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Abstract001

Asynchronous psychological counseling (APC)002
represents a crucial mental health service003
modality that transcends temporal and spatial004
constraints. However, its development faces005
significant data scarcity challenges: due to strin-006
gent privacy protection requirements and pro-007
fessional ethical considerations, direct collec-008
tion of conversational data from authentic APC009
scenarios is virtually impossible. To address010
this challenge, we design a self-optimizing011
multi-agent framework for counseling dialogue012
generation, CFlowPsy, which utilizes a small013
amount of real anonymized counseling cases014
as seed data to synthesize diverse problem-015
solving-oriented APC conversations through016
large language models. Specifically, the frame-017
work employs a Persona-Flow module to con-018
tinuously track and update clients’ basic in-019
formation, real-time emotions, and counseling020
progress, providing dynamic personalized an-021
alytical support for counselors and enabling022
self-optimization of generated dialogues. Si-023
multaneously, the framework ensures that gen-024
erated interventions contain explicit reasoning025
processes, demonstrating clear psychological026
analysis and logic, thereby enhancing the ac-027
curacy and consistency of responses. Under028
this framework, we develop the first Chinese029
APC dataset, CFlowPsyD, comprising 1,700030
high-quality extended conversations. Extensive031
experiments and human evaluations confirm032
that the proposed CFlowPsyD dataset success-033
fully simulates human-like APC processes.034

1 Introduction035

The global mental health crisis has garnered sig-036

nificantly heightened international attention in re-037

cent years due to its persistent deterioration world-038

wide (Patel et al., 2018; Anjum et al., 2020). The039

World Health Organization’s (WHO) 2022 World040

Mental Health Report revealed that one in eight041

individuals worldwide suffers from mental illness042

and emphasized that mental disorders constitute043

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

a leading cause of global disability (Organiza- 044

tion, 2022). The advancement of Large Language 045

Models (LLMs), such as GPT-4o (OpenAI, 2023), 046

particularly their exceptional capabilities demon- 047

strated in text generation, has created opportunities 048

to alleviate the growing demand for psychologi- 049

cal counseling services (Stade et al., 2024; Nazi 050

and Peng, 2024). To improve the performance of 051

LLMs in psychological counseling, research has 052

shifted toward creating manually annotated spe- 053

cialized datasets (Leskovec and Sosič, 2016) for 054

fine-tuning (Xie et al., 2024; Qiu et al., 2023). 055

Our study focuses on Asynchronous Psychologi- 056

cal Counseling (APC) dialogue datasets. The core 057

distinction between asynchronous psychological 058

counseling and traditional Synchronous Psycho- 059

logical Counseling (SPC) lies in its transformation 060

of the therapeutic process from immediate reac- 061
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tive interaction to deliberate constructive dialogue062

mode, eliminating the temporal constraints of in-063

stant responses (Nazi and Peng, 2024; Moallem,064

2015). This mode holds significant value for thera-065

peutic approaches that rely on clients’ autonomous066

identification, questioning, and reconstruction of067

cognitive patterns (Chan et al., 2018), such as068

Cognitive Behavioral Therapy (CBT) (Hollon and069

Beck, 1994) and Rational Emotive Behavior Ther-070

apy (REBT) (Ellis, 2000). However, while pre-071

vious research (Devaram, 2020; Xie et al., 2024)072

has accumulated substantial knowledge in the do-073

mains of emotional support and SPC, exploration074

of APC dialogues remains relatively scarce. This075

phenomenon primarily stems from two critical con-076

straining factors: First, privacy protection regu-077

lations and data sensitivity characteristics result078

in extreme scarcity of APC corpora (Malin et al.,079

2013; Sun et al., 2021a); Second, constructing080

APC dialogues from scratch presents significant081

challenges. Unlike SPC, the asynchronous mode082

requires more sophisticated cognitive construc-083

tion between clients and counselors, demonstrating084

higher demands in terms of reflective depth, expres-085

sion refinement, and linguistic precision (Nazi and086

Peng, 2024). However, as shown in Figure 1(a),087

while counselors in existing SPC datasets are ca-088

pable of effectively identifying clients’ concerns,089

they often fail to conduct in-depth analytical rea-090

soning and precise linguistic expression. Conse-091

quently, their responses typically rely on formulaic092

recommendations, which inadequately address the093

diverse needs of different clients. Therefore, in094

the absence of authentic reference cases, directly095

utilizing LLMs to synthesize such dialogue data096

makes it difficult to guarantee their effectiveness.097

To address these challenges, as shown in Fig-098

ure 1(b), we propose a novel self-optimizing ex-099

plicit analysis-enhanced framework CFlowPsy for100

generating multi-turn APC dialogue datasets. To101

ensure authenticity and quality, we obtain over 150102

real cases of asynchronous psychological coun-103

seling through an end-to-end encrypted platform,104

which undergo data desensitization and privacy105

processing to serve as seed data. Based on the106

seed data, we adhere to the design principles of107

PATIENT-Ψ (Wang et al., 2024b) and implement108

personalized customization targeting the clients’109

individual biographical backgrounds and conver-110

sational styles, thereby generating diverse initial111

psychological counseling dialogues that incorpo-112

rate explicit cognitive processes. In this framework,113

we innovatively propose Persona-Flow, which opti- 114

mizes the initial dialogues generated from seed data 115

from the dual perspectives of both clients and coun- 116

selors. Persona-Flow establishes dynamic client 117

profiles that track and update clients’ basic infor- 118

mation, emotional states, and counseling progress 119

in real-time, providing counselors with strategic 120

guidance that matches clients’ most current pro- 121

files. Consequently, counselors are able to formu- 122

late precise and comprehensive explicit analytical 123

strategies, thereby providing more accurate and 124

consistent responses to clients in APC services and 125

effectively addressing their psychological distress. 126

Through the application of this framework, we 127

developed an analysis-enhanced and consistent 128

dataset CFlowPsyD. It represents the first Chinese 129

asynchronous psychological counseling dataset, 130

oriented towards solving client problems, com- 131

prising 1,700 high-quality APC conversations con- 132

structed from 150 real anonymized counseling 133

cases spanning 8 distinct domains. All counsel- 134

ing cases have been cleaned according to global 135

standards, ensuring comprehensive protection of 136

personal information. Furthermore, we constructed 137

our APC service system CFlowPsyMe based on 138

CFlowPsyD. Experimental evaluation confirms the 139

effectiveness of CFlowPsyMe. Our primary contri- 140

butions are as follows: 141

• We present an APC data-synthesis framework 142

CFlowPsy that leverages Persona-Flow to es- 143

tablish clients’ profiles and update continu- 144

ously, enhancing the accuracy and consistency 145

of dialogues. 146

• We develop CFlowPsyD, the first Chi- 147

nese asynchronous psychological counseling 148

dataset that contains an explicit reasoning, and 149

is supported by problem-solving-oriented ef- 150

fective analysis and consistency. 151

• Comprehensive human evaluation demon- 152

strates that the proposed CFlowPsyD dataset 153

outperforms several comparative datasets in 154

terms of authenticity, consistency, dialogue 155

strategies, relationship building, and interven- 156

tion accuracy. 157

2 Related Work 158

2.1 Psychological Counseling Dataset 159

Recent advances in LLMs have driven the synthe- 160

sis of psychological counseling dialogue datasets 161
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(He et al., 2025). Qiu et al. created SMILECHAT162

(Qiu et al., 2023), by extending single-turn dia-163

logues from PsyQA (Sun et al., 2021b) into multi-164

turn conversations. Similarly, Chen et al. created165

SoulChatCorpus (Chen et al., 2023), a multi-turn166

empathetic dialogue database containing over two167

million samples, providing various forms of empa-168

thetic expressions for users seeking psychological169

support. Subsequently, Zhang et al. constructed170

CPsyCounD (Zhang et al., 2024b), a dataset con-171

taining 3,134 high-quality multi-turn counseling172

dialogues generated based on psychological coun-173

seling service reports. Xie et al. proposed Psy-174

DTCorpus (Xie et al., 2024), a high-quality multi-175

turn mental health dialogue dataset with specific176

counseling styles constructed by leveraging exist-177

ing single-turn long-text dialogues to build profes-178

sional counselor conversations. Although dialogue179

synthesis offers a promising alternative, current180

approaches often struggle to generate precise inter-181

vention measures grounded in in-depth analysis of182

clients’ evolving profiles, instead typically relying183

on formulaic recommendations, thereby limiting184

their effectiveness in APC applications.185

2.2 Consistency in Counseling Dialogue186

Effective psychological counseling requires consis-187

tent interaction without contradictory viewpoints.188

Memory degradation in multi-turn dialogues signif-189

icantly impairs contextual coherence and interven-190

tion efficacy. In LLM-based counseling systems,191

this degradation typically manifests as forgetful-192

ness or inconsistency during extended interactions193

(Zhang et al., 2024a), eroding user trust and under-194

mining the therapeutic alliance (Wang et al., 2024a).195

Current models insufficiently integrate long-term196

conversational histories into ongoing interactions,197

compromising counseling effectiveness. Extended198

dialogues often demonstrate LLM outputs regress-199

ing to generic, uninformative phrases, making it200

difficult to maintain consistency with clients’ latest201

concern (Liu et al., 2024). Despite advances in202

memory buffer architectures and hierarchical en-203

coding methods (Zhang et al., 2024a), these meth-204

ods fail to form strong associations with the client’s205

profile, affecting the accuracy of interventions.206

3 Methodology207

Our goal is to establish a problem-solving-oriented208

APC synthetic dataset with explicit reasoning, ca-209

pable of supporting LLM to generate more accu-210

rate psychological interventions through analysis- 211

enhanced and consistent counseling dialogues. To 212

achieve this, as illustrated in Figure 2, we propose 213

a self-optimizing dialogue synthesis framework in- 214

cluding our core component Persona-Flow and four 215

main stages: generating initial dialogues through 216

seed data personalization, render client’s utterance 217

structure, analyze and form strategy and refine re- 218

sponse via thinking, as well as the psychological 219

dialogue dataset CFlowPsyD. 220

3.1 Consulting Cases Processing 221

The authenticity and quality of seed data are critical 222

to APC dialogue synthesis. We recruit volunteers 223

from online communities and engage six profes- 224

sional psychological counselors to provide APC 225

services to 143 volunteers through an end-to-end 226

encrypted platform. All counseling cases undergo 227

data anonymization and privacy protection proce- 228

dures before serving as seed data. 229

In accordance with the GB/T 39725-20201 stan- 230

dard, our anonymization process for APC data ad- 231

heres to the following protocols: (i) Direct iden- 232

tifiers of counselees are removed from counsel- 233

ing records (e.g., real names, birthdays, addresses, 234

etc.); (ii) Client ages are generalized to the nearest 235

age bracket (for example, a 27-year-old client in the 236

preprocessed psychological counseling records is 237

represented as "25-30 age group"); (iii) All specific 238

location information is replaced with generalized 239

geographic references; (iv) Counseling timestamps 240

undergo de-specification processing; and (v) Sensi- 241

tive personal information within counseling content 242

is subjected to semantic desensitization. 243

After filtering incomplete counseling cases, the 244

seed data utilized for APC dialogue simulation and 245

dataset generation comprises 150 counseling cases. 246

3.2 Generate Initial Dialogues 247

Research demonstrates that therapeutic relation- 248

ship quality strongly correlates with counseling 249

success across diverse populations, modalities, and 250

contexts (Salkovskis et al., 2023). Therefore, we 251

argue that effective therapeutic relationship frame- 252

works provide structural assurance for the coun- 253

seling process, ensuring both professionalism and 254

efficacy in therapeutic interventions. Within this 255

stable framework, therapists can adapt their interac- 256

tion strategies to accommodate the individual per- 257

sonality characteristics of different clients. For the 258

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.

construction of APC dialogue datasets, a key fac-259

tor in promoting dialogue diversification lies in the260

distinct personality traits of clients. Consequently,261

if we can maintain robust therapeutic relationship262

structural frameworks in synthesized dialogues263

while incorporating elements that reflect client per-264

sonality differences within these frameworks, we265

can achieve dialogue diversification while ensuring266

counseling quality. Based on the aforementioned267

theoretical analysis, we propose that synthesizing268

diversified counseling dialogues through personal-269

ized client characteristics is theoretically feasible.270

Following the professional psychological theory of271

"case conceptualization" (Sperry and Sperry, 2020),272

we personalize both the life backgrounds and con-273

versational styles of clients, employing the agent274

Drafter MD to generate diverse initial counseling275

dialogues D with explicit reasoning processes.276

D = MD(Seed;Prompt(Background, Style)),
(1)277

In Equation (1), Prompt denotes the process278

of organizing client background information and279

conversational style into structured instructional280

text, which is subsequently combined randomly281

with seed data to generate initial conversational282

exchanges. Once a complete n-turn dialogue283

script is generated, it is segmented into batches284

Batch i (i = 1, 2, 3, ..., n) based on each dialogue285

turn, maintaining both structural completeness and286

semantic coherence.287

3.3 Render Client’s Utterance Structure 288

The asynchronous nature of APC allows clients to 289

engage in deeper contemplation before responding, 290

enabling them to express themselves with greater 291

clarity and purposefulness (Dwyer et al., 2021). Re- 292

lated research indicates that within APC environ- 293

ments, clients tend to construct logical and coherent 294

narrative structures centered around core dimen- 295

sions such as temporal axes, emotional evolution 296

trajectories, and key events (Williams et al., 2018). 297

Based on these findings, the agent Stylist MS de- 298

signed in this study employs a multi-dimensional 299

analytical framework that performs structured opti- 300

mization of clients’ discourse content across three 301

levels: temporal organization, emotional transi- 302

tions, and specific event correlations. The agent 303

Stylist utilizes a batch processing mode to sequen- 304

tially process each client utterance ci, aiming to 305

enhance the overall structural integrity and expres- 306

sive efficacy of the narrative (e.g., ’My proposal 307

got rejected in yesterday’s meeting, I felt really 308

depressed’→ ’During our department meeting at 309

2 PM yesterday, my marketing strategy proposal 310

was directly rejected by my supervisor on the spot. 311

I didn’t want to talk for the entire afternoon and 312

felt extremely depressed.’). This process can be 313

formalized as: 314

c′i = MS(ci;Prompt(Timeline,Emotion,Event)),
(2) 315
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where Prompt(Timeline,Emotion,Event) repre-316

sents optimized prompt instructions that incorpo-317

rate timeline organization, emotional changes, and318

event correlations.319

At this stage, we retain the counselor’s previ-320

ous thought ti and response ri unchanged, and321

only render the client’s utterance structure. Con-322

sequently,the first optimization dialogue d′i will be323

updated by d′i = {c′i, ti, ri} and applied to the324

following tasks.325

3.4 Persona-Flow326

Persona-Flow dynamically tracks and update client327

profiles across three dimensions: basic information328

(age, background, cognitive preferences), real-time329

emotion (anxiety, depression, anger), and consulta-330

tion progress (goal achievement, behavioral strat-331

egy effectiveness, cognitive pattern adjustments).332

Following colloquial rendering of client utterances333

by Stylist, the agent Profiler MP analyzes new ba-334

sic information bi and checks for real-time emo-335

tions ei of the client based on c′i:336

(bi, ei) = MP (c
′
i, Pi−1, h1:i−1), (3)337

where Pi−1 represents the previous state of the338

Persona-Flow system, and h1:i−1 represents the339

dialogue history from turns 1 to i− 1.340

Persona-Flow updates dynamically with bi and341

ei. Following each turn, MT monitors counsel-342

ing progress pi and updates Persona-Flow accord-343

ingly. This progress tracking provides essential344

context for ensuring consistency in interventions.345

Rather than functioning as a static label repository,346

Persona-Flow continuously evolves based on the347

dialogue, providing evidence for generating consis-348

tent problem-solving-oriented intervention.349

3.5 Analyze and Form Strategy350

The agent Strategist MG conducts comprehensive351

analysis of the counseling process across multiple352

dimensions. At the emotional recognition level,353

the agent Strategist MG performs in-depth analysis354

of clients’ structural utterance c′i, integrating emo-355

tional cues embedded within the Persona-Flow se-356

quences e1, e2, ...ei to precisely capture the current357

psychological state of counselors, thereby formulat-358

ing corresponding emotional guidance strategies.359

Related research demonstrates that within APC360

environments providing sufficient reflective space,361

mature psychology frameworks such as CBT (Na,362

2024) and REBT (Ellis, 2000), leveraging their363

structured and cognitively-oriented characteristics, 364

can achieve effective psychological intervention. 365

Therefore, at the theoretical integration level, the 366

agent Strategist MG combines clients’ basic infor- 367

mation b1, b2, ..., bi with CBT or REBT theories 368

to construct personalized psychological analysis 369

models, ensuring that intervention strategies can 370

accurately address clients’ concerns. 371

To ensure intervention accuracy and consis- 372

tency, the agent Strategist MG conducts retro- 373

spective analysis of previous counseling progress 374

p1, p2, ..., pi−1, and on this foundation dynamically 375

optimizes the counselor’s thinking t′i, achieving it- 376

erative enhancement of counseling strategies. 377

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

(4) 378

And the optimized dialogue d′′i will be updated by 379

d′′i = (c′i, t
′
i, ri) and applied to the following steps. 380

3.6 Refine Response via Thinking 381

Based on the structural client utterance c′i and the 382

optimized counselor’s thinking t′i, the agent Re- 383

framer MR generates an accurate and consistent 384

intervention r′i that integrates emotional support 385

and problem-solving-oriented analysis: 386

r′i = MR(c
′
i, t

′
i, pi−1, hi−1), (5) 387

The generated intervention r′i provides more ap- 388

propriate emotional reassurance while encouraging 389

exploration of underlying concerns and providing 390

possible solutions. The optimized dialogue ele- 391

ments d′′′i = {c′i, t′i, r′i} are then incorporated into 392

memory. Finally, the agent Tracker MT analyzes 393

the current counseling progress pi based on d′′′i , up- 394

dating the progress within Persona-Flow to serve as 395

a reference for consistency checks in interventions: 396

pi = MT (d
′′′
i , hi−1). (6) 397

The whole process of the self-optimizing multi- 398

agent framework for synthesizing conversations of 399

APC is detailedly shown through pseudo-code in 400

the Appendix A.2. 401

3.7 CFlowPsyD 402

Upon completion of processing all turns in dialogue 403

D and storing them in history memory, the contex- 404

tualized and consistent dialogue D′′′ = {d′′′i}ni=1 405

is extracted to construct the CFlowPsyD dataset. 406

Our dataset generates accurate and consistent 407

interventions for clients with diverse personality 408
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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.

profiles, aiming to identify solutions to clients’ con-409

cerns within APC scenarios. Thus, we develop410

CFlowPsyMe, an LLM-based APC counselor. To411

optimize its performance, we fine-tune the Qwen3-412

4B model using the CFlowPsyD dataset.413

4 Data Analysis414

4.1 Statistics Analysis415

Considering both the synthesis quality of APC dia-416

logues and the usage cost, we select GPT-4o as the417

backbone model for generating CFlowPsyD. The418

CFlowPsyD consists of a total of 1,700 high-quality419

APC dialogues, each annotated with explicit think-420

ing. These generated dialogues are categorized421

into nine representative topics, derived from com-422

mon scenarios in psychological counseling. The423

distribution of topics is illustrated in Figure 3.424

Among the numerous mainstream psychothera-425

peutic approaches, CBT (Hollon and Beck, 1994)426

and REBT (Ellis, 2000) have emerged as ideal427

choices for APC due to their highly structured428

therapeutic frameworks, explicit educational ori-429

entation, and emphasis on client self-management.430

Therefore, we adopt CBT and REBT as the theoret-431

ical foundations for establishing counselor strate-432

gies. The distribution of the two therapeutic ap-433

proaches is shown in Figure 4.434

4.2 Dataset Evaluation435

Dataset comparison. To comprehensively evalu-436

ate the quality of CFlowPsyD, we conduct a de-437

tailed comparative analysis. Since the evaluators’438

native language is Chinese, only Chinese datasets439

are considered to ensure the quality of human eval-440

uation. It should be noted that CFlowPsyD is cur-441

rently the only dataset that focuses on APC. Due442

to the lack of other APC datasets as direct com-443

parisons, we choose to compare it with several444

mainstream synchronous dialogue datasets, includ-445

ing SMILECHAT (Qiu et al., 2023), SoulChatCor-446

pus (Chen et al., 2023), CPsyCounD (Zhang et al.,447

Figure 3: Distribution of counseling topics.

Figure 4: Distribution of psychotherapeutic approaches.

2024b), and PsyDTCorpus (Xie et al., 2024). De- 448

tailed information and evaluation results for these 449

datasets are provided in Table 1, where Size, NoT., 450

LoC., LoP. and Thi. represent dataset size, average 451

number of dialogue turns, average length of client 452

responses, average length of counselor responses, 453

and thinking, respectively. Research indicates that 454

asynchronous methods afford both parties more ad- 455

equate time and space for reflection and expression. 456

Consequently, compared with SPC, APC is char- 457

acterized by longer individual response texts from 458

both clients and counselors (Shanks et al., 2020), 459

as well as fewer conversational turns (Song et al., 460

2023). Table 1 demonstrates that CFlowPsyD is 461

the only counseling dataset with explicit thinking. 462

Professional Evaluation. We randomly se- 463

lect 480 conversation samples from each dataset 464

and evaluate them across five dimensions using 465

Deepseek-R1(DS) and six human professional 466

counselors: Reality(Rea.), Dialogue Consistency 467

(Con.), Strategy Accuracy(Acc.), Relationship 468

Building (Rel.) and Safety (Saf.) (Swank et al. 469

(2012) and American Psychological Association 470

(2012)). Detailed descriptions of these evaluation 471

criteria are provided in Appendix A.4. Each di- 472

mension is rated on a scale from 0 to 10, with 473

higher scores indicating better performance. The 474

Safety metric assesses personal information disclo- 475

sure risk: 0 indicates secure, 1 indicates disclosure. 476

Results show that CFlowPsyD significantly outper- 477
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Figure 5: Similarity compared between synthetic data
and seed data.

forms existing datasets across different dimensions478

and maintains safety. It indicates that CFlowPsyD479

authentically replicates the complex scenarios en-480

countered in APC, delivering effective counseling481

services to clients through precise and consistent482

intervention strategies with enhanced analysis.483

Data similarity analysis. To evaluate the se-484

mantic diversity of the CFlowPsyD dataset, we use485

the Qwen3-Embedding-0.6B model (Zhang et al.,486

2025) to generate text embedding vectors, and then487

test the semantic similarity between different con-488

versations in the dialogue dataset by calculating489

cosine similarity. As shown in Figure 5, the aver-490

age cosine similarity of the embeddings generated491

from our dataset is 0.564, indicating that our syn-492

thetic data can maintain a rich semantic hierarchical493

structure. Furthermore, we calculate the semantic494

similarity between CFlowPsyD and the seed data495

and use TF-IDF features to calculate cosine simi-496

larity between dialogue pairs (Salton et al., 1975)497

shown in Appendix A.3, demonstrating that our498

synthesized data maintains rich lexical diversity499

compared to other dataset baselines.500

5 Experiment501

5.1 Baseline Models502

Closed-source: GPT-5 (OpenAI, 2024); Claude-503

4-Sonnet (Anthropic, 2024); Qwen-Max-Latest504

(Qwen Team, 2024).505

Domain-specific: MeChat (Qiu et al., 2023);506

PsyChat (Qiu et al., 2024); SoulChat2.0 (Chen507

et al., 2023); EmoLLM-V3 (EmoLLM, 2024);508

MindChat (Xue and Yan, 2023); CPsyCounX509

(Zhang et al., 2024b).510

CFlowPsyMe: InternLM2_5-7B-chat (Team511

and Contributors, 2024); Llama3.1-8B-Instruct512

(Dubey et al., 2024); Qwen3-4B (Yang et al., 2025).513

5.2 Evaluation Settings 514

We evaluate the performance of our method on 515

the CFlowPsyD dataset and in real-world scenar- 516

ios. The CFlowPsyD dataset is randomly split 517

into 1,539 training samples and 161 test samples, 518

with the test set covering all 8 topics and compris- 519

ing 876 dialogue turns for evaluation. To ensure 520

fair comparison, we add a "psychological coun- 521

selor" identity prompt to closed-source models (see 522

Appendix D for details), and perform LoRA fine- 523

tuning on domain-specific models (Domain) and 524

general open-source models (CFlowPsyMe) using 525

the CFlowPsyD training data. In real-world scenar- 526

ios, we recruit 100 volunteers from diverse back- 527

grounds to engage in 5-8 rounds of APC dialogues 528

with each evaluated model. 529

For evaluation, we employ six professional psy- 530

chological counselors(Prof.) to conduct human 531

assessment. To supplement human evaluation 532

and protect volunteer privacy, we use DeepSeek- 533

R1(DS), which features explicit reasoning and ex- 534

cels in Chinese, only for automatic evaluation on 535

the CFlowPsyD dataset. We assess response qual- 536

ity across five dimensions: Realism (Rea.), Con- 537

versational Consistency (Con.), Strategy Accuracy 538

(Acc.), Relationship Building (Rel.), and Safety 539

(Saf.) (see Appendix A.4 for details). 540

5.3 Implementation details 541

To construct our APC service system CFlowPsyMe, 542

we perform LoRA fine-tuning (Hu et al., 2022) on 543

open-source models using CFlowPsyD within the 544

LLaMA-Factory framework (Zheng et al., 2024), 545

where the rank (r) was set to 32. The training proce- 546

dure employs a linear-type learning rate scheduler, 547

initializing with a learning rate of 1.05×10−5, cou- 548

pled with a warmup ratio of 0.11, and continued 549

for 3 epochs. Training is executed with a batch size 550

of one per device on a single NVIDIA A100-40G 551

GPU. During inference, all LLMs adopt a uniform 552

setting characterized by a temperature of 0.7, top_p 553

of 0.8, and top_k equal to 20. 554

5.4 Experimental Results 555

As shown in Table 2, although closed-source LLMs 556

with explicit reasoning capabilities, represented by 557

GPT-5, demonstrate competitive performance on 558

the CFlowPsyD dataset, the CFlowPsyMe APC 559

system represented by Qwen3-4B significantly out- 560

performs all domain-specific baselines on the Con. 561

and Acc. metrics, even reaching or exceeding the 562
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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.

performance of closed-source LLMs. Furthermore,563

CFlowPsyMe also exhibits excellent performance564

on the Rea. and Rel. metrics, indicating supe-565

rior reasoning capabilities in psychological coun-566

seling. This demonstrates that our model generates567

the most appropriate and accurate interventions568

for clients while adopting intervention strategies569

most similar to those of human counselors. This570

advantage also extends to APC in real-world sce-571

narios, where CFlowPsyMe consistently maintains572

performance close to or even superior (Qwen3-4B)573

to closed-source LLMs across all metrics, demon-574

strating robust APC capabilities. Notably, these re-575

sults are achieved with only 1,539 training samples576

from CFlowPsyD, demonstrating that our analysis-577

enhanced dataset effectively improves LLM accu-578

racy and consistency in APC interventions.579

5.5 Ablation study.580

To validate our CFlowPsy framework, we conduct581

an ablation study evaluated by six senior psycho-582

logical counselors. Starting with dialogues gener-583

ated by GPT-4o (“Initial”), we systematically re-584

move individual components (Stylist, Strategist, Re-585

framer, Profiler, Tracker, Persona-Flow) and coun-586

selor “thinking” from the generation process. Eval-587

uating 120 randomly selected dialogues per condi-588

tion across five dimensions, the complete CFlow-589

Psy achieves highest scores across all metrics. We590

find that w/o Stylist most impacted dialogue reality,591

indicating context-building effectively simulates592

real counseling; removing counselor thinking sig-593

nificantly degraded conversation quality; Persona-594

Flow emerges as the primary contributor to con-595

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).

sistent and accurate dialogues. All components 596

significantly enhance counseling dialogue quality. 597

6 Conclusion 598

We designed a novel analysis-enhanced framework 599

CFlowPsy to synthesize asynchronous psycholog- 600

ical counseling dialogues, and applied it to con- 601

struct the first Chinese asynchronous psycholog- 602

ical counseling dataset CFlowPsyD. This frame- 603

work supports counselors in generating analysis- 604

enhanced accurate and consistent interventions 605

through Persona-Flow continuous updates of client 606

profiles and counseling progress. We further em- 607

ployed multiple technical approaches to enhance 608

the diversity of generated dialogues. Experimen- 609

tal results demonstrate that CFlowPsyD signifi- 610

cantly improves LLMs’ ability to provide accurate 611

and consistent interventions. It indicates that the 612

CFlowPsyD dataset offers an effective solution for 613

generating APC dialogues. 614
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Limitations615

While our work presents a comprehensive frame-616

work for generating asynchronous psychological617

counseling dialogues, several limitations warrant618

acknowledgment. First, CFlowPsyD is currently619

limited to Chinese language contexts, which may620

restrict its applicability to other linguistic and cul-621

tural settings. Mental health conceptualizations and622

therapeutic approaches vary significantly across623

cultures, and our framework’s effectiveness in non-624

Chinese contexts remains unexplored.625

Second, despite rigorous quality control, our626

framework relies on 150 real counseling cases as627

seed data. While this enables diverse dialogue628

generation through personalization, a larger and629

more diverse seed corpus could potentially enhance630

the representativeness of psychological issues and631

counseling scenarios covered in the dataset. Addi-632

tionally, the long-term therapeutic efficacy and sus-633

tained engagement of CFlowPsyMe in real-world634

clinical settings have not been systematically eval-635

uated, and longitudinal studies tracking client out-636

comes over extended periods would provide more637

robust evidence of clinical utility.638

Finally, although we employed professional639

counselors for human evaluation and established640

clear evaluation criteria, assessment of counseling641

quality inherently involves subjective judgment,642

and inter-rater reliability and potential evaluator643

biases may influence our results.644

Ethical Considerations645

This research is conducted in accordance with par-646

ticular attention to safeguarding the privacy of all647

participants. All procedures receive approval from648

our institutional ethics review board prior to data649

collection and volunteer recruitment.650

The 150 real counseling cases used as seed data651

are obtained through an end-to-end encrypted plat-652

form with explicit informed consent from all par-653

ticipants. We implement rigorous de-identification654

procedures following the Chinese national stan-655

dard GB/T 39725-2020 for personal information656

de-identification. All personally identifiable infor-657

mation, including real names, specific addresses,658

contact information, and birthdates, is completely659

removed from counseling records. Ages are gen-660

eralized to five-year brackets, specific locations661

are replaced with general geographic regions, and662

exact timestamps are de-specified to prevent re-663

identification. Furthermore, sensitive personal664

details within counseling content, such as em- 665

ployer names, family members’ identifying infor- 666

mation, and specific incidents that could lead to 667

re-identification, undergo semantic desensitization 668

while preserving therapeutic relevance. All de- 669

identified cases are reviewed by independent pri- 670

vacy experts and professional counselors to ensure 671

no residual identifying information remains while 672

maintaining clinical authenticity. 673

For the real-world scenario evaluation, 100 vol- 674

unteers participate after providing written informed 675

consent following full disclosure of the study pur- 676

pose, data usage, and privacy protections. All par- 677

ticipation is voluntary with explicit rights to with- 678

draw at any time without penalty. We implement 679

strict data minimization principles, collecting only 680

information essential for evaluating counseling di- 681

alogue quality. Volunteer identities are replaced 682

with random identifiers in all research records, and 683

dialogue data is separated from any linking infor- 684

mation. All volunteer data is stored in encrypted 685

databases with access restricted to authorized re- 686

search personnel only and is retained only for the 687

duration necessary for research validation before 688

secure deletion. 689

Six licensed professional psychological coun- 690

selors provide the original counseling services and 691

supervise the framework development to ensure 692

adherence to professional ethical standards, includ- 693

ing appropriate boundaries, non-maleficence, and 694

respect for client autonomy. During volunteer test- 695

ing, professional counselors monitor all interac- 696

tions, and no volunteer exhibits signs of psycholog- 697

ical distress requiring intervention. All participants 698

are provided with information on accessing profes- 699

sional mental health resources. We explicitly ac- 700

knowledge that CFlowPsyMe is a research system 701

intended to support, not replace, professional men- 702

tal health services, and the system includes clear 703

disclaimers advising users to seek professional help 704

for serious mental health concerns. 705

References 706

American Psychological Association. 2012. Guidelines 707
for psychological practice with lesbian, gay, and bi- 708
sexual clients. American Psychologist, 67(1):10–42. 709

Samiaa Anjum, Rooh Ullah, Muhammad Suleman 710
Rana, Hamid Ali Khan, Fawad Shabir Memon, Yasin 711
Ahmed, Sadia Jabeen, and Rani Faryal. 2020. Covid- 712
19 pandemic: A serious threat for public mental 713
health globally. Psychiatria Danubina, 32(2):245– 714
250. 715

9

https://doi.org/10.1037/a0024659
https://doi.org/10.1037/a0024659
https://doi.org/10.1037/a0024659
https://doi.org/10.1037/a0024659
https://doi.org/10.1037/a0024659


Anthropic. 2024. Claude 3.7 sonnet and claude716
code. https://www.anthropic.com/news/717
claude-3-7-sonnet. Accessed: 2025-03-02.718

Steven Chan, Luming Li, John Torous, David Gratzer,719
and Peter M Yellowlees. 2018. Review of use of720
asynchronous technologies incorporated in mental721
health care. Current psychiatry reports, 20(10):85.722

Yirong Chen, Zefan Yuan, Beichen Wang, Yifan Gao,723
Zhaowei Li, Guoping Zhao, Qingwei Lin, and Dong724
Yu. 2023. SoulChat: Improving LLMs’ empathy, lis-725
tening, and comfort abilities through fine-tuning with726
multi-turn empathy conversations. In Findings of the727
Association for Computational Linguistics: EMNLP728
2023, pages 1183–1197, Singapore. Association for729
Computational Linguistics.730

Sarada Devaram. 2020. Empathic chatbot: Emotional731
intelligence for empathic chatbot: Emotional intelli-732
gence for mental health well-being. arXiv preprint733
arXiv:2012.09130.734

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,735
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,736
Akhil Mathur, Alan Schelten, Amy Yang, Angela737
Fan, and 1 others. 2024. The llama 3 herd of models.738
arXiv e-prints, pages arXiv–2407.739

Anne Dwyer, Abílio de Almeida Neto, Dominique Esti-740
val, Weicong Li, Christa Lam-Cassettari, and Mark741
Antoniou. 2021. Suitability of text-based communi-742
cations for the delivery of psychological therapeutic743
services to rural and remote communities: scoping744
review. JMIR mental health, 8(2):e19478.745

Albert Ellis. 2000. Rational emotive behaviour therapy.746
Six key approaches to counseling & therapy. London:747
Paston PrePress, pages 181–227.748

EmoLLM. 2024. Emollm. Accessed on May 17, 2025.749

Kai He, Rui Mao, Qika Lin, Yucheng Ruan, Xiang Lan,750
Mengling Feng, and Erik Cambria. 2025. A survey751
of large language models for healthcare: from data,752
technology, and applications to accountability and753
ethics. Information Fusion, 118:102963.754

Steven D Hollon and Aaron T Beck. 1994. Cognitive755
and cognitive-behavioral therapies.756

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan757
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,758
Weizhu Chen, and 1 others. 2022. Lora: Low-rank759
adaptation of large language models. ICLR, 1(2):3.760

Jure Leskovec and Rok Sosič. 2016. Snap: A general-761
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A Appendix 924

A.1 Reproducibility Checklist 925

A.1.1 Model and Data 926

The CFlowPsyD dataset and CFlowPsyMe model 927

will be released upon decision of the paper. 928

A.1.2 System Hardware 929

We train the CFlowPsyMe on an Ubuntu 20.04.6 930

LTS server equipped with two AMD EPYC 7502 931

32-Core processors (128 threads in total), one 932
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NVIDIA A100-PCIe-40 GB GPU, and 32 GB of933

system memory.934

A.1.3 Driver Version935

The version of Nvidia driver is "525.60.13". The936

version of CUDA is "12.0".937

A.1.4 Package Version938

python=3.12.9, torch=2.6.0, transformers=4.51.3,939

deepspeed=0.16.5, datasets=3.2.0, llamafac-940

tory=0.9.3.dev0 and jieba=0.42.1 are recom-941

mended.942

A.2 The Working Algorithm of CFlowPsy943

The working algorithm of CFlowPsy is shown in944

Algorithm 1.945

A.3 Data Similarity Analysis of CFlowPsyD946

To evaluate the semantic similarity between the947

CFlowPsyD dataset and the seed data, we use948

the Qwen3-Embedding-0.6B model(Zhang et al.,949

2025) to generate text embedding vectors for950

CFlowPsyD and the seed data, and then calculate951

the cosine similarity to measure the semantic simi-952

larity between CFlowPsyD and the seed data. As953

shown in Figure 6, our synthetic dataset achieves954

an average cosine similarity of 0.590 with the seed955

data, indicating that CFlowPsyD maintains good956

diversity while preserving semantic relevance.957

To evaluate the lexical diversity of the CFlow-958

PsyD dataset, we use TF-IDF features to calcu-959

late cosine similarity between different dialogue960

pairs (Salton et al., 1975). We randomly select961

10 seed data and perform similarity analysis with962

their synthesized data. Figure 7 demonstrates that963

our synthesized data maintains rich semantic hi-964

erarchical structures. Furthermore, to validate the965

efficacy of CFlowPsy for the synthesis of multi-turn966

APC dialogues, we compare CFlowPsyD with Psy-967

DTCorpus, SoulChatCorpus, SMILECHAT, and968

CPsyCounD. As depicted in Figure 8, CFlowPsyD969

demonstrates superior lexical diversity when com-970

pared to other datasets.971

A.4 Evaluation Metrics972

In Figure 9, we elaborate in detail on the five Eval-973

uation Metrics—reality, dialogue consistency, strat-974

egy accuracy, relationship building and safety.975

A.5 Statistical Significance976

Table 4 and Table 5 present the results of statistical977

significance.978

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

Figure 6: Similarity compared with the seed data.
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Figure 7: Similarity compared between synthetic data
and seed data.

Figure 8: Similarity compared with other datasets.

A.6 Case Study 979

This study presents a comparative analysis of our 980

CFlowPsyMe with the best performing closed- 981

source model and domain model, GPT-5 and CPsy- 982

CounX in APC. As illustrated in Figure 10, GPT- 983

5 predominantly offers encouragement and com- 984

fort, yet lacks directive guidance. CPsyCounX 985

attempts to provide encouragement and employ 986

guided inquiry; however, its linguistic output is 987

comparatively rigid, potentially diminishing the 988

client’s willingness to engage in the dialogue. In 989

contrast, our proposed CFlowPsyMe not only fur- 990

nishes appropriate support but also astutely detects 991

the client’s demand change. It further endeavors 992

to gently guide the client in identifying the under- 993

lying reasons for this shift, employing empathetic 994

language. This performance demonstrates an accu- 995

rate and consistent intervention handling changing 996

needs, highlighting CFlowPsy’s potential in real- 997

world applications. 998

A.7 Evaluation Prompt for LLMs 999

Figure 11 provides specific descriptions of evalua- 1000

tion prompts used to evaluate closed-source models 1001

with the test data of CFlowPsyD. 1002

A.8 Prompts for Agents 1003

In this section, we detail the prompts used to con- 1004

struct Drafter, Stylist, Profiler, Tracker, Strategist 1005

and Reframer. Figure 12, 13, 14, 15, 16 and 17 1006

provides specific descriptions of these prompts. 1007

A.9 Data Example from CFlowPsyD 1008

Figure 18 presents a comprehensive dialogue exam- 1009

ple from the CFlowPsyD dataset. We highlight the 1010

counselor’s detection and analysis of the client’s 1011

base information and emotions during the thinking 1012

process. 1013
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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 9: Professional evaluation metrics for assessing APC responses, including the details measured of each
dimension and their descriptions.
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Figure 10: The case of evaluations of GPT-5, CPsyCounX, and CFlowPsyMe.
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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.
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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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