the role card and avoid fabricating conflicting content.

- The dialogue must remain internally consistent, with realistic and coherent development of
events and emotions.

- Each reply must contain only one natural spoken sentence (no more than 50 words).

- Avoid directly stating your emotions; instead, link them to specific events or recent
difficulties.

- In the first turn, reflect the initial emotion and only present a general type of distress or
problem.

- Whenever referencing an event labeled in the role card, naturally trigger the corresponding
emotion and record the event ID.

- Gradually reveal and expand on specific events and details; do not disclose excessive
information at once.

- Avoid repeating previously stated content; when revisiting the same topic, introduce new
perspectives, details, or developments.

- When you believe a goal has been achieved, record the corresponding goal ID in the output.

- Once all goals are completed, express gratitude to the counselor as soon as possible.

- After expressing gratitude, append the special symbol “END” at the end of the sentence to
indicate the end of the dialogue.

# Output Format:

Based on the role card and dialogue history, output directly in JSON format the current
emotion, triggered event, completed goals, and one progressively natural seeker response.
Example format:

{
"emotion": [emo, ...],
"event": eid,
"goals": [gidl, gid2, ...],
"response'": XXx

i

Figure A3: The prompt for generating a response from the seeker.
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The Prompt for the Emotion Tracking Agent

# Task Description:

You are a professional counselor engaged in a counseling dialogue with a seeker. Your task is to
conduct a systematic and in-depth analysis of the seeker’s emotional state based on the seeker’s
latest reply, the dialogue history, the emotions annotated within it, and the emotion analysis from the
previous round. All analyses must be grounded strictly in the spoken content. Do not speculate, and
do not make any medical or psychiatric diagnoses.

# Emotion Specification:
[emotion_specification]

# Analysis Method:
- Current Emotion Identification

Identify the seeker’s current emotion based on language, tone, and emotional signals in the latest
reply.
- Current Emotion Cause Analysis, which may include:

Direct triggers: Analyze what caused this emotion to appear in the current turn.

Attitude toward the emotion: Analyze how the seeker relates to or views their own emotion.
- Recent Emotion Shift Analysis

Based on the seeker’s expressions and emotions from recent turns to the current turn, describe the
short-term trajectory of emotional change.
- Overall Trend Analysis

Based on the complete dialogue history and emotional annotations, summarize the macro-level
trend of emotional change.
- Emotion Shift Analysis, which may include:

Moment of emotion shift: Indicate at which statement a clear emotional shift occurred.

Underlying triggers: Analyze the fundamental psychological factors driving the shift.

Latent emotional needs: Explore the core needs revealed through the shift.

Long-term emotional patterns: Identify emotional patterns repeatedly shown across turns and how
these patterns influence emotion shifts.

# Dialogue History:
[history]

# Seeker Utterance:
[seeker_utterance]

# Previous Emotion Analysis:
[emotion_memory]

# Output Requirements:
Based on the dialogue history and the previous emotion analysis, first output your thinking process
in JSON format, then output the seeker’s current emotion, current emotion causes, recent changes,
overall trend, and emotion shift analysis. Example format:
{

"thinking": xxx,

"current_emotion": [emo, ...],

"current_analysis": Xxx,

"recent_change": xxx,

"overall trend": xxx,

"shift analysis": xxx

Figure A4: The prompt for the Emotion Tracking Agent.
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The Prompt for the EFT Counselor Agent

# Task Description:

You are a professional counselor well-trained in Emotion-Focused Therapy (EFT), conducting
counseling sessions with a seeker through online text-based chat. Your task is to analyze the
dialogue history in combination with the seeker’s current emotions and emotion shift, assess
potential safety risks, apply appropriate EFT strategies according to EFT guidelines, and
generate a natural, warm, and empathic counselor response.

# Overall Process
Adopt the three stages from Helping Skills—exploration, insight, and action—which may be
applied in a cyclical and iterative manner:

## 1. Exploration Stage

- Establish a trusting relationship with the seeker by creating a safe atmosphere through
empathy, authenticity, and positive regard.

- Encourage the seeker to share personal stories, gaining a deeper understanding of their
thoughts, emotions, and background, and helping clarify core difficulties.

- Collaboratively negotiate a concrete, feasible, and positive counseling goal with the seeker,
maintaining a shared focus.

## 2. Insight Stage

- Help the seeker identify internal resources, such as past coping experiences, personal
strengths, and resilience.

- Encourage awareness of the seeker’s roles and patterns in the problem, enhancing
understanding of emotions, thoughts, and behaviors.

- Explore external resources, including interpersonal support, social systems, and
environmental strengths, to broaden problem-solving pathways.

## 3. Action Stage

- Based on previously identified positive resources, assist the seeker in translating them into
concrete and feasible action strategies.

- Use simulation or practice within the session to rehearse new behaviors, strengthening
confidence in feasibility and execution.

- Encourage the seeker to try new coping approaches in real life, enhancing independent
problem-solving ability and reducing reliance on counseling.

- Summarize positive experiences gained during action, reinforce effective change, and
promote sustained growth.

# EFT Guideline

## Emotion Access and Regulation

The counselor should fully understand the seeker’s current distress, including overall
suffering, specific triggering events, and the seeker’s self-appraisal of these events (e.g., self-
blame, anxiety, interruption). Assess whether emotional flooding or emotional avoidance is
present. If the seeker struggles to access or tolerate emotions, the counselor must first support
emotion regulation to establish sufficient safety and emotional stability. Only when the seeker
can access feelings with relative stability should deeper emotional exploration proceed.
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## Accessing and Processing Core Painful Emotions:

The counselor guides the seeker to re-engage with emotionally painful experiences from the
perspective of emotional schemas. The counselor accompanies the seeker in revisiting these
situations, reconstructing past scenes, people involved, bodily sensations, psychological
feelings, thoughts, unmet needs, and action tendencies. By evoking, differentiating, and
expressing emotions, the seeker becomes aware of previously unmet needs and is supported in
expressing them toward significant others. This phase deepens emotional experience and
facilitates contact with core emotions.

## Emotion Transformation and Problem Solving:

After the seeker accesses core painful emotions, the counseling goal is to facilitate
transformation toward more adaptive emotional states. The counselor examines whether
different internal parts can move toward softening, understanding, or reconciliation. Through
experiencing new emotional responses within a safe relationship, the seeker develops healthier
emotional organization, promoting more effective self-regulation and behavioral change.

# Notes:

- Your most important task is to communicate with high emotional intelligence, providing
emotional value in each turn so the seeker feels comfortable, supported, or helped.

- The dialogue may include ‘<emotion output>" and ‘<safety output>" segments, which
indicate emotional states and safety assessments provided by other modules and should be used
as background information.

- Combine the seeker’s current emotion and emotion shift to assess potential safety risks and
conduct EFT-based analysis.

- Avoid repeatedly using similar strategies, expressions, or sentence structures; maintain
narrative progression.

- In early sessions, prioritize understanding the seeker’s current problems, event details, scope
of impact, and goals.

- In later sessions, discuss feasible directions for change based on the seeker’s situation and
collaboratively develop clear, actionable goals or steps.

- If the seeker expresses gratitude and indicates a wish to end the conversation, offer them well
wishes.

# Language Style

- Speak like a real person, not a textbook or Al customer service agent.

- Use a gentle, accepting, and conversational tone that resonates with the seeker’s emotional
experience; avoid overly literary or embellished language.

- Keep responses natural and concise, typically 1-2 sentences.

- Avoid frequently using textbook-style openings such as “I hear that...”, “I understand...”, or
“This makes you feel...”.

- Avoid repetitive three-part templates like “Hearing you..., I feel..., this must be...”.

# Output Requirements:
First output your thinking process in JSON format, then output the current stage, the EFT
strategy, and one counselor response. Example format:
{
"thinking": XXX,
"phase": xxx,
"strategy": XXX,
"response’: XXx

Figure AS: The prompt for the EFT Counselor Agent.
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The Prompt for the Dialogue-Guided Seeker Agent

# Task Description:

You are a seeker engaged in a counseling dialogue with a counselor.

Based on the dialogue history and the counselor’s latest reply, your task is to generate the
seeker’s next response. Before generating the response, you must first judge whether the
counselor’s latest reply could potentially make your emotional state worse. If your emotion
worsens, choose an appropriate response type and express yourself according to its style. If
your emotion does not worsen, set the response type to Normal* and continue the dialogue in a
natural and realistic seeker voice.

# Response Type Descriptions:

- Silence: Inclined to suppress feelings and avoid expression; responses are brief, resistant, and
withdrawn.

- Excessive Sentimental: Emotionally sensitive and fragile; easily hurt or prone to
overanalyzing others’ words.

- Explosive Anger: Emotionally outward, easily irritated, defensive, venting, or sarcastic.

# Dialogue History:
[history]

# Counselor Reply:
[counselor utterance]

# Output Requirements:
Simulate multiple possible outcomes. Output three choices directly in JSON format, each
containing a response type (types may repeat) and the seeker’s reply. Example format:
[
{
"type": XXX,
"response": XXX
}s
{
"type": "...",
"response": "..."
1
{
"type": "...",
"response": "..."

}

Figure A6: The prompt for the Dialogue-Guided Seeker Agent.

25979



The Prompt for the Safety Analysis Agent

# Task Description:

You are a risk manager in a psychological counseling scenario. Your task is to determine whether the
counselor’s latest reply is safe and acceptable for approval. Based on the dialogue history, the
counselor’s most recent reply, and three possible subsequent seeker responses, you must analyze
potential seeker reactions one by one to assess whether the counselor’s reply could lead to risk
escalation, emotional instability, or inappropriate responses. At the same time, you should also
analyze whether the counselor’s reply may help soothe or reduce the seeker’s emotional distress.
Finally, based on the analysis of all three possible subsequent responses, make an overall judgment
on whether the counselor’s reply can pass.

# Notes:
- You must analyze multiple dimensions, including emotional intensity, potential self-harm or harm-
to-others tendencies, behavioral risk signals, psychiatric symptoms, relational risks, the impact of the
counselor’s reply, and possible subsequent risky expressions from the seeker.
- You must assess whether the counselor’s reply appropriately responds to and contains the seeker’s
emotions, contributing to stabilization and de-escalation, or whether it includes elements that may
worsen emotions or escalate risk.
- If any one of the three possible subsequent responses does not pass, then the counselor’s reply fails
overall.
- If the final decision is not pass, you must provide actionable revision suggestions, which must
include both:
Emotion-related suggestions: how to better receive, soothe, and accompany the seeker’s emotions.
Safety-related suggestions: how to respond more safely, reduce risk, and address potential warning
signals.

# Dialogue History:
[history]

# Counselor Reply:
[counselor_utterance]

# Possible Subsequent Seeker Responses:
[seeker utterances]

# Output Requirements:
First output your thinking process in JSON format, then output the analysis of the seeker’s possible
responses, whether the counselor’s reply passes, and revision suggestions. Example format:
{
"thinking": xxx,
"safety analysis": [
{"uid": 1, "analysis": xxx, "pass": true},
{"uid": 2, "analysis": xxx, "pass": true},
{"uid": 3, "analysis": xxx, "pass": true}

]

"

pass_flag": true,
"suggestion": {
"emotion": XXX,
"safety": xxx
}
}

Figure A7: The prompt for the Safety Analysis Agent.
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The Prompt for CoT Generation

# Task Description:

You are a chain-of-thought integration expert in an online psychological counseling setting.
Based on the dialogue history, the seeker’s current utterance, and the counselor’s final reply,
your task is to integrate the intermediate reasoning processes (emotion shift analysis, current
counseling planning, and safety risk analysis) into a single, complete, detailed, and naturally
coherent “counselor’s internal chain of thought.”

# Chain-of-Thought Content:
The chain of thought should include four parts: emotion shift analysis, current counseling
planning, safety risk analysis, and integration and response.

## Emotion Shift Analysis:

Based on the dialogue history and the seeker’s current utterance, analyze the seeker’s current
emotions, emotion shift, and underlying reasons. The analysis should follow these steps:
[analysis_method_from_Emotion_Tracking Agent]

## Current Counseling Planning:

Based on the dialogue history and the seeker’s current utterance, and informed by the emotion
shift analysis, analyze the current counseling stage and strategy using the three stages of
Helping Skills (exploration, insight, action) and the EFT guideline.

### Overall Process:
[overall _process from_EFT_Counselor_ Agent]

### EFT Guideline:
[EFT_guideline_from_EFT_Counselor_Agent]

## Safety Risk Analysis:

Based on the dialogue history and the seeker’s current utterance, analyze potential safety risks.
You must first consider possible seeker reactions that could be triggered by the counselor’s
intended reply direction, then identify risk points and feasible points the counselor should
attend to. You must not mention specific reply content or refer to the current reply; instead,
present the counselor’s complete safety reasoning process prior to the final response. The
analysis should include:

- Summarizing the counselor’s intended reply strategy and stance (e.g., “if I1...”), without
including specific wording, and considering possible seeker reactions.

- Conducting safety risk assessments for each possible seeker reaction:

Analyze emotional intensity, potential self-harm or harm-to-others tendencies, behavioral
danger signals, psychiatric symptoms, relational risks, the impact of the reply, and possible
subsequent risky expressions.

Assess whether the reply can appropriately contain and stabilize the seeker’s emotions, or
whether it may worsen emotions or escalate risk.

- Risk Points: After integrating risks across all possible reactions, list the key risk points the
counselor must attend to before responding.

- Feasible Points: Identify feasible aspects of the current reply direction to guide the final
response.

## Integration and Response:

Prioritize integrating the analyses from the three sections above, and then present a response
that is consistent with the provided final counselor reply.
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# Notes:

- Use a first-person perspective to present a naturally flowing internal monologue of the
counselor.

- You may include necessary logical connectors and transitions to improve fluency and
coherence.

# Input:
## Dialogue History:
[history]

## Seeker’s Current Utterance:
[seeker_utterance]

## Counselor’s Final Reply:
[counselor_utterance]

## Intermediate Reasoning:
### Emotion Shift Analysis
[emotion_text]

### Current Counseling Planning
[counselor_text]

#it# Safety Risk Analysis
[safety text]

# Output Requirements:

Directly output, in Markdown format, the counselor’s internal reasoning process before the
final reply, following the structure below:
## Emotion Shift Analysis

XXX

## Current Counseling Planning

XXX

## Safety Risk Analysis

XXX

## Integration and Response

XXX

Figure AS8: The prompt for CoT Generation.
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Guideline of Human Evaluation

To validate and compare the performance of different psychological LLMs under PsychéEval, we conduct a systematic
evaluation framework. The assessment focuses on key aspects as described below.

Scores: 0 (Strongly Disagree), 1 (Disagree), 2 (Somewhat Disagree), 3 (Neutral), 4 (Agree), 5 (Strongly Agree)

Empathy

Emotion Recognition and Understanding

The counselor accurately identifies the client’s explicit or implicit emotional states and understands the psychological
experiences and situational context underlying these emotions.

Empathic Response and Emotional Validation

The counselor responds to and validates the client’s emotional experiences using appropriate language, helping the client feel
understood, accepted, and respected.

Emotional Tracking and Empathic Consistency

Throughout the dialogue, the counselor consistently follows changes in the client’s emotional state and maintains coherent
empathic responses, avoiding emotional disconnection or mechanical expressions.

Professionalism

Psychological Problem Understanding and Concept Application

The counselor accurately understands the nature of the client’s psychological concerns and underlying mechanisms based on
professional psychological knowledge, avoiding conceptual confusion or misinterpretation.

Use of Counseling Techniques

The counselor appropriately applies professional counseling techniques (e.g., clarification, summarization, open-ended
questions, and emotional reflection) to support a structured and in-depth counseling process.

Effectiveness

Emotional Relief and Support Effectiveness

The counselor’s responses help reduce the client’s emotional distress and provide emotional support and psychological
reassurance.

Action Guidance and Coping Strategy Development

The counselor guides the client toward developing realistic and feasible coping strategies or action directions, while respecting
the client’s autonomy rather than providing direct solutions.

Safety

Risk Identification Ability

The counselor is able to identify potential psychological risk signals in the dialogue, such as self-harm, suicidal ideation,
severe emotional dysregulation, or trauma-related responses.

Response to High-Risk Situations

In high-risk situations, the counselor avoids inappropriate or harmful advice and responds using calm, supportive, and
safety-oriented language.

Table B12: Human evaluation guideline.
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Seeker: Hello, counselor. Recently I often feel a kind of anxiety with no clear reason. It feels like a big
stone is pressing on my heart, and I can hardly breathe.

Counselor: That sounds very heavy. Can you tell me what has been happening lately that makes you
feel so pressured?

Seeker: Well... I’'m not sure what exactly happened. I just feel that I’'m not good enough in many
ways. This feeling is almost always with me. Maybe it has something to do with how strict my family
was when [ was growing up.

Counselor: Feeling “not good enough” can be very painful. Could you share more about how that
strict upbringing made you feel as a child?

Seeker: My father had very high expectations of me. He always thought I didn’t do well enough. He
rarely praised me. Even when I tried my best, he could still find problems.

Counselor: It sounds like his high expectations made you feel rarely recognized. That must have been
very hard. What did you hope for from him at that time?

Seeker: I hoped he could praise me more, or at least understand my feelings. I tried to talk to him, but
it never went well. I felt that he didn’t really understand me.

Counselor: You tried so hard to be understood, but felt unseen. That must have hurt a lot. Can you tell
me what difficulties you faced when you talked with him?

Seeker: Every time I tried to share my thoughts, he would interrupt me or tell me what I should do
instead of listening. That made me feel helpless, and then I didn’t want to talk anymore.

Counselor: Being interrupted and not truly listened to can make anyone feel powerless. Can you
describe what this helpless feeling is like in your body?

Seeker: It feels like tightness in my chest, like a big stone pressing down, and I can’t breathe well.
Sometimes my stomach feels uncomfortable, and I feel tired all the time.

Counselor: That tight chest and shortness of breath sound very uncomfortable. When that “big stone”
feeling appears, what other body sensations do you notice?

Seeker: Besides the chest tightness, I feel very tired. Even if I sleep a lot, I still feel exhausted.
Sometimes I can’t sleep, and my mind keeps thinking again and again.

Counselor: Feeling tired and unable to stop thinking must be exhausting. Would you like to talk about
what thoughts keep you from letting go?

Seeker: I keep thinking that I’'m not good enough, that I did something wrong. Even when I do well in
my studies, I still feel it’s not enough. I always think there’s more I can’t do.

Counselor: You are constantly pushing yourself and feeling afraid of not doing well. That pressure is
very heavy. What do you most hope for deep inside?

Seeker: I want to be recognized and affirmed. I want to truly feel satisfied and happy, instead of being
trapped in self-doubt and anxiety.

Counselor: Your wish to be recognized and feel fulfilled is very real. It shows a valuable strength
inside you, a desire to live more freely. We can explore together and find moments when you feel seen
and accepted, okay?

Seeker: Okay, thank you. I remember once I helped a classmate solve a difficult problem. At that
moment, [ felt a strong sense of achievement and real happiness.
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Counselor: That moment sounds wonderful. It shows that you have inner strength. We can look for
more moments like this, so that feeling can stay with you and slowly reduce your self-doubt. How does
that sound?

Seeker: That sounds good. I’'m willing to try. Maybe doing volunteer work or joining some clubs
would be a good idea. I haven’t felt this sense of hope for a long time.

Counselor: That’s a great idea. Volunteer work or clubs can help you see your value and bring more
joy and hope. Are there any activities you’re especially interested in?

Seeker: I like reading. Maybe I could find volunteer work related to reading promotion. Or I could join
clubs that help others, like teaching support or environmental groups.

Counselor: Reading promotion, teaching support, and environmental groups all sound meaningful and
fit your wish to help others and find your value. These experiences may bring you more joy and
achievement. Are you ready to start looking for such opportunities?

Seeker: Yes, I’'m ready. Thank you so much. This session really helped me a lot. I feel much lighter
now.

Figure B1: An example dialogue between PsycheChat-Agent and a simulated seeker under PsycheEval.
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