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Abstract

Asynchronous psychological counseling (APC)
represents a crucial mental health service
modality that transcends temporal and spatial
constraints. However, its development faces
significant data scarcity challenges: due to strin-
gent privacy protection requirements and pro-
fessional ethical considerations, direct collec-
tion of conversational data from authentic APC
scenarios is virtually impossible. To address
this challenge, we design a self-optimizing
multi-agent framework for counseling dialogue
generation, CFlowPsy, which utilizes a small
amount of real anonymized counseling cases
as seed data to synthesize diverse problem-
solving-oriented APC conversations through
large language models. Specifically, the frame-
work employs a Persona-Flow module to con-
tinuously track and update clients’ basic in-
formation, real-time emotions, and counseling
progress, providing dynamic personalized an-
alytical support for counselors and enabling
self-optimization of generated dialogues. Si-
multaneously, the framework ensures that gen-
erated interventions contain explicit reasoning
processes, demonstrating clear psychological
analysis and logic, thereby enhancing the ac-
curacy and consistency of responses. Under
this framework, we develop the first Chinese
APC dataset, CFlowPsyD, comprising 1,700
high-quality extended conversations. Extensive
experiments and human evaluations confirm
that the proposed CFlowPsyD dataset success-
fully simulates human-like APC processes.

1 Introduction

The global mental health crisis has garnered sig-
nificantly heightened international attention in re-
cent years due to its persistent deterioration world-
wide (Patel et al., 2018; Anjum et al., 2020). The
World Health Organization’s (WHO) 2022 World
Mental Health Report revealed that one in eight
individuals worldwide suffers from mental illness
and emphasized that mental disorders constitute

Figure 1: An illustration of the previous SPC dataset
case and our proposed CFlowPsy generation framework.

a leading cause of global disability (Organiza-
tion, 2022). The advancement of Large Language
Models (LLMs), such as GPT-4o (OpenAI, 2023),
particularly their exceptional capabilities demon-
strated in text generation, has created opportunities
to alleviate the growing demand for psychologi-
cal counseling services (Stade et al., 2024; Nazi
and Peng, 2024). To improve the performance of
LLMs in psychological counseling, research has
shifted toward creating manually annotated spe-
cialized datasets (Leskovec and Sosič, 2016) for
fine-tuning (Xie et al., 2024; Qiu et al., 2023).

Our study focuses on Asynchronous Psychologi-
cal Counseling (APC) dialogue datasets. The core
distinction between asynchronous psychological
counseling and traditional Synchronous Psycho-
logical Counseling (SPC) lies in its transformation
of the therapeutic process from immediate reac-
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tive interaction to deliberate constructive dialogue
mode, eliminating the temporal constraints of in-
stant responses (Nazi and Peng, 2024; Moallem,
2015). This mode holds significant value for thera-
peutic approaches that rely on clients’ autonomous
identification, questioning, and reconstruction of
cognitive patterns (Chan et al., 2018), such as
Cognitive Behavioral Therapy (CBT) (Hollon and
Beck, 1994) and Rational Emotive Behavior Ther-
apy (REBT) (Ellis, 2000). However, while pre-
vious research (Devaram, 2020; Xie et al., 2024)
has accumulated substantial knowledge in the do-
mains of emotional support and SPC, exploration
of APC dialogues remains relatively scarce. This
phenomenon primarily stems from two critical con-
straining factors: First, privacy protection regu-
lations and data sensitivity characteristics result
in extreme scarcity of APC corpora (Malin et al.,
2013; Sun et al., 2021a); Second, constructing
APC dialogues from scratch presents significant
challenges. Unlike SPC, the asynchronous mode
requires more sophisticated cognitive construc-
tion between clients and counselors, demonstrating
higher demands in terms of reflective depth, expres-
sion refinement, and linguistic precision (Nazi and
Peng, 2024). However, as shown in Figure 1(a),
while counselors in existing SPC datasets are ca-
pable of effectively identifying clients’ concerns,
they often fail to conduct in-depth analytical rea-
soning and precise linguistic expression. Conse-
quently, their responses typically rely on formulaic
recommendations, which inadequately address the
diverse needs of different clients. Therefore, in
the absence of authentic reference cases, directly
utilizing LLMs to synthesize such dialogue data
makes it difficult to guarantee their effectiveness.

To address these challenges, as shown in Fig-
ure 1(b), we propose a novel self-optimizing ex-
plicit analysis-enhanced framework CFlowPsy for
generating multi-turn APC dialogue datasets. To
ensure authenticity and quality, we obtain over 150
real cases of asynchronous psychological coun-
seling through an end-to-end encrypted platform,
which undergo data desensitization and privacy
processing to serve as seed data. Based on the
seed data, we adhere to the design principles of
PATIENT-Ψ (Wang et al., 2024b) and implement
personalized customization targeting the clients’
individual biographical backgrounds and conver-
sational styles, thereby generating diverse initial
psychological counseling dialogues that incorpo-
rate explicit cognitive processes. In this framework,

we innovatively propose Persona-Flow, which opti-
mizes the initial dialogues generated from seed data
from the dual perspectives of both clients and coun-
selors. Persona-Flow establishes dynamic client
profiles that track and update clients’ basic infor-
mation, emotional states, and counseling progress
in real-time, providing counselors with strategic
guidance that matches clients’ most current pro-
files. Consequently, counselors are able to formu-
late precise and comprehensive explicit analytical
strategies, thereby providing more accurate and
consistent responses to clients in APC services and
effectively addressing their psychological distress.

Through the application of this framework, we
developed an analysis-enhanced and consistent
dataset CFlowPsyD. It represents the first Chinese
asynchronous psychological counseling dataset,
oriented towards solving client problems, com-
prising 1,700 high-quality APC conversations con-
structed from 150 real anonymized counseling
cases spanning 8 distinct domains. All counsel-
ing cases have been cleaned according to global
standards, ensuring comprehensive protection of
personal information. Furthermore, we constructed
our APC service system CFlowPsyMe based on
CFlowPsyD. Experimental evaluation confirms the
effectiveness of CFlowPsyMe. Our primary contri-
butions are as follows:

• We present an APC data-synthesis framework
CFlowPsy that leverages Persona-Flow to es-
tablish clients’ profiles and update continu-
ously, enhancing the accuracy and consistency
of dialogues.

• We develop CFlowPsyD, the first Chi-
nese asynchronous psychological counseling
dataset that contains an explicit reasoning, and
is supported by problem-solving-oriented ef-
fective analysis and consistency.

• Comprehensive human evaluation demon-
strates that the proposed CFlowPsyD dataset
outperforms several comparative datasets in
terms of authenticity, consistency, dialogue
strategies, relationship building, and interven-
tion accuracy.

2 Related Work

2.1 Psychological Counseling Dataset

Recent advances in LLMs have driven the synthe-
sis of psychological counseling dialogue datasets
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(He et al., 2025). Qiu et al. created SMILECHAT
(Qiu et al., 2023), by extending single-turn dia-
logues from PsyQA (Sun et al., 2021b) into multi-
turn conversations. Similarly, Chen et al. created
SoulChatCorpus (Chen et al., 2023), a multi-turn
empathetic dialogue database containing over two
million samples, providing various forms of empa-
thetic expressions for users seeking psychological
support. Subsequently, Zhang et al. constructed
CPsyCounD (Zhang et al., 2024b), a dataset con-
taining 3,134 high-quality multi-turn counseling
dialogues generated based on psychological coun-
seling service reports. Xie et al. proposed Psy-
DTCorpus (Xie et al., 2024), a high-quality multi-
turn mental health dialogue dataset with specific
counseling styles constructed by leveraging exist-
ing single-turn long-text dialogues to build profes-
sional counselor conversations. Although dialogue
synthesis offers a promising alternative, current
approaches often struggle to generate precise inter-
vention measures grounded in in-depth analysis of
clients’ evolving profiles, instead typically relying
on formulaic recommendations, thereby limiting
their effectiveness in APC applications.

Recent multi-agent dialogue synthesis frame-
works such as CAMEL (Li et al., 2023) and
MetaGPT (Hong et al., 2023) instantiate agents
with static roles, which is ill-suited to counsel-
ing where clients’ emotional and cognitive states
evolve across turns. PATIENT-Ψ (Wang et al.,
2024b) advances psychological realism but like-
wise relies on predetermined profiles without turn-
level adaptation. In contrast, our Persona-Flow
continuously updates client profiles along three
evolving dimensions at every turn, coupled with a
four-stage self-optimizing pipeline that iteratively
refines dialogues rather than generating them in
a single pass. Moreover, unlike SPC-oriented
frameworks such as PsyDT (Xie et al., 2024)
whose responses lack explicit analytical grounding,
CFlowPsy enforces structured CBT/REBT reason-
ing within counselor utterances, whose necessity is
confirmed by our ablation study.

2.2 Consistency in Counseling Dialogue
Effective psychological counseling requires consis-
tent interaction without contradictory viewpoints.
Memory degradation in multi-turn dialogues signif-
icantly impairs contextual coherence and interven-
tion efficacy. In LLM-based counseling systems,
this degradation typically manifests as forgetful-
ness or inconsistency during extended interactions

(Zhang et al., 2024a), eroding user trust and under-
mining the therapeutic alliance (Wang et al., 2024a).
Current models insufficiently integrate long-term
conversational histories into ongoing interactions,
compromising counseling effectiveness. Extended
dialogues often demonstrate LLM outputs regress-
ing to generic, uninformative phrases, making it
difficult to maintain consistency with clients’ latest
concern (Liu et al., 2024). Despite advances in
memory buffer architectures and hierarchical en-
coding methods (Zhang et al., 2024a), these meth-
ods fail to form strong associations with the client’s
profile, affecting the accuracy of interventions.

3 Methodology

Our goal is to establish a problem-solving-oriented
APC synthetic dataset with explicit reasoning, ca-
pable of supporting LLM to generate more accu-
rate psychological interventions through analysis-
enhanced and consistent counseling dialogues. To
achieve this, as illustrated in Figure 2, we propose
a self-optimizing dialogue synthesis framework in-
cluding our core component Persona-Flow and four
main stages: generating initial dialogues through
seed data personalization, render client’s utterance
structure, analyze and form strategy and refine re-
sponse via thinking, as well as the psychological
dialogue dataset CFlowPsyD.

3.1 Consulting Cases Processing

The authenticity and quality of seed data are critical
to APC dialogue synthesis. We recruit volunteers
from online communities and engage six profes-
sional psychological counselors to provide APC
services to 143 volunteers through an end-to-end
encrypted platform. All counseling cases undergo
data anonymization and privacy protection proce-
dures before serving as seed data.

In accordance with the GB/T 39725-20201 stan-
dard, our anonymization process for APC data ad-
heres to the following protocols: (i) Direct iden-
tifiers of counselees are removed from counsel-
ing records (e.g., real names, birthdays, addresses,
etc.); (ii) Client ages are generalized to the nearest
age bracket (for example, a 27-year-old client in the
preprocessed psychological counseling records is
represented as "25-30 age group"); (iii) All specific
location information is replaced with generalized
geographic references; (iv) Counseling timestamps

1GB/T 39725-2020: Chinese national standard for per-
sonal information de-identification.
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Figure 2: The CFlowPsy framework for synthesizing analysis-enhanced and consistent dialogues of APC.

undergo de-specification processing; and (v) Sensi-
tive personal information within counseling content
is subjected to semantic desensitization.

After filtering incomplete counseling cases, the
seed data utilized for APC dialogue simulation and
dataset generation comprises 150 counseling cases.

3.2 Generate Initial Dialogues

Research demonstrates that therapeutic relation-
ship quality strongly correlates with counseling
success across diverse populations, modalities, and
contexts (Salkovskis et al., 2023). Therefore, we
argue that effective therapeutic relationship frame-
works provide structural assurance for the coun-
seling process, ensuring both professionalism and
efficacy in therapeutic interventions. Within this
stable framework, therapists can adapt their interac-
tion strategies to accommodate the individual per-
sonality characteristics of different clients. For the
construction of APC dialogue datasets, a key fac-
tor in promoting dialogue diversification lies in the
distinct personality traits of clients. Consequently,
if we can maintain robust therapeutic relationship
structural frameworks in synthesized dialogues
while incorporating elements that reflect client per-
sonality differences within these frameworks, we
can achieve dialogue diversification while ensuring
counseling quality. Based on the aforementioned
theoretical analysis, we propose that synthesizing
diversified counseling dialogues through personal-
ized client characteristics is theoretically feasible.
Following the professional psychological theory of

"case conceptualization" (Sperry and Sperry, 2020),
we personalize both the life backgrounds and con-
versational styles of clients, employing the agent
Drafter MD to generate diverse initial counseling
dialogues D with explicit reasoning processes.

D =MD(Seed;Prompt(Background, Style)),
(1)

In Equation (1), Prompt denotes the process
of organizing client background information and
conversational style into structured instructional
text, which is subsequently combined randomly
with seed data to generate initial conversational
exchanges. Once a complete n-turn dialogue
script is generated, it is segmented into batches
Batch i (i = 1, 2, 3, ..., n) based on each dialogue
turn, maintaining both structural completeness and
semantic coherence.

3.3 Render Client’s Utterance Structure

The asynchronous nature of APC allows clients to
engage in deeper contemplation before responding,
enabling them to express themselves with greater
clarity and purposefulness (Dwyer et al., 2021). Re-
lated research indicates that within APC environ-
ments, clients tend to construct logical and coherent
narrative structures centered around core dimen-
sions such as temporal axes, emotional evolution
trajectories, and key events (Williams et al., 2018).
Based on these findings, the agent Stylist MS de-
signed in this study employs a multi-dimensional

6581



analytical framework that performs structured opti-
mization of clients’ discourse content across three
levels: temporal organization, emotional transi-
tions, and specific event correlations. The agent
Stylist utilizes a batch processing mode to sequen-
tially process each client utterance ci, aiming to
enhance the overall structural integrity and expres-
sive efficacy of the narrative (e.g., ’My proposal
got rejected in yesterday’s meeting, I felt really
depressed’→ ’During our department meeting at
2 PM yesterday, my marketing strategy proposal
was directly rejected by my supervisor on the spot.
I didn’t want to talk for the entire afternoon and
felt extremely depressed.’). This process can be
formalized as:

c′i =MS(ci;Prompt(Timeline,Emotion,Event)),
(2)

where Prompt(Timeline,Emotion,Event) repre-
sents optimized prompt instructions that incorpo-
rate timeline organization, emotional changes, and
event correlations.

At this stage, we retain the counselor’s previ-
ous thought ti and response ri unchanged, and
only render the client’s utterance structure. Con-
sequently,the first optimization dialogue d′i will be
updated by d′i = {c′i, ti, ri} and applied to the
following tasks.

3.4 Persona-Flow
Persona-Flow dynamically tracks and update client
profiles across three dimensions: basic information
(age, background, cognitive preferences), real-time
emotion (anxiety, depression, anger), and consulta-
tion progress (goal achievement, behavioral strat-
egy effectiveness, cognitive pattern adjustments).
Following colloquial rendering of client utterances
by Stylist, the agent Profiler MP analyzes new ba-
sic information bi and checks for real-time emo-
tions ei of the client based on c′i:

(bi, ei) =MP (c
′
i, Pi−1, h1:i−1), (3)

where Pi−1 represents the previous state of the
Persona-Flow system, and h1:i−1 represents the
dialogue history from turns 1 to i− 1.

Persona-Flow updates dynamically with bi and
ei. Following each turn, MT monitors counsel-
ing progress pi and updates Persona-Flow accord-
ingly. This progress tracking provides essential
context for ensuring consistency in interventions.
Rather than functioning as a static label repository,

Persona-Flow continuously evolves based on the
dialogue, providing evidence for generating consis-
tent problem-solving-oriented intervention.

3.5 Analyze and Form Strategy
The agent Strategist MG conducts comprehensive
analysis of the counseling process across multiple
dimensions. At the emotional recognition level,
the agent Strategist MG performs in-depth analysis
of clients’ structural utterance c′i, integrating emo-
tional cues embedded within the Persona-Flow se-
quences e1, e2, ...ei to precisely capture the current
psychological state of counselors, thereby formulat-
ing corresponding emotional guidance strategies.

Related research demonstrates that within APC
environments providing sufficient reflective space,
mature psychology frameworks such as CBT (Na,
2024) and REBT (Ellis, 2000), leveraging their
structured and cognitively-oriented characteristics,
can achieve effective psychological intervention.
Therefore, at the theoretical integration level, the
agent Strategist MG combines clients’ basic infor-
mation b1, b2, ..., bi with CBT or REBT theories
to construct personalized psychological analysis
models, ensuring that intervention strategies can
accurately address clients’ concerns.

To ensure intervention accuracy and consis-
tency, the agent Strategist MG conducts retro-
spective analysis of previous counseling progress
p1, p2, ..., pi−1, and on this foundation dynamically
optimizes the counselor’s thinking t′i, achieving it-
erative enhancement of counseling strategies.

t′i =MG(c
′
i, Persona-Flow,REBT/CBT Theory).

(4)
And the optimized dialogue d′′i will be updated by
d′′i = (c′i, t

′
i, ri) and applied to the following steps.

3.6 Refine Response via Thinking
Based on the structural client utterance c′i and the
optimized counselor’s thinking t′i, the agent Re-
framer MR generates an accurate and consistent
intervention r′i that integrates emotional support
and problem-solving-oriented analysis:

r′i =MR(c
′
i, t

′
i, pi−1, hi−1), (5)

The generated intervention r′i provides more ap-
propriate emotional reassurance while encouraging
exploration of underlying concerns and providing
possible solutions. The optimized dialogue ele-
ments d′′′i = {c′i, t′i, r′i} are then incorporated into
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Datasets Statistics Rea. Con. Acc. Rel. Saf.

Size NoT LoC. LoP. Thi. DS Prof. DS Prof. DS Prof. DS Prof. DS Prof.

SMILECHAT 56k 10.4 26.1 28.9 – 5.1 4.2 7.2 6.2 6.1 5.9 7.3 6.5 0 0
SoulChatCorpus 258k 5.9 41.4 90.0 – 6.1 5.4 7.0 6.4 5.9 5.3 6.3 5.8 0 0
CPsyCounD 3.1k 8.0 32.9 52.6 – 5.7 5.1 7.0 6.5 7.6 6.9 6.3 6.5 0 0
PsyDTCorpus 5k 18.1 31.6 58.1 – 7.1 6.6 8.1 7.5 7.4 7.1 8.1 8.1 0 0
CFlowPsyD 1.7k 5.47 55.8 115.2 ✓ 8.6 8.3 8.8 8.4 9.1 8.6 8.8 8.5 0 0

Table 1: Detailed information and evaluation results. Bold font marks the highest score in each metric.

memory. Finally, the agent Tracker MT analyzes
the current counseling progress pi based on d′′′i , up-
dating the progress within Persona-Flow to serve as
a reference for consistency checks in interventions:

pi =MT (d
′′′
i , hi−1). (6)

The whole process of the self-optimizing multi-
agent framework for synthesizing conversations of
APC is detailedly shown through pseudo-code in
the Appendix A.2.

3.7 CFlowPsyD

Upon completion of processing all turns in dialogue
D and storing them in history memory, the contex-
tualized and consistent dialogue D′′′ = {d′′′i}ni=1

is extracted to construct the CFlowPsyD dataset.
Our dataset generates accurate and consistent

interventions for clients with diverse personality
profiles, aiming to identify solutions to clients’ con-
cerns within APC scenarios. Thus, we develop
CFlowPsyMe, an LLM-based APC counselor. To
optimize its performance, we fine-tune the Qwen3-
4B model using the CFlowPsyD dataset.

4 Data Analysis

4.1 Statistics Analysis

Considering both the synthesis quality of APC dia-
logues and the usage cost, we select GPT-4o as the
backbone model for generating CFlowPsyD. The
CFlowPsyD consists of a total of 1,700 high-quality
APC dialogues, each annotated with explicit think-
ing. These generated dialogues are categorized
into nine representative topics, derived from com-
mon scenarios in psychological counseling. The
distribution of topics is illustrated in Figure 3.

Among the numerous mainstream psychothera-
peutic approaches, CBT (Hollon and Beck, 1994)
and REBT (Ellis, 2000) have emerged as ideal
choices for APC due to their highly structured
therapeutic frameworks, explicit educational ori-
entation, and emphasis on client self-management.

Figure 3: Distribution of counseling topics.

Figure 4: Distribution of psychotherapeutic approaches.

Therefore, we adopt CBT and REBT as the theoret-
ical foundations for establishing counselor strate-
gies. The distribution of the two therapeutic ap-
proaches is shown in Figure 4.

4.2 Dataset Evaluation

Dataset comparison. To comprehensively evalu-
ate the quality of CFlowPsyD, we conduct a de-
tailed comparative analysis. Since the evaluators’
native language is Chinese, only Chinese datasets
are considered to ensure the quality of human eval-
uation. It should be noted that CFlowPsyD is cur-
rently the only dataset that focuses on APC. Due
to the lack of other APC datasets as direct com-
parisons, we choose to compare it with several
mainstream synchronous dialogue datasets, includ-
ing SMILECHAT (Qiu et al., 2023), SoulChatCor-
pus (Chen et al., 2023), CPsyCounD (Zhang et al.,
2024b), and PsyDTCorpus (Xie et al., 2024). De-
tailed information and evaluation results for these
datasets are provided in Table 1, where Size, NoT.,
LoC., LoP. and Thi. represent dataset size, average
number of dialogue turns, average length of client
responses, average length of counselor responses,
and thinking, respectively. Research indicates that
asynchronous methods afford both parties more ad-
equate time and space for reflection and expression.
Consequently, compared with SPC, APC is char-
acterized by longer individual response texts from
both clients and counselors (Shanks et al., 2020),
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as well as fewer conversational turns (Song et al.,
2023). Table 1 demonstrates that CFlowPsyD is
the only counseling dataset with explicit thinking.

Professional Evaluation. We randomly se-
lect 480 conversation samples from each dataset
and evaluate them across five dimensions using
DeepSeek-R1(DS) and six human professional
counselors: Reality(Rea.), Dialogue Consistency
(Con.), Strategy Accuracy(Acc.), Relationship
Building (Rel.) and Safety (Saf.) (Swank et al.
(2012) and American Psychological Association
(2012)). Detailed descriptions of these evaluation
criteria are provided in Appendix A.4. Each di-
mension is rated on a scale from 0 to 10, with
higher scores indicating better performance. The
Safety metric assesses personal information disclo-
sure risk: 0 indicates secure, 1 indicates disclosure.
Results show that CFlowPsyD significantly outper-
forms existing datasets across different dimensions
and maintains safety. It indicates that CFlowPsyD
authentically replicates the complex scenarios en-
countered in APC, delivering effective counseling
services to clients through precise and consistent
intervention strategies with enhanced analysis.

Data similarity analysis. To evaluate the se-
mantic diversity of the CFlowPsyD dataset, we use
the Qwen3-Embedding-0.6B model (Zhang et al.,
2025) to generate text embedding vectors, and then
test the semantic similarity between different con-
versations in the dialogue dataset by calculating
cosine similarity. As shown in Figure 5, the aver-
age cosine similarity of the embeddings generated
from our dataset is 0.564, indicating that our syn-
thetic data can maintain a rich semantic hierarchical
structure. Furthermore, we calculate the semantic
similarity between CFlowPsyD and the seed data
and use TF-IDF features to calculate cosine simi-
larity between dialogue pairs (Salton et al., 1975)
shown in Appendix A.3, demonstrating that our
synthesized data maintains rich lexical diversity
compared to other dataset baselines.

5 Experiment

5.1 Baseline Models

Closed-source: GPT-5 (OpenAI, 2024); Claude-
4-Sonnet (Anthropic, 2024); Qwen-Max-Latest
(Qwen Team, 2024).

Domain-specific: MeChat (Qiu et al., 2023);
PsyChat (Qiu et al., 2024); SoulChat2.0 (Chen
et al., 2023); EmoLLM-V3 (EmoLLM, 2024);
MindChat (Xue and Yan, 2023); CPsyCounX

Figure 5: Similarity compared between synthetic data
and seed data.

(Zhang et al., 2024b).
CFlowPsyMe: InternLM2_5-7B-chat (Team

and Contributors, 2024); Llama3.1-8B-Instruct
(Dubey et al., 2024); Qwen3-4B (Yang et al., 2025).

5.2 Evaluation Settings

We evaluate the performance of our method on
the CFlowPsyD dataset and in real-world scenar-
ios. The CFlowPsyD dataset is randomly split
into 1,539 training samples and 161 test samples,
with the test set covering all 9 topics and compris-
ing 876 dialogue turns for evaluation. To ensure
fair comparison, we add a "psychological coun-
selor" identity prompt to closed-source models (see
Appendix D for details), and perform LoRA fine-
tuning on domain-specific models (Domain) and
general open-source models (CFlowPsyMe) using
the CFlowPsyD training data. In real-world scenar-
ios, we recruit 100 volunteers from diverse back-
grounds to engage in 5-8 rounds of APC dialogues
with each evaluated model.

To ensure that real-world interactions faithfully
reflect the asynchronous modality rather than de-
generating into real-time chat, we enforce several
protocol-level constraints. Volunteers are required
to maintain a minimum interval of 30 minutes be-
tween successive messages, with the average ob-
served interval being approximately 2.5 hours and
certain exchanges naturally extending across mul-
tiple days. The evaluation platform deliberately
omits "typing" indicators and instead displays mes-
sage timestamps, reinforcing the deliberative pace
characteristic of APC (Dwyer et al., 2021). Volun-
teers are explicitly instructed to take sufficient time
for reflection before responding, rather than reply-
ing instantaneously. During professional evalua-
tion, counselors independently verify asynchronous
characteristics—such as structured temporal nar-
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Type Models
CFlowPsyD Real-World Scenario

Rea. Con. Acc. Rel. Saf. Rea. Con. Acc. Rel. Saf.
DS Prof. DS Prof. DS Prof. DS Prof. DS Prof.

Closed
GPT-5 8.7 8.9 8.3 9.0 8.5 8.6 8.7 8.8 0 0 8.6 8.7 8.4 8.5 0

Claude-4 8.4 8.6 8.1 8.5 8.3 8.2 8.7 8.6 0 0 8.4 8.3 8.1 8.3 0
Qwen-Max 8.1 8.3 8.1 8.4 8.2 8.0 8.4 8.5 0 0 8.2 8.2 7.9 8.2 0

Domain

Mechat 7.1 7.3 7.2 7.2 7.1 7.0 7.6 7.5 0 0 7.3 7.2 6.8 7.2 0
PsyChat 6.4 6.3 6.4 6.6 6.7 6.8 6.5 6.6 0 0 6.1 6.0 6.4 6.3 0
Mindchat 6.2 5.8 6.0 6.1 6.6 6.3 6.7 6.2 0 0 6.3 6.1 6.6 6.0 0

CPsyCounX 7.0 7.2 6.8 6.7 7.2 7.1 7.3 7.1 0 0 7.2 7.0 7.3 7.3 0
EmoLLM-V3 7.2 7.4 7.3 7.1 7.1 7.0 7.5 7.6 0 0 7.3 7.1 7.6 7.5 0
Soulchat-2.0 6.2 6.3 6.5 6.0 6.4 6.5 6.4 6.6 0 0 6.1 6.0 6.4 6.3 0

CFlowPsyMe
InternLM2_5 8.0 7.8 8.1 8.3 8.2 8.2 8.1 8.0 0 0 8.0 7.9 8.1 7.9 0
Llama3.1-8B 7.9 7.7 8.0 8.4 8.2 8.3 8.1 8.2 0 0 8.1 8.0 8.3 8.1 0
Qwen3-4B 9.0 9.1 8.6 9.0 8.9 8.8 8.7 8.7 0 0 9.3 9.2 9.2 9.1 0

Table 2: Performance of models across Automatic and Professional metrics. Bold font marks the highest score in
each metric, while underline marks the second-highest score.

ratives, emotional evolution trajectories, and re-
flective depth—using the Reality rubric detailed
in Appendix A.4. This ensures that our real-world
results measure genuine APC performance rather
than SPC-like interaction under a different label.

For evaluation, we employ six professional psy-
chological counselors(Prof.) to conduct human
assessment. To supplement human evaluation
and protect volunteer privacy, we use DeepSeek-
R1(DS), which features explicit reasoning and ex-
cels in Chinese, only for automatic evaluation on
the CFlowPsyD dataset. We assess response qual-
ity across five dimensions: Realism (Rea.), Con-
versational Consistency (Con.), Strategy Accuracy
(Acc.), Relationship Building (Rel.), and Safety
(Saf.) (see Appendix A.4 for details).

To ensure the reliability of human assessment,
we adopt a rigorous evaluation protocol where
all samples are randomly shuffled and evaluated
blindly, with model identities and dataset sources
concealed. We measure inter-rater reliability across
six counselors using Cohen’s κ, obtaining scores
indicating substantial agreement: 0.78 (Realism),
0.81 (Consistency), 0.75 (Strategy Accuracy), and
0.79 (Relationship Building). When three or more
evaluators differ by two or more points, a senior
counselor with over ten years of clinical experi-
ence arbitrates the final score (triggered for 4.2%
of samples). To assess intra-rater stability, 10% of
samples are re-evaluated after a two-week interval,
yielding a strong test-retest correlation (r = 0.86).
These procedures collectively mitigate evaluator
bias and enhance result robustness.

5.3 Implementation details

To construct our APC service system CFlowPsyMe,
we perform LoRA fine-tuning (Hu et al., 2022) on
open-source models using CFlowPsyD within the
LLaMA-Factory framework (Zheng et al., 2024),
where the rank (r) was set to 32. The training proce-
dure employs a linear-type learning rate scheduler,
initializing with a learning rate of 1.05×10−5, cou-
pled with a warmup ratio of 0.11, and continued
for 3 epochs. Training is executed with a batch size
of one per device on a single NVIDIA A100-40G
GPU. During inference, all LLMs adopt a uniform
setting characterized by a temperature of 0.7, top_p
of 0.8, and top_k equal to 20.

5.4 Experimental Results

As shown in Table 2, although closed-source LLMs
with explicit reasoning capabilities, represented by
GPT-5, demonstrate competitive performance on
the CFlowPsyD dataset, the CFlowPsyMe APC
system represented by Qwen3-4B significantly out-
performs all domain-specific baselines on the Con.
and Acc. metrics, even reaching or exceeding the
performance of closed-source LLMs. Furthermore,
CFlowPsyMe also exhibits excellent performance
on the Rea. and Rel. metrics, indicating supe-
rior reasoning capabilities in psychological coun-
seling. This demonstrates that our model generates
the most appropriate and accurate interventions
for clients while adopting intervention strategies
most similar to those of human counselors. This
advantage also extends to APC in real-world sce-
narios, where CFlowPsyMe consistently maintains
performance close to or even superior (Qwen3-4B)
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to closed-source LLMs across all metrics, demon-
strating robust APC capabilities. Notably, these re-
sults are achieved with only 1,539 training samples
from CFlowPsyD, demonstrating that our analysis-
enhanced dataset effectively improves LLM accu-
racy and consistency in APC interventions.

5.5 Ablation study
To validate our CFlowPsy framework, we conduct
an ablation study evaluated by six senior psycho-
logical counselors. Starting with dialogues gener-
ated by GPT-4o (“Initial”), we systematically re-
move individual components (Stylist, Strategist, Re-
framer, Profiler, Tracker, Persona-Flow) and coun-
selor “thinking” from the generation process. Eval-
uating 120 randomly selected dialogues per condi-
tion across five dimensions, the complete CFlow-
Psy achieves highest scores across all metrics. We
find that w/o Stylist most impacted dialogue reality,
indicating context-building effectively simulates
real counseling; removing counselor thinking sig-
nificantly degraded conversation quality; Persona-
Flow emerges as the primary contributor to con-
sistent and accurate dialogues. All components
significantly enhance counseling dialogue quality.

5.6 Case Study
This study presents a comparative analysis of our
CFlowPsyMe with the best performing closed-
source model and domain model, GPT-5 and CPsy-
CounX in APC. As illustrated in Figure 6, GPT-
5 predominantly offers encouragement and com-
fort, yet lacks directive guidance. CPsyCounX
attempts to provide encouragement and employ
guided inquiry; however, its linguistic output is
comparatively rigid, potentially diminishing the
client’s willingness to engage in the dialogue. In
contrast, our proposed CFlowPsyMe not only fur-
nishes appropriate support but also astutely detects
the client’s demand change. It further endeavors
to gently guide the client in identifying the under-
lying reasons for this shift, employing empathetic
language. This performance demonstrates an accu-
rate and consistent intervention handling changing
needs, highlighting CFlowPsy’s potential in real-
world applications.

6 Conclusion

We designed a novel analysis-enhanced framework
CFlowPsy to synthesize asynchronous psycholog-
ical counseling dialogues, and applied it to con-
struct the first Chinese asynchronous psycholog-

Method Rea. Con. Acc. Rel. Str.

Initial 6.5±0.3 6.9±0.4 7.0±0.2 7.2±0.3 0

w/o Stylist 6.8±0.4 8.7±0.3 8.0±0.3 7.6±0.2 0
w/o Strategist 7.5±0.3 7.4±0.4 7.7±0.3 7.5±0.3 0
w/o Reframer 7.3±0.2 7.8±0.3 7.9±0.2 7.9±0.3 0
w/o Profiler 7.9±0.3 8.5±0.2 8.3±0.3 8.5±0.2 0
w/o Tracker 7.7±0.3 7.5±0.4 8.1±0.2 8.4±0.3 0
w/o PF. 7.4±0.4 7.2±0.3 7.4±0.3 7.3±0.4 0

CFlowPsy 9.1±0.2 9.0±0.2 8.8±0.2 8.7±0.2 0
- w/o thinking 7.6±0.3 8.0±0.3 8.2±0.2 8.1±0.3 0

Table 3: Results of ablation study on different settings
(mean ± significance value).

Figure 6: The case of evaluations of GPT-5, CPsy-
CounX, and CFlowPsyMe.

ical counseling dataset CFlowPsyD. This frame-
work supports counselors in generating analysis-
enhanced accurate and consistent interventions
through Persona-Flow continuous updates of client
profiles and counseling progress. We further em-
ployed multiple technical approaches to enhance
the diversity of generated dialogues. Experimen-
tal results demonstrate that CFlowPsyD signifi-
cantly improves LLMs’ ability to provide accurate
and consistent interventions. It indicates that the
CFlowPsyD dataset offers an effective solution for
generating APC dialogues.
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Limitations

While our work presents a comprehensive frame-
work for generating asynchronous psychological
counseling dialogues, several limitations warrant
acknowledgment. First, CFlowPsyD is currently
limited to Chinese language contexts, which may
restrict its applicability to other linguistic and cul-
tural settings. Mental health conceptualizations and
therapeutic approaches vary significantly across
cultures, and our framework’s effectiveness in non-
Chinese contexts remains unexplored.

Second, despite rigorous quality control, our
framework relies on 150 real counseling cases as
seed data. While this enables diverse dialogue
generation through personalization, a larger and
more diverse seed corpus could potentially enhance
the representativeness of psychological issues and
counseling scenarios covered in the dataset. Addi-
tionally, the long-term therapeutic efficacy and sus-
tained engagement of CFlowPsyMe in real-world
clinical settings have not been systematically eval-
uated, and longitudinal studies tracking client out-
comes over extended periods would provide more
robust evidence of clinical utility.

Finally, although we employed professional
counselors for human evaluation and established
clear evaluation criteria, assessment of counseling
quality inherently involves subjective judgment,
and inter-rater reliability and potential evaluator
biases may influence our results.

Ethical Considerations

This research is conducted in accordance with par-
ticular attention to safeguarding the privacy of all
participants. All procedures receive approval from
our institutional ethics review board prior to data
collection and volunteer recruitment.

The 150 real counseling cases used as seed data
are obtained through an end-to-end encrypted plat-
form with explicit informed consent from all par-
ticipants. We implement rigorous de-identification
procedures following the Chinese national stan-
dard GB/T 39725-2020 for personal information
de-identification. All personally identifiable infor-
mation, including real names, specific addresses,
contact information, and birthdates, is completely
removed from counseling records. Ages are gen-
eralized to five-year brackets, specific locations
are replaced with general geographic regions, and
exact timestamps are de-specified to prevent re-
identification. Furthermore, sensitive personal

details within counseling content, such as em-
ployer names, family members’ identifying infor-
mation, and specific incidents that could lead to
re-identification, undergo semantic desensitization
while preserving therapeutic relevance. All de-
identified cases are reviewed by independent pri-
vacy experts and professional counselors to ensure
no residual identifying information remains while
maintaining clinical authenticity.

For the real-world scenario evaluation, 100 vol-
unteers participate after providing written informed
consent following full disclosure of the study pur-
pose, data usage, and privacy protections. All par-
ticipation is voluntary with explicit rights to with-
draw at any time without penalty. We implement
strict data minimization principles, collecting only
information essential for evaluating counseling di-
alogue quality. Volunteer identities are replaced
with random identifiers in all research records, and
dialogue data is separated from any linking infor-
mation. All volunteer data is stored in encrypted
databases with access restricted to authorized re-
search personnel only and is retained only for the
duration necessary for research validation before
secure deletion.

Six licensed professional psychological coun-
selors provide the original counseling services and
supervise the framework development to ensure
adherence to professional ethical standards, includ-
ing appropriate boundaries, non-maleficence, and
respect for client autonomy. During volunteer test-
ing, professional counselors monitor all interac-
tions, and no volunteer exhibits signs of psycholog-
ical distress requiring intervention. All participants
are provided with information on accessing profes-
sional mental health resources. We explicitly ac-
knowledge that CFlowPsyMe is a research system
intended to support, not replace, professional men-
tal health services, and the system includes clear
disclaimers advising users to seek professional help
for serious mental health concerns.
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A Appendix

A.1 Reproducibility Checklist

A.1.1 Model and Data
The CFlowPsyD dataset and CFlowPsyMe model
will be released upon decision of the paper.

A.1.2 System Hardware
We train the CFlowPsyMe on an Ubuntu 20.04.6
LTS server equipped with two AMD EPYC 7502
32-Core processors (128 threads in total), one
NVIDIA A100-PCIe-40 GB GPU, and 32 GB of
system memory.

A.1.3 Driver Version
The version of Nvidia driver is "525.60.13". The
version of CUDA is "12.0".

A.1.4 Package Version
python=3.12.9, torch=2.6.0, transformers=4.51.3,
deepspeed=0.16.5, datasets=3.2.0, llamafac-
tory=0.9.3.dev0 and jieba=0.42.1 are recom-
mended.

A.2 The Working Algorithm of CFlowPsy

The working algorithm of CFlowPsy is shown in
Algorithm 1.

A.3 Data Similarity Analysis of CFlowPsyD

To evaluate the semantic similarity between the
CFlowPsyD dataset and the seed data, we use
the Qwen3-Embedding-0.6B model(Zhang et al.,
2025) to generate text embedding vectors for
CFlowPsyD and the seed data, and then calculate
the cosine similarity to measure the semantic simi-
larity between CFlowPsyD and the seed data. As
shown in Figure 7, our synthetic dataset achieves
an average cosine similarity of 0.590 with the seed
data, indicating that CFlowPsyD maintains good
diversity while preserving semantic relevance.

To evaluate the lexical diversity of the CFlow-
PsyD dataset, we use TF-IDF features to calcu-
late cosine similarity between different dialogue
pairs (Salton et al., 1975). We randomly select
10 seed data and perform similarity analysis with
their synthesized data. Figure 8 demonstrates that
our synthesized data maintains rich semantic hi-
erarchical structures. Furthermore, to validate the
efficacy of CFlowPsy for the synthesis of multi-turn

Algorithm 1 The Working Algorithm of CFlowPsy
Input: Seed Data S = {sj}80j=1

Output: Batch of optimized dialogue turns D′′′ =
{d′′′i = (c′i, t

′
i, r

′
i)}ni=1

1: // Step 1: Generate Initial Dialogues
2: Instruct Drafter to generate multi-turn psy-

chological counseling dialogues D = {di =
(ci, ti, ri)}ni=1 according to random selected
seed data sj

3: for i = 1 to n do
4: // Step 2: Render Client’s Utterance

Structure
5: Instruct Stylist to render the client’s utter-

ance ci more structure using Eq. (2)
6: Instruct Profiler to analyze the client’s utter-

ance using Eq. (3)
7: Persona-Flow← UPDATEDATA(bi, ei)
8: // Step 3: Analyze and Form Strategy
9: Instruct Strategist to analyze and form strat-

egy t′i from colloquial client’s utterance c′i,
along with basic information b1, b2, . . . , bi,
real-time emotions e1, e2, . . . , ei, and
consultation progress p1, p2, . . . , pi−1 in
Persona-Flow, based on REBT or CBT
theory, by using Eq. (4)

10: // Step 4: Refine Response via Thinking
11: Instruct Reframer to refine response r′i ac-

cording to the colloquial client utterance
c′i and the optimized counselor’s chain of
thought t′i using Eq. (5)

12: hi ← APPENDHISTORY(d′′′i = {c′i, t′i, r′i})

13: Instruct Tracker to analyze the final dialogue
d′′′i to track consultation progress pi using
Eq. (6)

14: Persona-Flow← UPDATEDATA(pi)
15: end for
16: return D′′′ = {d′′′i = (c′i, t

′
i, r

′
i)}ni=1
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Figure 7: Similarity compared with the seed data.

Figure 8: Similarity compared between synthetic data
and seed data.

APC dialogues, we compare CFlowPsyD with Psy-
DTCorpus, SoulChatCorpus, SMILECHAT, and
CPsyCounD. As depicted in Figure 9, CFlowPsyD
demonstrates superior lexical diversity when com-
pared to other datasets.

A.4 Evaluation Metrics

In Figure 10, we elaborate in detail on the five
Evaluation Metrics—reality, dialogue consistency,
strategy accuracy, relationship building and safety.

A.5 Statistical Significance

Table 4 and Table 5 present the results of statistical
significance.

A.6 Evaluation Prompt for LLMs

Figure 11 provides specific descriptions of evalua-
tion prompts used to evaluate closed-source models
with the test data of CFlowPsyD.

A.7 Prompts for Agents

In this section, we detail the prompts used to con-
struct Drafter, Stylist, Profiler, Tracker, Strategist
and Reframer. Figure 12, 13, 14, 15, 16 and 17
provides specific descriptions of these prompts.

Figure 9: Similarity compared with other datasets.

A.8 Data Example from CFlowPsyD
Figure 18 presents a comprehensive dialogue exam-
ple from the CFlowPsyD dataset. We highlight the
counselor’s detection and analysis of the client’s
base information and emotions during the thinking
process.

A.9 Recruitment and Compensation of
Participants

This section provides supplementary details regard-
ing the recruitment procedures and compensation
arrangements for all participants involved in the
construction and evaluation of CFlowPsyD, in ac-
cordance with the ACL responsible-NLP-research
guidelines.

Recruitment of Volunteers for Seed Data Col-
lection. We recruited 143 volunteers through
posts on several mainstream Chinese online mental-
health communities. All recruitment materials ex-
plicitly disclosed the research purpose, the asyn-
chronous text-based nature of the counseling ser-
vice, the scope of data usage, and the privacy-
protection measures. Only adults (aged 18 and
above) residing in Mainland China who voluntarily
provided written informed consent were enrolled.
After filtering incomplete cases, 150 high-quality
counseling cases were retained as seed data.

Recruitment of Volunteers for Real-World Eval-
uation. For the real-world scenario evaluation
described in Section 5.2, we additionally recruited
100 volunteers from diverse demographic back-
grounds—spanning students, white-collar workers,
freelancers, and retirees across different regions in
China. Recruitment was conducted via the same
online communities with supplementary snowball
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referrals, and a pre-screening questionnaire was
used to ensure demographic diversity across age,
gender, occupation, and educational background.

Recruitment of Professional Counselors. The
six professional psychological counselors were re-
cruited through certified Chinese psychological
counseling associations and institutional referrals.
All counselors hold national-level psychological
counselor certifications and have no fewer than five
years of clinical practice experience. They served
both as service providers during seed data genera-
tion and as independent evaluators during dataset
quality assessment and the ablation study.

Compensation for Volunteers. Volunteers re-
ceived cash subsidies as compensation, following
an hourly-rate scheme supplemented by per-turn
incentives to reflect their actual workload. Specifi-
cally, volunteers participating in seed data collec-
tion received approximately 80 RMB per counsel-
ing session (with an average effective duration of
one hour distributed across multiple asynchronous
exchanges), together with small per-turn bonuses
for extended dialogues. Volunteers in the real-
world evaluation phase received approximately
50 RMB per complete 5–8 turn dialogue. Total
compensation per volunteer ranged from roughly
150 to 400 RMB depending on engagement level.
All payments were disbursed via bank transfer or
third-party payment platforms (e.g., WeChat Pay,
Alipay) upon completion.

Compensation for Professional Counselors.
The six professional counselors were compensated
according to the standard hourly consultation
rates prevailing in their respective practice regions
in China, averaging approximately 300–500 RMB
per hour. This is consistent with the prevailing
market rate for certified psychological counselors
providing clinical services in first- and second-tier
Chinese cities. Compensation covered both service-
delivery hours (for seed data generation) and evalu-
ation hours (for quality rating and ablation assess-
ment). The senior counselor serving as the arbi-
trator for rater disagreements (triggered on 4.2%
of samples) received additional compensation at a
premium rate. All payments were made through
formal contracts with itemized records.
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Type Models Rea. Con. Acc. Rel. Saf.

DS Prof. DS Prof. DS Prof. DS Prof. DS Prof.

Closed
GPT-5 8.7±0.2 8.9±0.1 8.3±0.3 9.0±0.1 8.5±0.2 8.6±0.2 8.7±0.1 8.8±0.2 0 0

Claude-4 8.4±0.3 8.6±0.2 8.1±0.2 8.5±0.3 8.3±0.3 8.2±0.2 8.7±0.2 8.6±0.3 0 0
Qwen-Max 8.1±0.3 8.3±0.3 8.1±0.2 8.4±0.2 8.2±0.2 8.0±0.3 8.4±0.3 8.5±0.2 0 0

Domain

Mechat 7.1±0.4 7.3±0.3 7.2±0.4 7.2±0.4 7.1±0.3 7.0±0.4 7.6±0.3 7.5±0.4 0 0
PsyChat 6.4±0.5 6.3±0.5 6.4±0.4 6.6±0.5 6.7±0.4 6.8±0.4 6.5±0.5 6.6±0.5 0 0
Mindchat 6.2±0.6 5.8±0.6 6.0±0.5 6.1±0.5 6.6±0.5 6.3±0.5 6.7±0.4 6.2±0.6 0 0

CPsyCounX 7.0±0.4 7.2±0.4 6.8±0.4 6.7±0.5 7.2±0.3 7.1±0.4 7.3±0.4 7.1±0.4 0 0
EmoLLM-V3 7.2±0.3 7.4±0.3 7.3±0.3 7.1±0.4 7.1±0.4 7.0±0.4 7.5±0.3 7.6±0.3 0 0
Soulchat-2.0 6.2±0.5 6.3±0.5 6.5±0.5 6.0±0.6 6.4±0.5 6.5±0.5 6.4±0.5 6.6±0.5 0 0

CFlowPsyMe
InternLM2_5 8.0±0.3 7.8±0.3 8.1±0.2 8.3±0.3 8.2±0.2 8.2±0.3 8.1±0.3 8.0±0.3 0 0
Llama3.1-8B 7.9±0.3 7.7±0.4 8.0±0.3 8.4±0.2 8.2±0.2 8.3±0.2 8.1±0.3 8.2±0.3 0 0
Qwen3-4B 9.0±0.1 9.1±0.1 8.6±0.2 9.0±0.1 8.9±0.1 8.8±0.2 8.7±0.2 8.7±0.2 0 0

Table 4: Performance on CFlowPsyD automatic and professional metrics. Values are reported as mean±std.

Type Models Rea. Con. Acc. Rel. Saf.

Closed
GPT-5 8.5±0.3 8.6±0.2 8.3±0.3 8.4±0.2 0

Claude-4 8.3±0.4 8.2±0.3 8.0±0.4 8.2±0.3 0
Qwen-Max 8.1±0.3 8.0±0.3 7.8±0.4 8.1±0.3 0

Domain

Mechat 7.2±0.4 7.1±0.3 6.9±0.4 7.1±0.3 0
PsyChat 6.2±0.5 6.1±0.4 6.3±0.4 6.2±0.4 0
Mindchat 6.4±0.4 6.2±0.5 6.5±0.4 6.1±0.5 0

CPsyCounX 7.1±0.3 6.9±0.4 7.2±0.3 7.1±0.3 0
EmoLLM-V3 7.4±0.3 7.2±0.3 7.5±0.2 7.4±0.3 0
Soulchat-2.0 6.2±0.4 6.1±0.4 6.3±0.4 6.2±0.4 0

CFlowPsyMe
InternLM2_5 8.0±0.2 7.8±0.3 8.1±0.2 7.9±0.3 0
Llama3.1-8B 8.2±0.2 8.1±0.3 8.3±0.2 8.2±0.2 0
Qwen3-4B 9.3±0.1 9.2±0.1 9.2±0.1 9.1±0.1 0

Table 5: Performance on real-world scenario evaluation reported as mean ± standard deviation.
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Figure 10: Professional evaluation metrics for assessing APC responses, including the details measured of each
dimension and their descriptions.
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Figure 11: Prompts used to evaluate closed-source models with the test data of CFlowPsyD.
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Figure 12: The prompt used for construct Drafter.
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Figure 13: The prompt used for construct Stylist.

6597



Figure 14: The prompt used for construct Profiler.
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Figure 15: The prompt used for construct Tracker.
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Figure 16: The prompt used for construct Strategist.
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Figure 17: The prompt used for construct Reframer.
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Figure 18: The Data example from CFlowPsyD dataset.
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