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Abstract
The growing demand for psychological support underscores
the lack of high-quality counseling dialogue datasets, par-
ticularly in non-English contexts. We propose PGSim, a
Path-Guided Simulation framework that mirrors real counsel-
ing processes—symptom description, problem identification,
cause analysis, strategy planning, and iterative adjustment.
PGSim models each user scenario as a fine-grained quadruple
{Group, Psychological Problem, Problem Cause, Support Fo-
cus} and guides dialogue generation through expert-annotated
strategy paths. Real counseling dialogues and expert-edited
samples are used to fine-tune two language models: a Dialog
Generator for strategy-aligned dialogue creation and a Dia-
log Modifier for expert-level refinement. After automated and
human verification, we construct the Chinese Psychological
support Dialogue Dataset (CPsDD), containing 68K dialogues
across 13 groups, 16 problems, 13 causes, and 12 support fo-
cuses. We further present the Comprehensive Agent Dialogue
Support System (CADSS), which integrates profiling, sum-
marization, strategy planning, and empathetic response. Ex-
periments on CPsDD and ESConv demonstrate that CADSS
achieves state-of-the-art results on Strategy Prediction and
Emotional Support Conversation tasks.

Code, Prompt, Dataset, and Case Study —
https://github.com/FakerBoom/CPsDD

Introduction
Modern societal pressures have sharply increased the de-
mand for psychological support, particularly via dialogue
systems (Divya, Valsaraj, and Al Harthy 2022). Such systems
show promise in applications like emotional counseling, cus-
tomer service, and social media (Zhou et al. 2020). The Emo-
tional Support Conversation (ESC) task has thus emerged,
aiming to help users manage emotional distress (Peng et al.
2022). However, due to privacy concerns and the high cost
of manual data collection, ESC datasets remain extremely
scarce (Liu et al. 2021), especially in the Chinese context.

Large Language Models (LLMs) demonstrate strong capa-
bilities in providing empathetic responses (Sorin, Brin et al.
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Figure 1: An example from CPsDD dataset.

2024). However, in the context of psychological counseling,
their replies often remain lengthy, generic, and lacking in
contextual empathy or actionable support (Wang et al. 2024).
Existing Chinese psychological dialogue datasets are limited
in either annotation scope (e.g., only labeling topic or psy-
chological problem) or scenario diversity. To address these
limitations, we propose PGSim, a Path-Guided Simulation
framework that mimics real-world psychological counseling
workflows. As shown in Figure 1, each dialogue is guided by
a strategy path, composed of expert-defined response strate-
gies such as ”Comforting and Encouraging” or ”Guiding
Question”, and grounded in a fine-grained user scenario—a
structured quadruple {Group, Psychological Problem, Prob-
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Figure 2: Overview of Path-Guided Simulation framework (PGSim).

lem Cause, Support Focus}.
Based on this design, we collect expert-annotated real

counseling dialogues and their strategy paths. Using GPT-4o
with Chain-of-Thought (CoT) prompting, we simulate new
dialogues aligned with similar scenarios and paths. These
are refined by psychological experts and used to fine-tune
a Dialog Modifier that learns expert-level revision abilities.
Together with the original data, they form seed data for fine-
tuning a Dialog Generator to produce realistic and strategy-
aligned dialogues. All generated data are then reviewed by
both LLMs and human annotators to ensure quality. Com-
pared with previous simulation frameworks (He et al. 2024;
Ye et al. 2024), PGSim achieves structured, strategy-aware
generation with scenario-level control, greatly improving
controllability and realism.

We construct the Chinese Psychological support Dialogue
Dataset (CPsDD), containing 68,136 dialogues across 13
groups, 16 psychological problems, 13 causes, and 12 sup-
port focuses. Each dialogue is annotated with its strat-
egy path, user scenario, and the assessed severity change.
Building on CPsDD, we develop the Comprehensive Agent
Dialogue Support System (CADSS), which integrates four
agents—Profiler, Summarizer, Planner, and Supporter. Ex-
periments demonstrate that CADSS achieves state-of-the-art
(SOTA) performance on both Strategy Prediction (SP) and
Emotional Support Conversation (ESC) tasks across Chinese
(CPsDD) and English (ESConv) datasets, showing strong
bilingual generalization.
Our main contributions are as follows:

• We propose PGSim, a Path-Guided Simulation frame-

work that mimics real-world psychological counseling by
introducing structured strategy paths and fine-grained user
scenarios for controllable, high-quality dialogue genera-
tion with expert-level refinement.

• We construct CPsDD, the first large-scale Chinese psycho-
logical support dataset covering comprehensive strategies
and scenarios, and present CADSS, a multi-agent sys-
tem integrating profiling, planning, summarization, and
empathetic response.

• Extensive experiments show that CADSS achieves SOTA
on SP and ESC tasks across CPsDD and ESConv, verify-
ing its effectiveness and cross-lingual generalization.

Related Work
Psychological support chatbots and datasets have recently gar-
nered growing attention. Early studies explored online men-
tal health consultations using open-domain dialogues (Raz-
zaque and Stockmann 2016), with chatbots integrating natu-
ral language understanding and multimodal emotion recog-
nition (Oh et al. 2017), or assisting in the diagnosis and
treatment of depression and anxiety (Vaidyam et al. 2019).

With AI advancements, more sophisticated LLM-based
systems have emerged. PsyChatbot (Chen et al. 2024)
adopted a retrieval-based QA model under the CBT frame-
work. SoulChat (Chen et al. 2023) and EmoLLM (Liu et al.
2024b) focused on enhancing LLMs’ empathy and emotional
reasoning. Other efforts addressed privacy (Lee, Lee, and Lee
2024) and the feasibility of AI support (Casu et al. 2024).

However, psychological dialogue datasets remain limited
due to privacy and collection difficulties. EmpatheticDia-
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Figure 3: List and average frequency of strategies.

logues (Rashkin 2018), ESConv (Liu et al. 2021), and ES-
CoT (Zhang et al. 2024b) focus on emotional support and
strategy learning. ServeForEmo (Ye et al. 2024) utilizes
LLMs for automatic dialogue generation. In the Chinese
domain, while PsyQA (Sun et al. 2021), SmileChat (Qiu,
He et al. 2024), CPsyCounD (Zhang et al. 2024a), and Psy-
Chat (Li et al. 2023) offer valuable resources, they often lack
multi-turn realism or fine-grained annotations.

Building on this, we propose CPsDD, a large-scale Chinese
psychological support dialogue dataset with diverse scenarios
and strategies, and develop CADSS, a multi-agent system
aligned with real-world counseling workflows.

Path-Guided Simulation Framework
Preparation Phase
Definition of Scenario and Path As illustrated in Figure 2,
we define the core components of a psychological support
scenario. To mirror real counseling workflows—where clients
describe symptoms, counselors identify problems and causes,
and propose targeted strategies—we represent each scenario
as a fine-grained quadruple: {Group, Psychological Problem,
Problem Cause, Support Focus}. This structure aligns with
actual clinical practice and ensures semantic diversity.

The taxonomy of these components is developed with three
certified psychological experts (Shek 2002; Xiao et al. 2013;
Pan, Wang, and Derakhshan 2023) experienced in counsel-
ing across schools, prisons, and hospitals. We define 13 user
groups, 16 problems, 13 causes, and 12 support focuses (see
Figure 4). This diversity enables realistic simulations, as
identical problems (e.g., depression) may arise from different
causes, requiring distinct strategies. Moreover, counseling
approaches can vary across user groups (e.g., children vs.
prisoners). Our schema captures such subtle variations, al-
lowing flexible and fine-grained scenario generation.

To guide dialogue progression, we define a structured
path—an ordered sequence of system response strategies and
user replies. Each system turn follows a chosen strategy re-
flecting its support intention. As shown in Figure 3, we define

nine common strategies from expert experience, including
comforting, guiding, and multiple recommendation types
(e.g., books, movies, music), supported by psychological re-
search on the therapeutic value of artistic media (Shechtman
2008; Young 2012; Bradt and Dileo 2014).

Collection of Initial Data To establish the seed data for
simulation, we collect 130 real-world Chinese psychological
counseling dialogues, provided by licensed experts. All data
are anonymized and released with informed consent. Each di-
alogue is annotated with its scenario quadruple and complete
strategy path, ensuring consistent mapping between user con-
ditions and support strategies. These annotated samples not
only serve as high-quality training references but also ground
the initial fine-tuning of our Generator and Modifier.

Auxiliary Work
Preparing Seed Data After preparing the initial data, we
generate a large pool of scenarios to bootstrap large-scale
generation. A Random Module samples 200K user scenar-
ios by selecting one user group and randomly combining
1–3 psychological problems, causes, and support focuses
from the predefined taxonomy. We employ GLM4-9B (GLM
et al. 2024), Qwen2.5-7B (Yang et al. 2024), and DeepSeek-
R1 (Liu et al. 2024a) to filter out implausible or inconsistent
cases, yielding 135K valid and diverse scenarios.

To ensure coverage across groups, 20 validated scenarios
per group are selected, and similar expert-annotated dialogues
and paths are retrieved as few-shot examples. These are orga-
nized into CoT prompts to guide GPT-4o in generating new
dialogues conditioned on both scenario and dialogue path.

To ensure counseling quality, each GPT-generated dia-
logue is reviewed and refined by domain experts assigned by
context (e.g., school psychologists for student cases, forensic
counselors for prison samples). This targeted review main-
tains contextual accuracy while reducing expert workload.
The expert-revised dialogues and initial annotated samples
together form the complete Seed Data.

Finetuning Dialog Modifier We fine-tune Qwen2.5-7B
using Low-Rank Adaptation (LoRA) (Hu et al. 2021) on GPT-
generated and expert-revised dialogue pairs. The Modifier
refines machine-generated dialogues to enhance relevance
and clinical accuracy.

Dataset Construction
Finetuning Dialog Generator We fine-tune GLM4-9B on
the Seed Data using LoRA, obtaining a Dialog Generator
that produces high-quality psychological support dialogues
based on scenarios and strategy paths. Each sample contains a
scenario quadruple and its dialogue path, enabling the model
to learn both strategic control and semantic coherence.

Generation of Dialogues To scale up generation, we ran-
domly sample validated scenarios. For each scenario, similar
expert-reviewed samples from the Seed Data are retrieved to
construct CoT prompts. GPT-4o simulates a suitable strategy
path, which, together with the scenario and retrieved exam-
ples, is fed into the Dialog Generator, yielding about 135K
raw dialogues aligned with structured scenarios and paths.
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(a) Distribution of in CPsDD. (b) Frequency of psychological problems.

(c) Frequency of problem causes. (d) Frequency of psychological support focuses.

Figure 4: The frequency distribution of groups, problems, causes, and focuses in CPsDD.

Filtering with Automatic and Manual Review A multi-
stage review pipeline ensures data quality. First, all dialogues
are refined by the Dialog Modifier and those with fewer than

10 utterances are removed. GPT-4o then serves as an LLM
Reviewer to score emotional effectiveness, coherence, and
scenario consistency (1–10 scale). In the first round, 32K low-
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Datasets Size Utts. (System/User) #Utt.len (System/User) S G P C F Language
ESConv 1.3K 29.3K (14.6K/14.6K) 21.17 (19.90/22.45) ✓ × ✓ ✓ × EN
ServeForEmo 3.8K 62.9K (30.7K/32.1K) 17.97 (15.25/20.56) ✓ ✓ ✓ ✓ × EN
SmileChat 55.2K 628.3K(318.2K/310.1K) 81.29(56.90/106.32) × × ✓ × × ZH
SoulChat 258.4K 3.0M(1.5M/1.5M) 65.61(89.98/41.41) × × ✓ × × ZH
CPsyCounD 3.1K 48.9K(24.4K/24.4K) 44.84(56.02/33.67) × × ✓ × × ZH
PsyDTCorpus 5K 84.0K(42.0K/42.0K) 45.01(55.72/34.30) × × ✓ × × ZH
CPsDD(ours) 68.1K 1.3M(0.7M/0.6M) 61.01(83.25/32.04) ✓ ✓ ✓ ✓ ✓ ZH

Table 1: Overall statistical comparison. Utts. represents utterances, # denotes the average, and S,G,P,C,F represents Strategy,
Group, Problem, Cause, and Support Focus, respectively.

Figure 5: Degrees of relief of psychological problems.

quality samples (score ≤ 6) are discarded, 38K high-quality
ones (score ≥ 9) retained, and 65K mid-range dialogues
(score 7–8) revised using Reviewer feedback and reprocessed
by the Modifier. A second round of LLM review follows:
samples scoring below 7 are discarded, 9–10 retained, and
those scoring 8 sent to domain experts for manual refinement.
Expert-revised dialogues are re-evaluated, and only those
scoring ≥ 9 in the final round are preserved.

Combined with the Seed Data, CPsDD contains 68K high-
quality, scenario-rich psychological support dialogues.

CPsDD Dataset
Data Statistics and Analysis
Dataset Comparison Table 1 compares CPsDD with major
psychological dialogue datasets in both English and Chinese.
CPsDD surpasses English datasets such as ESConv (Liu et al.
2021) and ServeForEmo (Ye et al. 2024) in scale and utter-
ances, offering more comprehensive and emotionally sup-
portive responses. Compared with recent Chinese datasets
including SmileChat (Qiu, He et al. 2024), SoulChat (Chen
et al. 2023), CPsyCounD (Zhang et al. 2024a), and PsyDT-
Corpus (Xie et al. 2024), CPsDD achieves competitive scale
and richer content. Moreover, it provides the most compre-
hensive label coverage—Strategy, Group, Problem, Cause,
and Support Focus—capturing the full spectrum of psycho-
logical support strategies and user needs, which makes it
particularly suitable for training dialogue systems.

Figure 6: Human evaluations of different methods.

Data Distribution CPsDD covers 13 user groups (Fig-
ure 4a), with Parents most and Drug Addicts least represented.
Figures 4b–4d show the frequency of Problems, Causes, and
Support Focuses. Anxiety, Loneliness, Depression, and Low
Self-esteem are most prevalent, while Childhood Trauma,
Social Pressure, Academic Pressure, and Family Issues dom-
inate as causes. Support mainly centers on Parent–child re-
lationships and Sense of security, reflecting current societal
trends. Figure 3 presents the average frequency of response
strategies, where Comforting and Encouraging occur most
often as key elements of psychological support.

Psychological Support Effectiveness We employ GPT-4o-
mini as a Judger to evaluate users’ psychological severity
based on the first three and last user utterances. As shown in
Figure 5, most users’ negative emotions are alleviated after
counseling, with many showing mild improvement and some
nearly recovered. On average, emotional severity decreases
by at least two levels, indicating that dialogues in CPsDD
effectively deliver psychological support.

Human Evaluation
We randomly select 100 CPsDD samples and use GPT-4o
and SweetieChat (Ye et al. 2024) to generate comparable
dialogues. 50 Chinese undergraduates rate the dialogues (1–5
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Models ACC↑ PPL↓ B-1↑ B-2↑ B-3↑ B-4↑ D-1↑ D-2↑ D-3↑ R-L↑ L-R
Qwen2.5(Yang et al. 2024) 26.01 26.59 20.27 7.97 4.51 2.82 81.83 98.71 99.75 19.19 1.12
DeepSeek-R1(Liu et al. 2024a) 27.78 - 18.92 6.77 3.51 1.74 75.68 97.96 99.85 18.52 3.23
GPT-4o 33.17 - 21.26 7.33 3.44 1.87 74.31 98.69 99.89 17.93 1.83
CKPI(Hao and Kong 2025) 47.93 22.76 35.82 26.47 20.62 14.92 48.48 87.53 95.35 25.19 0.63
SoulChat(Chen et al. 2023) - 25.93 20.86 7.82 4.00 2.33 78.17 98.34 99.68 19.47 1.10
MeChat(Qiu, He et al. 2024) - 23.59 19.86 7.42 3.99 2.43 80.35 98.60 99.78 19.25 1.03
PsyChat(Qiu et al. 2024) - 20.85 18.29 6.09 2.86 1.62 76.20 97.30 99.10 17.76 1.16
MindChat(Xin Yan 2023) - 12.79 20.32 8.18 4.53 2.77 74.42 97.05 99.14 19.64 1.43
EmoLLM(Liu et al. 2024b) - 14.09 20.90 9.71 5.53 3.31 72.29 97.82 99.54 21.48 2.51
CPsyCounX(Zhang et al. 2024a) - 13.17 20.59 8.51 4.57 2.73 78.54 97.87 99.49 19.41 1.34
PsyDTLLM(Xie et al. 2024) - 29.93 19.62 7.10 3.51 2.06 82.49 98.91 99.87 19.14 1.13
CADSS(ours) 80.98 21.57 37.08 26.50 20.47 16.54 81.92 98.92 99.90 37.97 1.00
w/o planner - 21.05 25.82 13.80 9.66 7.25 80.89 99.05 99.87 25.71 1.08
w/o summarizer 80.91 21.99 36.22 24.87 19.63 16.04 81.46 98.87 99.83 37.72 0.96
w/o profiler 79.68 21.87 36.57 25.11 20.06 16.26 81.43 98.88 99.84 37.75 0.99
w/o planner&summarizer - 22.19 25.40 13.31 9.24 6.87 81.15 99.07 99.87 25.26 1.08
w/o planner&profiler - 21.87 25.69 13.79 9.67 7.29 80.54 98.97 99.84 25.79 1.12
w/o summarizer&profiler 79.75 21.84 36.16 24.80 19.56 15.97 81.24 98.86 99.83 37.57 0.97
w/o all - 23.77 25.19 13.10 9.11 6.79 80.91 99.04 99.84 24.93 1.09

Table 2: Overall experimental results of different models on the SP and ESC tasks on CPsDD dataset.

Figure 7: CADSS framework. Solid lines denote data for
fine-tuning; dashed lines denote inputs during deployment.

scale) across seven dimensions: Helpfulness, Understand-
ing, Consistency, Coherence, Informativeness, Empathy, and
Overall Quality. As shown in Figure 6, PGSim-generated
dialogues are more coherent, contextually consistent, and
helpful. Although SweetieChat scores higher in informative-
ness and empathy, CPsDD achieves the best overall rating
due to its balanced structure and realistic interaction flow.

CADSS Multi-Agent System
We design the Comprehensive Agent Dialogue Support Sys-
tem (CADSS), a modular multi-agent framework (Figure 7),
to deliver personalized and emotionally attuned psycholog-
ical support. Inspired by the cognitive workflow of profes-
sional counselors, CADSS decomposes the support process
into distinct functional roles.

CADSS consists of four collaborative agents: Profiler

analyzes previous utterances to extract structured features,
guiding subsequent agents with personalized information.
Summarizer uses in-context prompting to condense the dia-
logue history and infer the client’s psychological state (emo-
tion, intent, and distress signals), enabling the system to track
longitudinal shifts and contextual nuance. Planner predicts
the next response strategy from a predefined taxonomy, con-
ditioned on the context and user profile, thus ensuring struc-
tured intervention via strategy-path reasoning. Supporter
generates empathetic, psychologically grounded responses
aligned with the predicted strategy and user context, offering
comfort, insight, or actionable guidance.

All agents are implemented based on Qwen2.5-7B, with
the exception of the Summarizer, which operates via zero-
shot prompting for efficiency. This multi-agent design mirrors
real-world counseling workflows (diagnosis, planning, sup-
port) and facilitates component-wise finetuning, targeted eval-
uation, and future extensibility (e.g., integrating retrieval).

Experiments
Experimental Setup
We evaluate CADSS on both the CPsDD and ESConv
datasets for SP and ESC tasks. The data is consistently split
into an 8:1:1 ratio (train:dev:test) to fine-tune all agents. This
unified multilingual setup promotes robust cross-lingual gen-
eralization. We compare CADSS with a range of strong base-
lines, including specialized mental health LLMs (Table 2).

For evaluation, we report: strategy accuracy (ACC), per-
plexity (PPL) (Brown et al. 1992), BLEU-n (B-n) (Pap-
ineni et al. 2002), ROUGE-L (R-L) (Lin 2004), Distinct-n
(D-n) (Li et al. 2015), and Length-Ratio (L-R) (Tian et al.
2017) to assess generation quality, diversity, and verbosity.

Experimental Results
Overall Results As shown in Tables 2 and 3, CADSS
achieves SOTA performance across CPsDD and ESConv
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Models ACC↑ PPL↓ B-1↑ B-2↑ B-3↑ B-4↑ D-1↑ D-2↑ R-L↑
BlenderBot-Joint(Liu et al. 2021) 17.69 17.39 18.78 7.02 3.20 1.63 2.96 17.87 14.92
GLHG(Peng et al. 2022) - 15.67 19.66 7.57 3.74 2.13 3.50 21.61 16.37
MISC(Tu et al. 2022) 31.67 16.27 16.31 7.31 3.26 2.20 4.62 20.17 17.51
KEMI(Deng et al. 2023) - 15.92 - 8.31 - 2.51 - - 17.05
TransESC(Zhao et al. 2023) 34.71 15.82 17.92 7.64 4.01 2.43 4.73 20.48 17.51
PAL(Cheng et al. 2023) 34.51 15.92 - 8.75 - 2.66 5.00 30.27 18.06
CKPI(Hao and Kong 2025) 35.51 14.88 21.38 9.27 4.93 2.92 4.88 25.95 18.87
Qwen2.5(Yang et al. 2024) 14.11 40.60 9.45 5.99 4.32 3.26 7.22 22.42 9.27
DeepSeek-R1(Liu et al. 2024a) 16.72 - 10.96 6.13 3.86 2.47 6.69 19.47 7.13
GPT-4o 23.72 - 15.42 7.08 5.15 3.87 8.43 29.61 9.96
CADSS(ours) 46.26 30.14 27.54 15.06 10.05 5.64 8.88 32.49 16.57
w/o planner - 31.81 26.05 13.47 8.74 4.61 8.54 31.87 15.91
w/o summarizer 45.64 33.11 26.99 14.73 9.78 5.40 8.65 31.28 16.31
w/o profiler 45.57 35.51 27.17 14.80 9.84 5.45 8.71 31.81 16.30
w/o planner&summarizer - 38.65 25.77 13.51 8.79 4.62 8.54 30.00 16.59
w/o planner&profiler - 39.73 25.72 13.50 8.78 4.59 8.54 29.66 16.51
w/o summarizer&profiler 45.53 35.50 27.07 14.73 9.76 5.37 8.66 31.46 16.29
w/o all - 33.36 25.54 13.25 8.54 5.41 8.56 30.05 16.29

Table 3: Overall experimental results on the SP and ESC tasks on the ESConv dataset.

Models Helpfulness Understanding Consistency Coherence Informativeness Empathy Overall
GPT-4o 18 16 16 8 25 17 17
CKPI 7 16 11 13 9 11 2
CADSS 25 18 23 29 16 22 31

Table 4: Voting results of different model responses on each evaluation standard.

datasets for both SP and ESC tasks. On CPsDD, CADSS
excels in strategy accuracy, BLEU, and ROUGE-L, reflecting
superior controllability and response quality. It also exhibits
high diversity and well-balanced response lengths (L-R ≈
1), outperforming models like CKPI and DeepSeek, which
suffer from repetition or verbosity. On ESConv, CADSS
similarly leads in strategy prediction and achieves the best
BLEU and Distinct-n scores, indicating strong fluency and
generative diversity. While its PPL is slightly higher due to
the creative nature of generation, CADSS remains competi-
tive in ROUGE-L. These results emphasize the advantages
of CADSS’s multi-agent architecture and strategy-guided
design in generating empathetic, diverse, and user-aligned
psychological dialogues in both Chinese and English settings.

Ablation Study We conduct ablation studies on both
CPsDD and ESConv to evaluate each agent’s contribution to
CADSS. As detailed in Tables 2 and 3, removing any single
agent results in clear drops in strategy prediction accuracy
and response quality (BLEU, ROUGE-L). The Planner is
especially critical: its removal causes the sharpest decrease
in prediction and generation metrics, yielding responses that
are longer and less focused. The Profiler and Summarizer
also play important roles in maintaining personalization and
coherence. Notably, Distinct scores remain stable due to the
inherent diversity of LLM-based models, yet higher PPL in
ablated models indicates less confident and controlled gener-
ation. These results confirm that all agents are indispensable
for achieving robust performance on both Chinese and En-
glish psychological support tasks.

Manual Evaluation To further evaluate real-world appli-
cability, we deployed CADSS and baselines as API services.
We recruited 50 native Chinese-speaking undergraduate stu-
dents experiencing recent emotional distress (e.g., personal
difficulties). Each participant received 30 RMB and initiated
a psychological inquiry, interacting with different models
via the web interface. Participants rated the model responses
across multiple dimensions. As shown in Table 4, CADSS
consistently received the highest votes across most metrics,
particularly in Overall Quality, demonstrating superior empa-
thetic and professional support capacity. Although predefined
strategies may slightly reduce content novelty, CADSS still
outperformed alternatives, confirming its effectiveness and
user alignment in real psychological scenarios.

Conclusion

We proposed PGSim, a path-guided simulation framework
mimicing real-world psychological counseling by incorporat-
ing expert-defined strategy paths and structured user scenar-
ios. Based on PGSim, we constructed CPsDD, the first large-
scale Chinese psychological support dialogue dataset with
fine-grained strategies, facilitating both Strategy Prediction
and Emotional Support Conversation tasks. We further intro-
duced CADSS, a multi-agent support system that achieves
state-of-the-art performance on both Chinese and English
datasets. Our work effectively demonstrates combining ex-
pert knowledge and LLM capabilities to generate realistic,
controllable, and high-quality psychological dialogues.
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Our work involves sensitive psychological counseling data
and the development of a dialogue system for psychologi-
cal support. To ensure ethical integrity, all data were fully
anonymized with informed consent obtained from users, fol-
lowing strict privacy protocols. Certified psychological ex-
perts reviewed and refined all dialogues to guarantee factual
accuracy and avoid harmful or triggering content. While
efforts were made to ensure diversity and fairness, some pop-
ulation or issue biases may remain. The proposed system
should not replace professional mental health care. Deploy-
ment must include disclaimers, human oversight, and referral
mechanisms. All datasets and models will be released for re-
search under ethical guidelines, and we welcome community
feedback to enhance safety and inclusivity.
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