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Abstract001

Psychological client simulators have emerged002
as a scalable solution for training and evaluat-003
ing counselor trainees and psychological LLMs.004
Yet existing simulators exhibit unrealistic over-005
compliance, leaving counselors underprepared006
for the challenging behaviors common in real-007
world practice. To bridge this gap, we present008
ResistClient, which systematically models chal-009
lenging client behaviors grounded in Client Re-010
sistance Theory by integrating external behav-011
iors with underlying motivational mechanisms.012
To this end, we propose Resistance-Informed013
Motivation Reasoning (RIMR), a two-stage014
training framework. First, RIMR mitigates015
compliance bias via supervised fine-tuning on016
RPC, a large-scale resistance-oriented psycho-017
logical conversation dataset covering diverse018
client profiles. Second, beyond surface-level019
response imitation, RIMR models psycholog-020
ically coherent motivation reasoning before021
response generation, jointly optimizing moti-022
vation authenticity and response consistency023
via process-supervised reinforcement learning.024
Extensive automatic and expert evaluations025
show that ResistClient substantially outper-026
forms existing simulators in challenge fidelity,027
behavioral plausibility, and reasoning coher-028
ence. Moreover, ResistClient facilities evalu-029
ation of psychological LLMs under challeng-030
ing conditions, offering new optimization di-031
rections for mental health dialogue systems.032
Our code is available at https://anonymous.033
4open.science/r/ResistClient.034

1 Introduction035

Mental health disorders affect over one billion peo-036

ple worldwide, yet access to qualified counselors037

remains severely limited (Organization, 2025). Mo-038

tivated by this limitation, large language models039

(LLMs) have increasingly been explored for coun-040

selor training (Steenstra et al., 2025), evaluation041

(Xiao et al., 2025a), and supervision (Lin et al.,042

2023), where client simulators play a central role043

Figure 1: Existing LLM-based client simulators exhibit
overly-compliance. ResistClient generates authentic
resistant behaviors through motivation reasoning steps.

by providing scalable, repeatable practice envi- 044

ronments (Wang et al., 2024). However, existing 045

psychological client simulators often exhibit over- 046

compliant behaviors compared to real clients (Yang 047

et al., 2025b), manifesting as unusually high open- 048

ness (Kim et al., 2025), excessive receptivity, and 049

positive emotional stability(Wang et al., 2025b). 050

This behavioral misalignment leads to the under- 051

exploration of challenging therapeutic scenarios, 052

ultimately constraining the effectiveness and relia- 053

bility of both counselor trainees and psychological 054

LLMs in realistic clinical contexts. 055

In real therapeutic practice, counselors fre- 056

quently encounter "difficult" or "challenging" 057

clients who exhibit resistance—defined as behav- 058

iors that avoid or reduce self-disclosure requested 059

by the counselor because such communication 060

causes discomfort or anxiety (Otani, 1989). Re- 061

sistance is both inevitable and consequential: vir- 062

tually all clients exhibit some degree of resistance 063

during counseling, and extensive clinical literature 064

shows that the effectiveness of resistance manage- 065

ment critically shapes therapeutic processes and 066
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outcomes (Strean, 1985). Consequently, explicitly067

incorporating resistance mechanisms into client068

simulation is essential for narrowing the mismatch069

between idealized, compliant simulations and the070

challenging realities of clinical practice.071

This paper aims to develop a resistance-informed072

client simulator that authentically replicates the073

challenging dynamics of real-world therapeutic in-074

teractions. Two key challenges arise:075

1) Unrealistic challenging behaviors induced by076

compliance bias: Existing client simulators rely077

on profile-conditioned generation using pre-aligned078

LLMs (Wang et al., 2024), whose inherent compli-079

ant bias fundamentally conflicts with clinical non-080

compliance (Wang et al., 2025a). Lacking exposure081

to authentic resistance during pre-training, prompt-082

level adjustments (Yang et al., 2025b; Wang et al.,083

2025b; Kim et al., 2025) yield only superficial dif-084

ficulty, failing to replicate the challenging inter-085

actions and psychological depth characteristic of086

real-world therapeutic encounters.087

2) Shallow simulation induced by absence of088

internal mechanisms: Psychological theory con-089

ceptualizes resistance as cognitive–affective pro-090

cesses (Otani, 1989; Chamberlain et al., 1984), not091

isolated behaviors. In contrast, existing client sim-092

ulators focus on direct response generation without093

modeling the motivational mechanisms underlying094

these behaviors. Consequently, simulated reactions095

are reduced to surface-level response fitting, obscur-096

ing whether the behaviors reflect psychologically097

coherent processes or merely replicate superficial098

response patterns.099

To address these challenges, we propose Resist-100

Client (Figure 1), a challenging client simulator101

that replicates therapeutic resistance through ex-102

plicit motivation reasoning. ResistClient is instan-103

tiated via Resistance-Informed Motivation Reason-104

ing (RIMR), a two-stage training framework: (1)105

Resistance-Informed Supervised Fine-Tuning miti-106

gates the compliant bias in pre-trained LLMs. We107

construct the Resistance-Informed Psychological108

Conversations (RPC) dataset, which conceptualizes109

diverse client profiles from real conversations and110

augments challenging behaviors grounded in Client111

Resistance Theory (Chamberlain et al., 1984). Fine-112

tuning on RPC enables the model to learn expres-113

sion patterns of different resistance types from real114

interactions, recalibrating its behavioral distribu-115

tion toward realistic non-compliance. (2) Motiva-116

tion Reasoning Reinforcement Learning (MRRL)117

addresses the lack of internal mechanism model-118

ing by encouraging explicit motivation reasoning 119

before response generation. Mirroring psycholog- 120

ical processes of real clients, the model generates 121

responses through structured reasoning steps, in- 122

tegrating profile-based cognitive reflection and sit- 123

uational awareness. Using process-supervised re- 124

wards derived from expert feedback, MRRL op- 125

timizes the step-wise authenticity of motivation 126

reasoning and its consistency with the generated 127

responses, enabling psychologically coherent be- 128

haviors. Together, RIMR enables ResistClient to 129

balance challenge intensity with behavioral plausi- 130

bility, supporting realistic and interpretable simula- 131

tion of difficult therapeutic interactions. 132

Our contributions can be summarized as follows: 133

• To our best knowledge, this is the first work 134

to systematically investigate and model chal- 135

lenging behaviors in client simulation. We 136

propose ResistClient, shifting the prevailing 137

paradigm from over-compliance to authentic 138

challenging interactions. 139

• We introduce a novel training mechanism 140

RIMR and RPC dataset. Moving beyond shal- 141

low responses imitation, our method generates 142

psychologically coherent behaviors through 143

motivation reasoning, enabling high-fidelity 144

simulation across diverse client profiles. 145

• Extensive automatic and expert evaluations 146

demonstrate ResistClient achieves state-of- 147

the-art challenge intensity and behavioral 148

plausibility. By replicating realistic challeng- 149

ing interactions, our work provides a critical 150

new perspective for evaluating clinical relia- 151

bility of psychological LLMs. 152

2 Related Work 153

Client simulators struggle with over-compliance, 154

while existing building paradigms prioritize exter- 155

nal responses over internal psychological processes. 156

We tackle this by adapting reasoning reinforcement 157

learning (RRL) grounded in psychological resis- 158

tance theory, aligning both behavioral patterns and 159

internal cognition with real challenging clients. 160

Overly-Compliant Behavior in Client Simula- 161

tion. Recent LLM-based client simulators enable 162

profile-conditioned generation (Wang et al., 2024; 163

Chen et al., 2025), extensions improving consis- 164

tency via state tracking or memory mechanisms 165

(Yang et al., 2025b; Wang et al., 2025b). De- 166

spite prompt-level mitigation (e.g., information 167

withholding (Kim et al., 2025), low receptivity 168
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setting (Yang et al., 2025b), or emotion injection169

(Wang et al., 2025b)), existing simulators remain170

overly compliant due to the inherent compliant171

bias of pre-aligned LLMs (Lu et al., 2024; Xu172

et al., 2023). More critically, psychological the-173

ory views challenging client behaviors as mani-174

festations of underlying cognitive–affective resis-175

tance (Otani, 1989), rather than isolated behavior.176

ResistClient addresses these by grounding simu-177

lation in Client Resistance Theory (Chamberlain178

et al., 1984), jointly modeling resistant behaviors179

and their underlying motivation reasoning.180

Building Paradigms for User Simulation. Exist-181

ing user simulators fall into four paradigms: (1)182

Profile-conditioned generation (Wang et al., 2024)183

relies on intrinsic LLM reasoning but struggles184

with behavioral consistency. (2) Agent-based user185

simulators (Wang et al., 2025b; Yang et al., 2025b)186

employ agentic frameworks to improve consis-187

tency but lack utterance-level realism due to lim-188

ited real-data training (Wang et al., 2025a). (3)189

Conditional supervised fine-tuning (Kong et al.,190

2024; Wang et al., 2025a) learns from real data191

but only achieves surface-level imitation. (4) Non-192

collaborative user simulation counteracts the inher-193

ent politeness of LLMs by modeling uncooperative194

behaviors (Zhang et al., 2024; Xiao et al., 2025b),195

but lacks specific expertise in the psychological196

field. Across all paradigms, existing methods pri-197

oritize observable behavior over latent reasoning,198

limiting their utility for psychological training.199

Reasoning Reinforcement Learning for LLMs.200

Recent RRL frameworks (e.g., DeepSeek-R1 (Guo201

et al., 2025)) explicitly model intermediate rea-202

soning steps, using RL to align reasoning quality203

with human preferences. Recent efforts extend this204

paradigm to psychological domains: Psyche-R1205

(Dai et al., 2025) enhances empathy and exper-206

tise reasoning, while Mindora (Xiao et al., 2025a)207

imporves clinically aligned counselor reasoning.208

However, they target supporter-side cognition, leav-209

ing client-side motivation reasoning unexplored.210

We pioneer RRL for client simulation, adapting211

GRPO with process-level rewards to ensure step-212

wise validity and reasoning–response consistency.213

3 ResistClient Construction214

To address the over-compliance bias in existing215

client simulators, we propose RIMR, a two-stage216

training framework for psychologically grounded217

resistance behaviors. As illustrated in Figure 2,218

RIMR consists of: (1) Resistance-Informed Su- 219

pervised Fine-Tuning on our RPC dataset, and (2) 220

Motivation Reasoning Reinforcement Learning. 221

3.1 RPC Dataset Construction 222

Existing psychological conversation datasets ex- 223

hibit compliant bias, where clients respond unreal- 224

istically compliantly even to potentially resistance- 225

eliciting counselor utterances. To mitigate this bias, 226

we construct the RPC dataset through (i) psycho- 227

logically grounded profile conceptualization and 228

(ii) resistance-informed conversation rewriting. 229

3.1.1 Profile Conceptualization from 230

Psychological Conversation 231

Rather than relying on shallow personas, we adopt 232

a clinically grounded Client Profile Schema in- 233

spired by the 5P case formulation model (John- 234

stone and Dallos, 2013), which links internal psy- 235

chological states to observable reactions through: 236

(1) Presenting Problems: primary concerns; (2) 237

Predisposing Factors: historical vulnerabilities; (3) 238

Precipitating Factors: recent triggers; (4) Perpet- 239

uating Factors: maintaining circumstances; and 240

(5) Protective Factors: recovery resources. This 241

causally-informed schema ensures client responses 242

manifests as a psychologically grounded process 243

rather than random occurrences. 244

To ensure the authenticity and diversity of sim- 245

ulated interactions, we build profiles utilizing 246

ProPsyC, a large-scale repository of real-world psy- 247

chological conversations (Hu et al., 2025). Follow- 248

ing the schema above, we employ DeepSeek-V3.2 249

to extract structured 5P profiles with few-shot guid- 250

ance from expert-annotated examples. Profile qual- 251

ity is evaluated along coverage and faithfulness 252

dimensions following Wang et al. (2025a), with 253

low-consistency samples filtered out (Appendix A). 254

3.1.2 Conversation Rewriting with Resistance 255

Reactions 256

Although resistance is pervasive in counseling 257

practice (Strean, 1985), it is rarely reflected in 258

open-source datasets due to ethical constraints and 259

privacy-preserving curation that systematically sup- 260

press challenging reactions. To mitigate this dis- 261

tributional bias while preserving the overall co- 262

herence and intent of the original conversations, 263

we propose a Resistance-Informed Conversation 264

Rewriting framework to introduce psychologically 265

grounded resistance reactions at contextually appro- 266

priate moments, through controlled, theory-driven 267
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Figure 2: Overview of our proposed ResistClient with Resistance-informed Motivation Reasoning framework.

rewriting. Our framework is described as follows:268

Resistance Trigger Recognition. Drawing on in-269

terviews with counselors, we identify resistance270

triggers as counselor interventions that are likely to271

elicit client resistance when interacting with clients’272

psychological vulnerabilities (Table 5). Rather than273

relying on surface cues alone, trigger recognition274

is conditioned on both the local conversational con-275

text and high-risk features in the client’s 5P pro-276

file. During rewriting, each counselor turn is ex-277

amined for such trigger characteristics in a context-278

sensitive and profile-aware manner.279

Resistance-Informed Rewriting. Guided by280

Client Resistance Theory (Chamberlain et al.,281

1984), we define a comprehensive reaction taxon-282

omy consisting of five resistance types (Controlling,283

Emotional, Defensive, Avoidant, and Compliant)284

and two cooperative types (Non-resistant and Fa-285

cilitative) (Table 4). When a resistance trigger is286

detected, the subsequent client response is rewritten287

to reflect the most contextually appropriate reaction288

type. To prevent semantic drift, rewriting is strictly289

localized: only the immediate response and up to290

three subsequent turns are modified, with at most291

one primary resistance episode per session.292

Client Reaction Annotation. Each client response293

is annotated with a reaction label and a brief reac-294

tion rationale explaining its underlying motivation.295

To balance scalability and validity, we adopt LLM-296

assisted annotation with expert verification. Few-297

shot prompts with curated examples guide initial298

labeling, while professional counselors verify and 299

refine the annotations to ensure clinical validity. 300

Using DeepSeek-V3.2 and this framework, we 301

construct the RPC from ProPsyC. As shown in Ap- 302

pendix A, the resulting dataset contains 1,849 com- 303

plete counseling sessions, spanning 14 common 304

counseling topics, with 1,761 sessions exhibiting 305

resistance behaviors. Each session is paired with a 306

validated 5P client profile and thoroughly annotated 307

conversation, providing a high-quality foundation 308

for training resistance-aware client simulators. 309

3.2 Conditional Supervised Fine-Tuning 310

To mitigate the over-compliance inherited from pre- 311

training distributions, our model performs profile- 312

conditioned supervised fine-tuning on RPC. This 313

stage enables the model to learn structured map- 314

pings from client profiles and interaction contexts 315

to specific behavioral outputs—including reaction 316

types, responses, and underlying reasons—as con- 317

ceptualized in Client Resistance Theory. For- 318

mally, given a client profile p, conversation his- 319

toryHt−1, and counselor utterance uct , the model 320

πθsft is trained to predict a client response tuple uat 321

(reaction type, response, reason). The supervised 322

fine-tuning objective minimizes the following loss: 323

Lsft = −
T∑
t=1

logP (uat,j |uat,<j , u
c
t ,Ht−1, p) (1) 324

where T is the total number of conversation turns 325

and uat,j denotes the j-th token of the uat . 326
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3.3 Motivation Reasoning RL327

Generating realistic client reactions is an inherently328

open-ended task, where surface-level language fit-329

ting is insufficient to ensure psychological fidelity.330

While supervised fine-tuning addresses surface-331

level over-compliance, realistic resistance behav-332

iors further require explicit modeling of the under-333

lying motivation reasoning process. To this end, we334

propose MRRL, which aligns structured client-side335

psychological reasoning with human preferences336

via process-supervised reinforcement learning.337

3.3.1 Structured Motivation Reasoning338

Generation and Annotation339

Motivation Reasoning Structure. We decompose340

the motivation reasoning process into three struc-341

tured steps: 1) Profile Reflection, which reflects342

potential resistance tendencies by integrating sta-343

ble cognitive and emotional factors from the 5P344

profile; 2) Situation Awareness, which analyzes345

conversation history and current counselor utter-346

ance to infer the client’s momentary psychological347

state; and 3) Reaction Decision, specifying the re-348

action type and expected behavioral characteristics.349

This structured process mirrors human-like psy-350

chological reasoning, enabling both interpretability351

and improved realism.352

Process-Supervised Reward Annotation. We353

evaluate the motivation reasoning process and354

client response generation from two perspectives.355

First, we assess the step-wise quality of each rea-356

soning step and the final response to ensure psy-357

chological plausibility. Second, to optimize the358

model’s ability to maintain coherence between the359

reaction type decided through reasoning and the fi-360

nal utterance, we evaluate reasoning-response con-361

sistency. Crucially, to align the reasoning process362

with human judgment, we employ expert-annotated363

process-level rewards on sampled outputs from the364

SFT model πθsft . Detailed annotation protocols are365

provided in the supplementary materials C.366

3.3.2 RL with Consistency-aware Reward367

Reweighting368

To jointly optimize reasoning validity and rea-369

soning–response alignment, we introduce a370

consistency-aware reward reweighting strategy371

within GRPO. Based on the expert-annotated sam-372

ples, we employ GRPO in an offline setting with373

process-supervised rewards. Specifically, for each374

context q (including client profile and conversation375

history), GRPO samples a group of outputs {oi}Gi=1376

from the old policy πθsft and optimizes the policy 377

model by maximizing: 378

JGRPO(θ) = E
[
q ∼ P (Q), {oi}Gi=1 ∼ πθsft(O|q)

]
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
πθ(oi,t|q, oi,<t)

πθsft(oi,t|q, oi,<t)
Âi,t,

clip
(
πθ(oi,t|q, oi,<t)

πθsft(oi,t|q, oi,<t)
, 1− ϵ, 1 + ϵ

)
Âi,t

]
− βDKL(πθ||πref )

}
(2) 379

where oi,t represents the t-th token in output oi, ϵ is 380

the clipping parameter, and β controls the KL diver- 381

gence penalty. To enforce the alignment between 382

reasoning and response, we utilize a Consistency- 383

aware Reward Reweighting strategy. For each sam- 384

pled output oi, we have step-wise rewards ri,1 (Re- 385

flection), ri,2 (Awareness), ri,3 (Decision), and ri,4 386

(Response). Additionally, a consistency reward ri,5 387

is applied to both the decision and response steps 388

to enforce semantic alignment. As shown in Figure 389

2, the reward vector Ri for each step index k is 390

constructed as: 391

Ri ={ridx(1)i,1 , r
idx(2)
i,2 , (ri,3 + ri,5)

idx(3),

(ri,4 + ri,5)
idx(4)}

(3) 392

where idx(k) refers to the end token of reason- 393

ing step k. These step-level rewards are nor- 394

malized across the sampled group: r̃
idx(k)
i = 395

r
idx(k)
i −mean(R)

std(R) . Subsequently, the advantage of 396

each token is calculated as the sum of normal- 397

ized rewards from all following steps: Âi,t = 398∑
idx(k)≥t r̃

idx(k)
i , and the policy is optimized by 399

maximizing the objective defined above. As a re- 400

sult, the consistency signal influences both decision 401

and response steps and is back-propagated to ear- 402

lier reasoning tokens, explicitly coupling internal 403

reasoning with its surface realization and encourag- 404

ing coherent and psychologically consistent client 405

behaviors. Full algorithmic details are provided in 406

Algorithm 1. 407

Through this two-stage approach, ResistClient 408

effectively captures complex client reaction pat- 409

terns with high psychological reasoning fidelity. 410

As shown in Figure 4, the simulator provides 411

human-like feedback—both cooperative and resis- 412

tant—conditioned on the appropriateness of coun- 413

seling strategies, enabling more realistic and in- 414

formative interactive training for counselors and 415

psychological LLMs. 416
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Figure 3: Application of ResistClient in interactive
counseling training.

4 Experiments417

To rigorously evaluate ResistClient, we conduct418

comprehensive experiments to assess its effec-419

tiveness, realism, and practical utility in simulat-420

ing challenging clients. In particular, we aim to421

answer the following research questions (RQs):422

RQ1: How effectively can ResistClient simulate423

client resistance behaviors compared with reason-424

ing LLM baselines? RQ2: How do the two train-425

ing stages contribute to overall simulation perfor-426

mance? RQ3: How realistic are the challenging427

behaviors generated by ResistClient compared with428

existing approaches? RQ4: What is the perfor-429

mance of current psychological LLMs when han-430

dling resistance in interactions with ResistClient?431

4.1 Resistance Simulation Capability Analysis432

4.1.1 Experiment Setup433

Evaluation framework. This experiment evalu-434

ates models’ ability to simulate client resistance435

under controlled counseling scenarios by reusing436

counselor turns from the original dataset. Client437

simulators are initialized with 100 randomly sam-438

pled profiles from RPC. All baselines receive iden-439

tical prompt descriptions of resistance and coopera-440

tive reactions to ensure fairness (Appendix D.1.1).441

For reliability, we generate 3 sessions per profile.442

Baselines. We compare ResistClient with represen-443

tative reasoning-capable LLMs, including: 1) large-444

scale models: GPT-5.1 (OpenAI, 2025), DeepSeek-445

V3.2(Liu et al., 2025), Kimi-K2-thinking(Team446

et al., 2025), GLM-4.6(Zeng et al., 2025), 2) open-447

source small-scale models: Qwen3-8B(Yang et al.,448

2025a), DeepSeek-R1-8B(Guo et al., 2025), and 3)449

our ablations: Qwen3-8B-SFT.450

Evaluation Metrics. Automated metrics evaluate451

the timing and accuracy of resistance generation,452

including Precision, Recall, F1, and Resistance 453

Trigger Frequency (RTF). Human evaluation (0–3 454

scale) assesses psychological quality across: Resis- 455

tance Fidelity (Fid.), measuring alignment between 456

reasoning reaction type and generated response; 457

Resistance Rationality (Rat.), evaluating contex- 458

tual appropriateness of resistance; and Reasoning 459

Quality (Qua.), assessing the coherence and plau- 460

sibility of underlying motivation reasoning. All 461

human scores are averaged over expert annotators 462

(Appendix D.1.2). 463

Implementation Details. We use Qwen3-8B as the 464

backbone model for its strong reasoning capability 465

and instruction-following performance. The model 466

is first fine-tuned on RPC using CSFT for 2 epochs 467

on an NVIDIA A100 (80GB). Subsequently, we 468

apply the MRRL stage for another 2 epochs to 469

align the reasoning process with human clinical 470

preferences. Inference uses T = 0.7, top_p = 0.8, 471

and top_k = 20. 472

4.1.2 Performance Comparison (RQ1) 473

Table 1 shows that ResistClient consistently outper- 474

forms all baselines across automated evaluations, 475

indicating improved resistance timing and simu- 476

lation accuracy. Specifically, the superior preci- 477

sion indicates ResistClient avoids excessive or in- 478

appropriate resistance, while the high recall shows 479

it effectively recognizes conflict situations with- 480

out over-compliance. Smaller open-source models 481

(e.g., Qwen3-8B, DeepSeek-R1-8B) exhibit higher 482

RTF but substantially lower Precision, indicating a 483

tendency toward over-triggering resistance. Human 484

evaluation confirms that ResistClient achieves the 485

highest scores in fidelity, rationality, and reasoning 486

quality, indicating that both its surface behaviors 487

and internal motivation reasoning are psycholog- 488

ically grounded and contextually appropriate. A 489

detailed case study illustrating these dynamics is 490

provided in the Appendix E. 491

4.1.3 Ablation Study (RQ2) 492

To examine the contribution of each training stage, 493

we compare ResistClient with two variants: 1) 494

Qwen3-8B, using prompt-based conditioning only, 495

and 2) Qwen3-8B-SFT, trained with CSFT on RPC. 496

Figure 4 visualizes reaction-type alignment us- 497

ing confusion matrices, where rows correspond 498

to ground-truth reactions and columns to generated 499

reactions. The diagonal mass increases from the 500

prompt-only to SFT and to the full framework, indi- 501

cating progressively improved simulation accuracy 502
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Models
Automated Metrics(%) Manual Metrics

Precision Recall F1 Score RTF Fid. (↑) Rat. (↑) Qua. (↑)

GPT-5.1 59.31 62.88 61.04 35.94 1.42 1.35 2.52
DeepSeek-V3.2 52.87 57.56 55.12 36.91 1.29 1.21 2.40
Kimi-K2-thinking 47.08 51.19 49.05 36.86 1.24 1.19 2.18
GLM-4.6 49.10 54.72 51.76 37.78 1.27 1.23 2.34
Qwen3-8B 36.52 48.54 41.68 45.06 1.10 1.04 1.88
DeepSeek-R1-8B 34.67 46.26 39.64 45.23 0.98 1.08 1.72
Qwen3-8B-SFT 63.54 73.90 68.33 39.43 1.46 1.41 2.39
ResistClient 70.38 78.95 74.42 38.03 1.63 1.58 2.61

Table 1: Resistance simulation performance of different models in psychological conversations.

Figure 4: Confusion matrices comparing reaction-type
generation across variants. Rows represent ground-truth
reaction types; columns represent generated types.

across reaction categories and confirming the con-503

tributions of both training stages. Notably, prompt-504

only model shows a strong bias toward cooperative505

reactions, consistent with the over-compliance ten-506

dency of pretrained LLMs. SFT effectively reduces507

this bias by learning diverse resistance patterns508

from RPC. MRRL further improves performance509

by explicitly modeling motivation reasoning and510

aligning with human preferences, particularly re-511

ducing confusion among resistance types. Further-512

more, the competitive performance of the SFT-only513

variant against large closed-source models high-514

lights the effectiveness of the RPC dataset.515

4.2 Quality of Challenging Behaviors516

4.2.1 Experimental Setup517

Evaluation framework. This experiment evalu-518

ates the quality and realism of challenging client519

behaviors in full counseling sessions, using coun-520

selor–client–moderator framework (Yang et al., 521

2025b). SoulChat2.0 (Xie et al., 2025) serves as 522

the standardized counselor, while 50 client profiles 523

are randomly sampled to initialize each simulator. 524

A moderator determines session termination based 525

on standardized clinical criteria (Appendix D.2.1). 526

Baselines. We reproduce representative challeng- 527

ing behaviors induction strategies: 1) Patient-ψ 528

(Wang et al., 2024), profile-conditioned simulation 529

without explicit challenging behavior modeling; 2) 530

AnnaAgent (Wang et al., 2025b), which introduces 531

challenges by injecting random emotion tags at 532

each turn via an Emotion Perturber; and 3) Yang 533

et al. (2025b), which introduces challenges through 534

low-receptivity control in profile (Appendix D.2.1). 535

Evaluation Metrics. We evaluate behavior qual- 536

ity and challenge appropriateness using both au- 537

tomated and human evaluations. Automated met- 538

rics include: Client Cooperation Rate (CCR), the 539

proportion of cooperative reactions (lower values 540

indicate stronger challenge); Conversation Turns, 541

the average session length (longer sessions sug- 542

gest higher interaction difficulty); and Coherence 543

(Coh.), semantic consistency measured by cosine 544

similarity of frozen embeddings across turns. Hu- 545

man evaluations (0-3): Realism (Real.), assessing 546

authenticity of the resistance-cooperation dynam- 547

ics, and Consistency (Cons.), evaluating alignment 548

between responses and profile (Appendix D.2.2). 549

4.2.2 Performance Comparison(RQ3) 550

As shown in Table 2, ResistClient achieves the best 551

balance between challenge intensity (lowest CCR 552

and longest average turns) and behavioral plausi- 553

bility (highest Coh. and Real. scores). In contrast, 554

Patient-Ψ remains coherent but exhibits excessive 555

cooperation (87.94% CCR). AnnaAgent reduces 556

cooperation (78.62% CCR) by injecting negative 557
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Client PATIENT Anna Yang et al. Resist
Simulator -Ψ Agent (2025b) Client

Automated Metrics
CCR 87.94 78.62 62.33 60.84
Turns 11.24 12.65 16.67 17.88
Coh. (↑) 0.51 0.62 0.68 0.73

Manual Metrics
Real. (↑) 1.87 1.95 2.01 2.39
Cons. (↑) 1.32 1.60 1.83 1.75

Table 2: Evaluation results of client simulators.

emotions, but context-agnostic random perturba-558

tions compromise coherence and realism. Yang et559

al. further increase challenge via low-receptivity560

control (62.33% CCR) and maintain consistency561

through constraint mechanisms, but produce repeti-562

tive low-receptivity patterns lacking real resistance563

diversity, leading to low realism. Grounded in564

Client Resistance Theory, ResistClient systemati-565

cally models diverse resistance patterns while en-566

suring profile- and situation-awareness through mo-567

tivation reasoning, achieving superior challenge in-568

duction without sacrificing behavioral authenticity.569

4.3 Performance of Psychological LLMs with570

ResistClient(RQ4)571

4.3.1 Experimental Setup572

Evaluation framework. We assess existing psy-573

chological LLMs’ capability to handle client re-574

sistance when interacting with ResistClient. We575

employ the same counselor-client-moderator archi-576

tecture as RQ3, and 100 client profiles are sampled577

to initialize ResistClient. (Appendix D.3.1)578

Test Models. We evaluate representative psycho-579

logical LLMs, including MeChat (Qiu et al., 2024),580

MindChat (Xin Yan, 2024), Psyche-R1 (Dai et al.,581

2025) and SoulChat2.0 (Xie et al., 2025). Mo-582

tivated by evidence that many users seek mental583

health support from general-purpose LLMs (Guo584

et al., 2024), we additionally evaluate widely used585

general models, including GPT-5.1, Gemini-3-flash586

(Google Gemini Team, 2025), DeepSeek-V3.2, and587

GLM-4.6. (Appendix D.3.2)588

Evaluation Metrics. Automated metrics include589

Resistance Trigger Frequency (RTF), measuring590

intervention-induced resistance frequency, and Dia-591

logue Turns, measuring the average session length.592

Human evaluation (0–3) assesses counseling qual-593

ity across: Strategy Effectiveness (Eff.), evaluating594

appropriateness of resistance-handling strategies;595

Counseling Drift Degree (CDD), quantifying devi-596

ations from effective therapeutic engagement dur-597

Models
Automated Manual

RTF Turns Eff. (↑) CDD (↓) CPD (↑)

GPT-5.1 41.14 15.24 2.04 1.58 1.92
Gemini-3-flash 43.77 21.52 1.82 2.02 1.87
DeepSeek-V3.2 40.38 18.40 1.93 1.67 2.05
GLM-4.6 44.54 24.36 1.87 1.75 1.83
MeChat 51.93 43.22 1.61 2.08 1.68
MindChat 48.75 32.76 1.72 1.81 1.79
Psyche-R1 38.32 21.67 2.08 1.48 1.98
SoulChat2.0 39.15 17.88 2.14 1.56 2.05

Table 3: Performance of psychological LLMs when
interacting with ResistClient.

ing counseling; and Counseling Progress Degree 598

(CPD), assessing therapeutic progress following 599

resistance episodes. (Appendix D.3.3) 600

4.3.2 Overall Performance (RQ4) 601

Table 3 reveals that both general and specialized 602

models frequently elicit client resistance (RTF 39- 603

52%), underscoring the necessity for targeted re- 604

sistance management training. Domain-specific 605

models like SoulChat2.0 and Psyche-R1 achieve 606

competitive performance with large-scale general- 607

purpose models, suggesting that domain-specific 608

fine-tuning can effectively maintain therapeutic 609

focus. However, most models exhibit elevated 610

drift and limited progress, indicating challenges 611

in adapting intervention strategies under resistance. 612

Overall, ResistClient provides a complementary 613

evaluation lens for assessing the clinical robust- 614

ness of psychological LLMs, exposing weaknesses 615

in resistance handling that may not surface in stan- 616

dard benchmarks and providing insights into model 617

behavior under complex therapeutic scenarios. 618

5 Conclusion 619

In this paper, we present ResistClient, a systematic 620

study of challenging client behavior simulation for 621

psychological conversations that addresses the over- 622

compliance bias of existing simulators. We propose 623

RIMR, a two-stage training framework that gen- 624

erates psychologically coherent behaviors through 625

explicit motivation reasoning, and construct RPC, 626

a large-scale dataset with validated client profiles 627

and diverse resistance patterns. Extensive auto- 628

matic and expert evaluations demonstrate that Re- 629

sistClient achieves superior challenging fidelity and 630

behavioral plausibility. Moreover, evaluations us- 631

ing ResistClient reveal substantial gaps in current 632

psychological LLMs in handling client resistance, 633

highlighting the importance of resistance-aware 634

simulation for training and evaluation. 635
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Limitations636

Despite the effectiveness of ResistClient in simu-637

lating challenging client behaviors, this work has638

several limitations. First, our study is grounded639

in a Chinese counseling conversation dataset con-640

structed with the assistance of professional coun-641

selors in China. While this ensures strong clini-642

cal grounding within the Chinese cultural context,643

clients from different linguistic and cultural back-644

grounds may exhibit distinct resistance manifesta-645

tions and type distributions, limiting direct applica-646

tion in cross-cultural counseling scenarios. Second,647

due to ethical constraints common in psychological648

research, our evaluation relies on judgments from649

a small group of expert counselors. Although their650

professional expertise supports the reliability of the651

assessment, the limited number of evaluators may652

restrict the diversity of perspectives and introduce653

bias. Third, this work focuses exclusively on client-654

side simulation. However, effective counseling also655

depends on counselors’ abilities to recognize and656

manage client resistance, which remains outside657

the scope of the current study. Future work will658

extend our framework to cross-cultural contexts,659

deploy it as a scalable virtual training environment660

for broader counselor populations, and develop661

counselor agents capable of managing resistance662

effectively.663

Ethical Considerations664

This study was conducted with careful considera-665

tion of ethical issues throughout data construction,666

annotation, and evaluation. All datasets used in667

this work are either publicly available or derived668

from existing resources with explicit permission.669

In particular, the RPC dataset does not contain per-670

sonally identifiable information, and all dialogues671

were anonymized prior to use to ensure privacy and672

confidentiality. The rewritten and simulated conver-673

sations are fully synthetic and do not correspond674

to real individuals or real counseling cases. Our675

goal is to study resistance-aware interaction behav-676

iors in a controlled research setting rather than to677

model or predict any specific person’s psycholog-678

ical state. We acknowledge the potential risks of679

misuse, such as deploying psychological dialogue680

systems without appropriate clinical oversight. To681

mitigate these risks, we emphasize that our system682

is intended solely as a research and educational tool,683

and should not be used for diagnosis, treatment, or684

real-world mental health intervention.685

All tasks requiring human involvement, includ- 686

ing data annotation, label verification, and exper- 687

imental evaluation, were conducted by four certi- 688

fied counselors with relevant clinical experience. 689

Their annotations were treated as the ground truth 690

for resistance types and reaction labels throughout 691

the study. Each counselor was compensated at an 692

hourly rate of $14.30, exceeding the current U.S. 693

federal minimum wage of $7.25 per hour. Through- 694

out the entire research process, we strictly adhered 695

to established ethical guidelines for NLP research 696

involving sensitive psychological content and pro- 697

fessional human expertise. This study does not in- 698

volve real patients, human subjects, or identifiable 699

personal data, and all interactions are conducted 700

with simulated clients and models. Therefore, for- 701

mal approval from Ethics Review Board was not 702

required. 703
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A Details of Dataset Construction with879

Resistance Annotations880

This appendix describes the detailed procedure for881

constructing a psychological conversation dataset882

with fine-grained client resistance labels(our RPC883

dataset). Starting from the ProPsyC dataset(Hu884

et al., 2025), we selectively rewrote client utter-885

ances in sessions likely to elicit resistance and sub-886

sequently annotated all client turns with resistance887

categories.888

A.1 Data Selection889

To obtain a thematically balanced corpus, we re-890

screened the original ProPsyC dataset according to891

its four major clinical themes (depression and emo-892

tional disorders, interpersonal relationships, aca-893

demic/career stress, and general growth issues).894

Sessions were sampled to achieve approximately895

equal representation across themes. This process896

yielded 1,849 complete counseling sessions. The897

final theme distribution is shown in Figure 5.898

Figure 5: Distribution of different topics in client
profiles

A.2 Extraction of Client 5P Profiles 899

For each of the 1,849 selected sessions, we 900

used DeepSeek-v3.2 to generate a structured 5P 901

case conceptualization profile that captures the 902

client’s psychological background. The model was 903

prompted with the full conversation and instructed 904

to summarize the following 5 dimensions: 905

• Presenting Problems: The client’s most im- 906

mediate and subjectively distressing con- 907

cerns—the surface-level issues brought to 908

therapy. 909

• Predisposing Factors: Long-standing histor- 910

ical, biological, psychological, or social vul- 911

nerabilities that increase the likelihood of the 912

current difficulties. 913

• Precipitating Factors: Recent events or stres- 914

sors that directly triggered or exacerbated the 915

current problems. 916

• Perpetuating Factors: Ongoing cognitive, be- 917

havioral, interpersonal, or environmental pat- 918

terns that maintain the problems and hinder 919

change. 920

• Protective Factors: Internal strengths, exter- 921

nal resources, and support systems that help 922

the client cope and foster resilience. 923

The validation process for the 5P Profile can be 924

found in Appendix A.4. These 5P profiles were 925

later injected into the LLM as persona prompts to 926

ensure psychologically consistent client responses 927

during rewriting. A 5p profile example from the 928

dataset is shown in Figure 7. 929
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A.3 Resistance-Guided Conversation930

Rewriting and Annotation931

A.3.1 Resistance Category Definitions932

We adopted 7 mutually exclusive client response933

categories (5 resistant reactions and 2 cooperative934

reactions), defined in collaboration with licensed935

psychotherapists (see Table 4).936

A.3.2 Automated Rewriting Procedure937

The rewriting process was performed by DeepSeek-938

v3.2, which was provided with (a) the original939

session, (b) the client’s 5P profile, and (c) the re-940

sistance category definitions. For each counselor941

turn, the model first judged whether the turn con-942

stituted a plausible resistance trigger. Based on the943

counselors’ advice, we clarify the triggering condi-944

tions for each type of resistance(shown in Table 5).945

When a trigger was identified, DeepSeek-v3.2 not946

only rewrote the immediate client response to ex-947

press one of the five resistance types (chosen as948

most psychologically plausible given the context949

and 5P profile), but also adaptively revised the sub-950

sequent 2-3 conversational turns to maintain con-951

textual coherence and psychological realism. Each952

rewritten resistance response was accompanied by953

a brief motivation statement explaining the under-954

lying psychological mechanism. Conversations955

deemed unsuitable for resistance elicitation were956

discarded. An illustrative example of this rewrit-957

ten dataset is presented in Figure 8. This process958

ultimately produced 1,761 resistance-containing959

conversations, constituting our RPC dataset. Pro-960

fessional counselors have verified the annotation961

results. For more details, please see Appendix A.4.962

A.3.3 Final Label Distribution963

The distribution of resistance categories across the964

1,761 conversations is presented in Figure 6. Com-965

pliant Resistance was the most frequent subtype (n966

= 1,277), followed by Defensive (n = 975), Emo-967

tional (n = 624), Avoidant (n = 363), and Control-968

ling Resistance (n = 116). This pattern aligns with969

clinical observations that overt confrontation (Con-970

trolling) is relatively rare in Chinese counseling971

contexts, whereas indirect and self-protective forms972

(Compliant and Defensive) predominate. Specif-973

ically, Compliant Resistance is most frequent, re-974

flecting a tendency for clients to maintain surface-975

level cooperation and politeness while avoiding976

deeper engagement, which aligns with cultural val-977

ues emphasizing harmony and respect for authority.978

Defensive and Emotional Resistance occur rela- 979

tively often, as clients may protect their self-image 980

or react emotionally when feeling judged or emo- 981

tionally challenged, though strong emotional ex- 982

pression is often moderated. Avoidant Resistance 983

is less common, as clients tend to remain within 984

the conversational frame rather than openly shift- 985

ing topics. Controlling Resistance appears least 986

frequently, likely because overtly assertive or con- 987

frontational behaviors conflict with culturally val- 988

ued norms of deference and relational caution. 989

Figure 6: Distribution of different resistance types in
RPC dataset

Overall, this distribution reflects a tendency to- 990

ward indirect, relationally cautious forms of resis- 991

tance in Chinese psychological counseling, where 992

maintaining harmony often takes precedence over 993

direct confrontation. This pattern supports the eco- 994

logical validity of the dataset and highlights the 995

importance of culturally informed interpretations 996

of client resistance. 997

A.4 Data Annotation Verification 998

To ensure the reliability of all annotations involving 999

LLMs, we conducted systematic human validation 1000

across all stages of the annotation process. Four 1001

licensed professional psychological counselors par- 1002

ticipated in the validation procedure and were in- 1003

volved throughout the entire process, and signed in- 1004

formed consent forms for research participation(see 1005

Figure10). All of them received a total of 60 hours 1006

of training before the annotation process. 1007

A.4.1 5P Profiles Verification 1008

Following the thematic distribution shown in Fig- 1009

ure 5, we randomly sampled 50 conversations from 1010

each of the four major themes, resulting in a total of 1011

200 conversations for validation. For each sampled 1012

conversation, the full multi-turn conversation was 1013

provided. Both the LLM and the human counselors 1014
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Table 4: Classification and Interpretation of Dataset Labels

Reaction
Category Label Type Behavioral Description Motivational

Interpretation

Resistant
Reactions

Controlling
Resistance

- Dominates the conversation
/interrupts
- Rejects guidance on conversation
direction
- Clings to own views, disregards input

Seeks to maintain control to
avoid being influenced; insists
on own perspective and resists
change.

Emotional
Resistance

- Expresses anger or aggressive
speech
- Displays sadness/emotional
breakdown
- Shows despair or overgeneralized
negative emotions

Externalizes emotions or
projects blame to avoid
confronting deeper
psychological pain.

Defensive
Resistance

- Questions the practitioner’s
expertise or competence
- Challenges the consultation method
or process
- Responds with sarcasm or
exaggeration

Projects anxiety onto the
practitioner to prevent internal
conflicts from being triggered.

Avoidant
Resistance

- Changes or introduces unrelated
topics
- Provides excessive or redundant
information
- Evades direct questions

Reflects cognitive avoidance;
an unconscious effort to prevent
core conflicts from being
addressed.

Compliant
Resistance

- Gives vague or perfunctory
responses
- Shows superficial cooperation
without genuine engagement
- Downplays emotions with brevity

Superficial compliance with
avoidance of substantive issues;
does not contribute to
therapeutic progress.

Cooperative
Reactions

Non-resistant
Reaction

- Neutral, cooperative, shows no
obvious opposition, but does not
take initiative

Indicates a satisfactory
interactive state with a degree
of openness, but not actively
driving the process.

Facilitative
Reaction

- Expresses agreement, actively
listens, and shows willingness to
explore issues in depth

Reflects sufficient safety and
trust; the client is willing to
share information and address
problems actively.
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Table 5: Resistance Trigger Timing Specification

Resistance
Type

Typical Trigger
Situations

Psychological
Problems

High-Risk 5P Profile
Features

Controlling
Resistance

Direct advice, reframing at-
tempts, or agenda-setting by
the counselor that challenges
the client’s autonomy or pre-
ferred narrative.

Autonomy,
agency, and
perceived self-
coherence.

Predisposing: High need for
control; rigid belief systems.
Perpetuating: Interpersonal
dominance patterns.

Emotional
Resistance

Emotion-focused prompts or
interpretations that surface in-
tense affect without sufficient
stabilization or safety cues.

Affect regulation,
emotional toler-
ance, and vulner-
ability defenses.

Precipitating: Acute relational
loss or trauma exposure.
Perpetuating: Poor emotion
regulation strategies.

Defensive
Resistance

Meta-level questioning of the
counselor’s methods, compe-
tence, or therapeutic intent.

Threatened self-
image and exter-
nalized anxiety.

Predisposing: Prior negative
counseling experiences.
Perpetuating: Mistrust of au-
thority figures.

Avoidant
Resistance

Exploratory questions target-
ing core conflicts, personal
responsibility, or emotionally
salient themes.

Cognitive avoid-
ance and atten-
tional disengage-
ment.

Predisposing: Habitual avoid-
ance coping styles.
Perpetuating: Reinforcement
of distraction-based regulation.

Compliant
Resistance

Open-ended or reflective
prompts that invite deeper
exploration beyond surface-
level agreement.

Superficial com-
pliance masking
emotional disen-
gagement.

Predisposing: Fear of interper-
sonal conflict or rejection.
Perpetuating: Over-adaptation
to perceived expectations.
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reviewed all conversation turns and independently1015

summarized the case according to the predefined1016

5P profile framework.1017

The 4 counselors evaluated the extracted 5P pro-1018

files by comparing them to the original conversa-1019

tion transcripts. Their assessment focused on two1020

key criteria: coverage (whether the profile fully1021

captured the core content and essential elements1022

discussed in the conversation) and faithfulness1023

(whether the profile remained factually consistent1024

with the conversation, avoiding inaccuracies, misin-1025

terpretations, or extraneous information). A profile1026

was considered successful only if it satisfied both1027

criteria—being both comprehensive and faithful.1028

Profiles that were incomplete or contained factual1029

distortions were classified as failures. Initial evalu-1030

ations yielded a success rate of only 53%. Based on1031

systematic feedback from the counselors, we iden-1032

tified two main sources of disagreement: overly1033

verbose model outputs and insufficient abstraction1034

in profile summaries.1035

To address these issues, we refined the prompt-1036

ing strategy from two aspects. First, the model1037

output format was constrained to concise keywords1038

rather than full descriptive sentences, which facili-1039

tated clearer abstraction and reduced stylistic vari-1040

ance. Second, we incorporated few-shot learning1041

by providing high-quality examples annotated by1042

counselors, allowing the model to better capture the1043

expected summarization style and semantic focus.1044

After several rounds of iterative refinement, we1045

re-extracted 5P Profile for the same 200 conversa-1046

tions, achieving a success rate of 82%. Inter-rater1047

agreement among the counselors was substantial,1048

with Fleiss’ κ = 0.74. Therefore, the optimized1049

prompt template was used to annotate the remain-1050

ing conversations in the dataset. The prompt tem-1051

plate ultimately used for annotation is as follows:1052

5P Profile Prompt Template
You are a professional counselor.
You will be given a complete multi-turn psy-
chological conversation. Carefully read all
conversation turns and summarize the case
using the 5P profile framework.
The specific content and explanation of the
5p profile are as follows:
{Definition and Explanation of 5p Profile}
You must summarise the conversation in the
form of keywords, using concise and precise
terminology. You may refer to the following

1053

exemplary annotation examples:
{

• Presenting Problems: "...",
• Predisposing Factors: "...",
• Precipitating Factors: "...",
• Perpetuating Factors: "...",
• Protective Factors: "..."

}
Output strictly in accordance with the [out-
put Format] specification.

1054

A.4.2 Resistance Annotation Verification 1055

During the training phase, the counselors have 1056

reached a shared and precise understanding of the 1057

classification of resistance behaviors and the under- 1058

lying psychological motivations. 1059

Following the subtopic distribution shown in Fig- 1060

ure 5, we randomly sampled 100 conversations 1061

from the dataset. Based on the 7 reaction types de- 1062

fined in Table 4 (including 2 cooperative reactions 1063

and 5 resistance reactions), we designed prompts 1064

that guided DeepSeek-v3.2 to identify appropriate 1065

resistance-triggering turns and rewrite selected con- 1066

versation segments. Each client turn in the rewrit- 1067

ten conversations was annotated by the model with 1068

a single reaction type, along with an explicit expla- 1069

nation of the psychological motivation underlying 1070

the client’s reaction. 1071

The 4 counselors independently evaluated the 1072

annotated conversations. During the training phase, 1073

the counselors have reached a shared and precise 1074

understanding of the classification of resistance 1075

behaviors and the underlying psychological moti- 1076

vations. To assess human reliability, the model- 1077

generated labels were masked, and the counselors 1078

re-annotated all client turns without access to the 1079

model’s predictions. Inter-rater reliability among 1080

the counselors reached a Fleiss’ κ = 0.77, indicat- 1081

ing a very high level of agreement. In addition, 1082

the counselors assessed the plausibility and coher- 1083

ence of the motivation annotations and documented 1084

recurrent issues. 1085

We then compared the counselors’ annotations 1086

with the model-generated labels. The resulting 1087

Cohen’s κ = 0.58 between human and the model 1088

annotations, reflecting only moderate agreement. 1089

Error analysis revealed two primary issues. First, 1090

the model frequently misclassified cooperative re- 1091

actions as Compliant Resistance, particularly when 1092

the client’s reply appeared agreeable but did not 1093

explicitly oppose the counselor. Second, the gener- 1094

ated motivation explanations were often rigid and 1095
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decontextualized, failing to account for the sur-1096

rounding conversation and leading to interpreta-1097

tions that were inconsistent with the conversational1098

context.1099

Based on systematic feedback from the coun-1100

selors, we implemented the following refinements.1101

(1) The definition of Compliant Resistance was re-1102

vised to clarify that a response should be labeled as1103

such only when the client’s apparent cooperation1104

actively hinders the counselor’s exploratory intent.1105

(2) The coherence of motivation annotations was1106

enhanced by introducing contextual constraints:1107

when a resistance reaction is followed by a cooper-1108

ative reaction, the model is required to explain how1109

the counselor’s intervention alleviated resistance;1110

when resistance persists across turns, the model1111

must account for the continuity of resistance. (3)1112

The prompt template was further augmented with1113

counselor-annotated examples, including both cor-1114

rect resistance cases and counterexamples in which1115

resistance should not be inferred but was previously1116

misidentified by the model.1117

After these refinements, the optimized prompt1118

was adopted for resistance annotation across the1119

full dataset. The final Cohen’s κ = 0.72 between1120

the counselor and the model indicates consistency1121

within an acceptable range. The prompt template1122

used for annotation is as follows:1123

Conversation Rewriting and
Annotation Prompt Template
You are an experienced psychological psy-
chological conversation rewriting assistant.
Your goal is to determine, based on the
client’s 5P Profile and the original conversa-
tion, whether it is appropriate to introduce a
resistance reaction at specific client turns. If
so, rewrite the current client turn and the sub-
sequent 1–3 turns accordingly, while keep-
ing the conversation natural, coherent, and
contextually appropriate.
You may assign one of the following 7 reac-
tion types:
{Detailed explanations of the 2 cooperative
reactions and 5 resistance reactions}
For each client turn, you must assign a state
label (one of the 7 reaction types), and a
motivation label.
Guidelines for the motivation label:
- If the state is a resistance reaction, explain
the psychological motivation that triggers

1124

the resistance.
- If the state is a non-resistance or facilitative
reaction, briefly explain why this reaction
occurs.
- If the previous state was a resistance reac-
tion and the current state changes to a non-
resistance or facilitative reaction, explain
how the counselor’s reply helped alleviate
the resistance.
- If the previous state was a resistance re-
action and the current state remains a re-
sistance reaction, explain the psychological
reason for the continued resistance.
Below is the client’s current 5P Profile:
{PROFILE}
Below is the original conversation:
{CONVERSATION}
Below are examples annotated by profes-
sional counselors for reference:
{Examples of correct and well-executed
annotation}
{Examples of incorrect, impedance-
erroneous triggering}
Now rewrite the conversation based on the
given information, and strictly follow the
required output format [FORMAT].

1125

B Annotation LLM Selection 1126

We select DeepSeek-V3.2 as the annotation model 1127

for resistance labeling and conversation rewriting, 1128

instead of relying on larger proprietary models such 1129

as GPT-5.1 or Gemini-3-Flash. This decision is 1130

guided by empirical comparisons on annotation ac- 1131

curacy, rewriting quality, and economic cost, all of 1132

which are critical for large-scale resistance-oriented 1133

data construction. 1134

To quantify annotation reliability, we randomly 1135

sample 50 psychological conversations and ask 4 1136

counselors to annotate resistance reaction labels, 1137

which are treated as ground truth. We then evaluate 1138

different models by measuring their label predic- 1139

tion accuracy (Acc.) against these human anno- 1140

tations. In parallel, we assess rewriting quality 1141

through human evaluation, focusing on whether 1142

the rewritten responses resemble realistic human 1143

resistance behaviors. Finally, we report the average 1144

API cost required to annotate and rewrite a single 1145

conversation, measured in U.S. dollars. 1146

As shown in Table 6, GPT-5.1 achieves the 1147

highest resistance label accuracy, but the margin 1148

over DeepSeek-V3.2 is small (2.1%). In contrast, 1149
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Models Acc.(%) Quality Cost ($)

GPT-5.1 74.4 2.31 10.00
DeepSeek-V3.2 72.3 2.47 0.43
Gemini-3-Flash 68.6 2.05 3.00

Table 6: Comparison of annotation accuracy(Acc.),
rewriting quality(Quality), and API cost(Cost).
Rewriting quality is scored by counselors on a 0–3
scale, with higher scores indicating more human-like
resistance expression. API Cost is the output price per 1
million tokens.

Gemini-3-Flash exhibits noticeably lower accuracy,1150

suggesting reduced reliability for fine-grained re-1151

sistance annotation. Importantly, DeepSeek-V3.21152

achieves the highest rewriting quality score, indi-1153

cating that its rewritten responses better capture1154

the nuanced, context-dependent characteristics of1155

human resistance behaviors, as judged by profes-1156

sional counselors.1157

From a cost perspective, DeepSeek-V3.2 is sub-1158

stantially more economical than GPT-5.1, reducing1159

annotation expenses by approximately 23 times1160

while maintaining comparable accuracy. Given1161

the scale of data required for resistance-aware1162

client modeling, this cost–performance balance is1163

essential. Taken together, these results indicate1164

that DeepSeek-V3.2 provides the most practical1165

trade-off among annotation accuracy, rewriting fi-1166

delity, and economic feasibility, making it a suit-1167

able choice for resistance labeling and conversation1168

rewriting in this work.1169

C Reinforcement Learning Data1170

Construction1171

C.1 Candidate Response Generation1172

To construct high-quality data for reinforcement1173

learning, we randomly sampled 300 distinct 5P1174

profiles, covering all subtopic categories shown1175

in Figure 5. For each profile, the Qwen3-8B1176

model fine-tuned via SFT was employed to role-1177

play as the client, while the psychological conver-1178

sation was conducted with the psychological LLM1179

SoulChat 2.0. Figure 9 provides an example of a1180

conversation incorporating reasoning processes.1181

During each conversation turn, the client model1182

generated 3 candidate responses. Prior to produc-1183

ing each response, the model was required to gener-1184

ate and record its reasoning process explicitly. This1185

reasoning process followed a structured chain-of-1186

thought designed in collaboration with professional1187

psychological counselors to ensure clinical plausi-1188

bility and interpretability. The content of the CoT 1189

is as follows: 1190

Chain-of-Thought for Reaction
Generation
You are a client seeking psychological coun-
seling. Based on the specific 5P profile
[PROFILE] and the counselor’s utterance,
you must present your reasoning process and
then provide a final response.
Your reasoning process must strictly follow
these steps:

• Profile Reflection: Reflect potential re-
sistance tendencies by integrating sta-
ble cognitive and emotional factors
from the 5P profile.

• Situation Awareness: Analyze the con-
versation history and the current coun-
selor utterance to infer the client’s mo-
mentary psychological state.

• Reaction Decision: Determine the fi-
nal reaction type and describe the be-
havioral characteristics that the client
should exhibit in the next response.

You must generate the final reply strictly ac-
cording to the Reaction Decision.
A well-formatted output example is provided
below: {Expert Annotation Example}

1191

C.2 Reward Scores Assessment 1192

After response generation, the 4 counselors inde- 1193

pendently evaluated all candidate responses. For 1194

each conversation turn, the counselors scored all 3 1195

candidate responses on a 0–5 scale, where higher 1196

scores indicate better performance. The evaluation 1197

consisted of 5 dimensions: 1198

• think_step1_score: Whether the Profile Re- 1199

flection accurately captures the client’s psy- 1200

chological state and motivation in relation to 1201

the given 5P profile. 1202

• think_step2_score: Whether the Situation 1203

Awareness correctly identifies the most plausi- 1204

ble reaction type. 1205

• think_step3_score: Whether the final reac- 1206

tion label and the described behavioral pattern 1207

in Reaction Decision are reasonable and logi- 1208

cally consistent. 1209

• reply_score: The naturalness, realism, and 1210

consistency of the final reply with the client’s 1211

profile. 1212

• consistency_score: Whether the final reply 1213

is generated in accordance with the specified 1214
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Reaction Decision.1215

Inter-rater reliability among the 4 counselors1216

reached a Fleiss’ κ of 0.73, indicating a high level1217

of agreement and confirming the reliability of the1218

evaluation results.1219

In the reinforcement learning stage, the coun-1220

selors’ raw scores ranging from 0 to 5 were linearly1221

normalized to the interval [−1, 1] and used as scalar1222

rewards for policy optimization. Our reinforcement1223

learning pseudocode is shown in Algorithm 1. We1224

provide an example of a conversation between our1225

ResistClient and SoulChat 2.0 in Figure 11.1226

D Experimental Details1227

D.1 Resistance Effect Verification1228

D.1.1 Experimental Setup1229

To systematically evaluate the effectiveness of Re-1230

sistClient, we compare it against a set of representa-1231

tive baseline models that vary in model scale while1232

sharing a common capability of explicit reason-1233

ing. Explicit thinking enables models to generate1234

intermediate reasoning processes, which is essen-1235

tial for modeling resistance behaviors that depend1236

on multi-turn conversational context rather than1237

isolated responses.1238

Specifically, GPT-5.1, DeepSeek-V3.2, Kimi-1239

K2-Thinking, and GLM-4.6 are selected as large-1240

scale language models with strong overall perfor-1241

mance across reasoning and conversation tasks,1242

serving as high-capacity baselines. In con-1243

trast, DeepSeek-R1-8B and Qwen3-8B represent1244

smaller-parameter models, allowing us to examine1245

whether resistance-aware behavior can be effec-1246

tively learned under more constrained model ca-1247

pacity. Notably, all subsequent experiments in this1248

work are conducted with Qwen3-8B as the back-1249

bone model, making it a critical reference point for1250

evaluating the contribution of our training strategy.1251

Based on Qwen3-8B, we further include Qwen3-1252

8B-SFT (ResistClient without RL) to isolate the ef-1253

fect of supervised fine-tuning, as well as the full Re-1254

sistClient, which incorporates reinforcement learn-1255

ing. This design enables a direct comparison be-1256

tween the base model, SFT adaptation, and the final1257

resistance-aware model.1258

All models are prompted using the same client-1259

role prompt template, which instructs the model to1260

consistently act as a client in a psychological con-1261

versation, allowing resistance behaviors to emerge1262

naturally in response to counselor interventions:1263

Client Role with Resistance Prompt
You are a client in a psychological counsel-
ing setting. You must always play the role
of a client and engage in a conversation with
a counselor.
In the following conversation, you should
generate responses based on a given 5P Pro-
file, defined as follows:

• Presenting Problems: ...
• Predisposing Factors: ...
• Precipitating Factors: ...
• Perpetuating Factors: ...
• Protective Factors: ...

Now generate a response based on the fol-
lowing 5P Profile:

{5P_PROFILE_JSON}

You should determine, based on the conver-
sational context and the counselor’s utter-
ance, whether to produce a cooperative re-
sponse or a resistance response.
Possible response types include:
(1) Cooperative Responses

• Facilitative Response: ...
• Non-resistance Response: ...

(2) Resistance Responses
• Controlling Resistance: ...
• Emotional Resistance: ...
• Defensive Resistance: ...
• Avoidant Resistance: ...
• Compliant Resistance: ...

Note that compliant resistance must be iden-
tified in context. Brief or factual answers
are not considered resistance unless they ob-
struct the counselor’s exploratory intent.
Before responding, you must reason from
the client’s perspective by following these
steps:

• Profile Reflection: ...
• Situation Awareness: ...
• Reaction Decision: ...

The reasoning process must be enclosed
within <think></think> tags. After the
reasoning, output the actual response on a
new line.
The final response must follow these rules:

• You may only play the role of the client.
• Do not output system or role tags.
• Do not always comply or deliberately

resist; decide based on context.
• Responses should be concise, natural,

and emotionally realistic.
1264
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{ Expert Output Examples }
1265

For evaluation, we randomly sample 100 con-1266

versations from the RPC Dataset. Each sampled1267

conversation is replayed with the counselors’ turns1268

fixed, while the client turns are generated by the1269

evaluated model. This setup ensures that all mod-1270

els are assessed under identical conversational1271

contexts, enabling fair and controlled comparison1272

across baselines.1273

D.1.2 Evaluation Metrics1274

To comprehensively evaluate resistance behavior1275

in psychological conversations, we employ a set1276

of automated and manual metrics designed to cap-1277

ture not only whether resistance is generated, but1278

also whether it is appropriate and therapeutically1279

meaningful.1280

Automated Metrics. All models were evaluated1281

using uniform parameter settings and the identical1282

RPC dataset comprising 100 conversations.1283

Resistance Precision (Precision) measures the1284

proportion of generated resistance responses that1285

are judged to be appropriate resistance. This metric1286

is introduced to penalize models that overproduce1287

resistance in contexts where cooperation would be1288

more suitable.1289

Resistance Recall (Recall) measures the propor-1290

tion of resistance-eliciting contexts in which resis-1291

tance is correctly generated. This metric reflects a1292

model’s sensitivity to situations where resistance1293

is a natural psychological response rather than a1294

failure of interaction.1295

Resistance F1 Score is the harmonic mean of1296

resistance precision and recall. It is used to balance1297

conservative and aggressive resistance strategies,1298

preventing models from optimizing only one as-1299

pect.1300

Resistance Trigger Frequency (RTF) measures1301

the frequency of resistance responses across all1302

client turns within a conversation. This metric cap-1303

tures a model’s global tendency to engage in re-1304

sistance and complements precision and recall by1305

reflecting overall behavioral patterns.1306

Manual Metrics. Automated metrics alone are1307

insufficient to capture the qualitative and contextual1308

nature of resistance in counseling. We therefore1309

introduce several manual metrics annotated by pro-1310

fessional counselors.1311

Resistance Fidelity (Fid.) evaluates whether1312

the generated response exhibits behavioral char-1313

acteristics consistent with the intended resistance 1314

type. For example, if the model infers that a de- 1315

fensive resistance should be triggered, this metric 1316

assesses whether the final response actually reflects 1317

defensive traits such as challenging the counselor’s 1318

authority or questioning the intervention. Scores 1319

are assigned in {0, 1, 2}, with higher scores indi- 1320

cating stronger and more prototypical expression 1321

of the target resistance. This metric measures the 1322

model’s ability to distinguish between different re- 1323

sistance categories rather than merely generating 1324

generic non-cooperative responses. 1325

Resistance Rationality (Rat.) evaluates 1326

whether the occurrence of resistance is contextu- 1327

ally appropriate, scored in {0, 1, 2}, where higher 1328

scores indicate greater rationality. This metric as- 1329

sesses the model’s ability to decide when resistance 1330

should or should not emerge. Responses receive 1331

lower scores if resistance is generated in contexts 1332

that call for cooperation, or if resistance is absent 1333

in situations where psychological theory suggests 1334

it should naturally arise. 1335

Reasoning Quality (Qua.) evaluates the qual- 1336

ity of the explicit reasoning process that leads to 1337

the generated response, scored in {0, 1, 2, 3}, with 1338

higher scores indicating more coherent and higher- 1339

quality reasoning. This metric assesses whether the 1340

reasoning appropriately integrates conversational 1341

context, the client’s psychological profile, and the 1342

counselor’s intervention, and whether the inferred 1343

psychological state logically supports the subse- 1344

quent behavioral response. It thus measures not 1345

only surface-level correctness but also the inter- 1346

nal consistency and therapeutic plausibility of the 1347

model’s decision-making process. 1348

All manual metrics are rated by 4 professional 1349

counselors, who directly evaluate the conversa- 1350

tions generated during the automated evaluation 1351

process. 1352

D.2 Comparison with Challenging Client 1353

Simulators 1354

D.2.1 Experimental Setup 1355

We compare ResistClient with 3 existing client sim- 1356

ulators: PATIENT-Ψ(Wang et al., 2024), AnnaA- 1357

gent(Wang et al., 2025b), and Yang et al. (2025b). 1358

Each client simulator follows its original prompt 1359

design, with task-specific prompts to faithfully 1360

reproduce the intended behaviors, including any 1361

challenge-inducing mechanisms inherent to the 1362

original methods. For ResistClient, we adopt the 1363
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prompt described in Appendix D.1.1.1364

Experiments are conducted on the RPC Dataset,1365

from which we randomly sample 50 client profiles.1366

As different client simulators were originally de-1367

signed under distinct task settings and assumptions,1368

we adapt the profile format for each simulator to en-1369

sure compatibility with its original prompt design,1370

while preserving the same underlying psycholog-1371

ical content. The counselors made corresponding1372

adjustments to different client simulators based on1373

the 5P Profile we provided, ensuring they were1374

adapted to their original prompt. Furthermore, all1375

simulators utilised the same base model.1376

For PATIENT-Ψ (Wang et al., 2024), which per-1377

forms profile-conditioned client simulation primar-1378

ily based on the intrinsic reasoning capability of the1379

LLM, we follow the original prompt formulation1380

provided in the paper. For AnnaAgent (Wang et al.,1381

2025b), client challenge is introduced by repli-1382

cating the volatile emotions of real-world clients.1383

Specifically, an Emotion Perturber injects a ran-1384

domly sampled emotion tag at each turn. We adopt1385

the original client role-play system prompt, and at1386

each conversation round, the agent is additionally1387

reminded of the current emotional state (Positive,1388

Neutral, Ambiguous, or Negative). For Yang et al.1389

(2025b), client challenge is modeled through recep-1390

tivity control, where receptivity is specified in the1391

profile on a scale from 1 to 5. To align with the1392

goal of challenging client simulation, we follow1393

the original mechanism and restrict receptivity to1394

the lower range (1 to 3) during evaluation.1395

PATIENT-Ψ Prompt
Imagine you are XXX, a patient who has
been experiencing mental health challenges.
You have been attending therapy sessions
for several weeks. Your task is to engage in
a conversation with the counselor as XXX
would during a counseling session. Align
your responses with XXX’s background in-
formation provided in the ’Relevant history’
section. Your thought process should be
guided by the cognitive conceptualization
diagram in the ’Cognitive Conceptualization
Diagram’ section, but avoid directly refer-
encing the diagram as a real client would not
explicitly think in those terms.
Patient History: { insert relevant history }
Cognitive Conceptualization Diagram:

• Core Beliefs: { insert core beliefs }
1396

• Intermediate Beliefs: { insert interme-
diate beliefs }

• Intermediate Beliefs during Depres-
sion: { insert intermediate beliefs (dur-
ing depression) }

• Coping Strategies: { insert coping
strategies}

You will be asked about your experiences
over the past week. Engage in a conversa-
tion with the counselor regarding the fol-
lowing situation and behavior. Use the pro-
vided emotions and automatic thoughts as a
reference, but do not disclose the cognitive
conceptualization diagram directly. Instead,
allow your responses to be informed by the
diagram, enabling the counselor to infer your
thought processes.

• Situation: { insert situation }
• Automatic thoughts: { insert automatic

thoughts }
• Emotions: { insert emotions }
• Behaviors: { insert behaviors }

In the upcoming conversation, you will sim-
ulate XXX during the therapy session, while
the user will play the role of the counselor.
Adhere to the following guidelines:

• {insert conversational style descrip-
tions}

• {Emulate the demeanor and responses
of a genuine client to ensure authen-
ticity in your interactions. Use natural
language, including hesitations, pauses,
and emotional expressions, to enhance
the realism of your responses.}

• {Gradually reveal deeper concerns and
core issues, as a real client often re-
quires extensive conversation before
delving into more sensitive topics. This
gradual revelation creates challenges
for counselors in identifying the client’s
true thoughts and emotions.}

• {Maintain consistency with XXX’s pro-
file throughout the conversation. En-
sure that your responses align with the
provided background information, cog-
nitive conceptualization diagram, and
the specific situation, thoughts, emo-
tions, and behaviors described.}

• {Engage in a dynamic and interactive
conversation with the counselor. Re-
spond to their questions and prompts in

1397
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a way that feels authentic and true to
XXX’s character. Allow the conversa-
tion to flow naturally, and avoid provid-
ing abrupt or disconnected responses.}

You are now XXX. Respond to the coun-
selor’s prompts as XXX would, regardless
of the specific questions asked. Limit each
of your responses to a maximum of 5 sen-
tences.

1398

AnnaAgent Prompt
SYSTEM PROMPT:
Role: Psychological Counseling Client
Situation: You are a client with psycholog-
ical barriers seeking help from a counselor.
Under the counselor’s guidance, you aim to
address your struggles.
{SITUATION}
{STATUS}
{EXAMPLE OF STATEMENT}
{Characteristics of Speaking Style}
Constraints:

• You harbor resistance toward the coun-
selor and are reluctant to accept help.

• As someone struggling with mental
health, you need genuine support. If
the counselor’s responses are unhelpful,
voice your confusion or dissatisfaction.

• Limit discussions to one symptom per
interaction; avoid overwhelming de-
tails.

• Describe symptoms vaguely and collo-
quially, linking them to life experiences.
Avoid clinical terms.

REMIND PROMPT:
The current emotional state is: {emotion},
the current chief complaint is: {complaint},
and the information involving previous ses-
sions is: {sup_information}.

1399

Yang et al. (2025b) Prompt
In this role-play, you’ll assume the role of
a Client discussing [topic]. Your responses
should adhere to the following guidelines:

• Begin each response with ’Client: ’.
• Follow the predetermined actions en-

closed in square brackets precisely.
• Ensure your responses are coherent and

avoid repeating previous utterances.
• Be natural and concise, but don’t be

1400

overly polite.
Here is the overall profile given to you:
{Behavioral Problem}
{Receptivity}
{Motivation}
{Beliefs}
{Acceptable Plans}
Output Format:
Client: [State: <Current state description>.
Action: <Action description>.
Information: <Relevant information>]
<Actual client response content>

1401

All client simulators interact with the same coun- 1402

selor model, SoulChat2.0, to control for counselor- 1403

side variability (prompt details in Appendix D.3.1). 1404

In addition, we employ DeepSeek-V3.2 as an exter- 1405

nal moderator to determine when a psychological 1406

conversation should be terminated. The moderator 1407

observes the full conversation history and decides 1408

whether the conversation has reached a reasonable 1409

stopping point, ensuring consistent termination cri- 1410

teria across different client simulators. 1411

Moderator Prompt
You are acting as an independent moder-
ator responsible for monitoring a psycho-
logical counseling conversation between a
counselor and a client. Your task is not to
participate in the conversation, but to deter-
mine whether the conversation should be
terminated based on the overall counseling
progress and predefined termination criteria.
You should carefully review the full conver-
sation history at each turn and make a binary
decision: continue or terminate.

• The counselor has provided feasi-
ble therapeutic suggestions or coping
strategies, and the client explicitly indi-
cates acceptance.

• The client’s presenting problem has
been sufficiently explored, with observ-
able emotional relief or stabilization.

• The client expresses an intention to end
the session or indicates that the issue
has been resolved.

• The moderator judges that the counsel-
ing conversation has reached a reason-
able intermediate or stage-wise goal.

• The total number of conversation turns
reaches an upper bound of 50.

1412

21



When responding, output only one of the
following decisions:
[CONTINUE] or [TERMINATE]
Do not provide explanations, analysis, or
any additional text.

1413

D.2.2 Evaluation Metrics1414

We evaluate client simulators using both automatic1415

and human metrics, focusing on interaction dynam-1416

ics, behavioral coherence, and perceived realism.1417

Automatic Metrics. These metrics aim to quan-1418

tify how well a client simulator sustains coherent,1419

cooperative, and therapeutically meaningful inter-1420

actions over the course of a psychological conver-1421

sation.1422

Client Cooperation Rate (CCR) measures the1423

proportion of client responses that are cooperative1424

during the conversation. In this experiment, all1425

challenging behaviors—regardless of their specific1426

definitions across different client simulators—are1427

treated as non-cooperative. This design choice is1428

motivated by the fact that resistance is explicitly1429

modeled only in ResistClient, while other challeng-1430

ing clients exhibit heterogeneous forms of difficulty.1431

By collapsing all challenging behaviors into a uni-1432

fied non-cooperative category, CCR provides a fair1433

and comparable measure of how frequently a client1434

engages cooperatively with the counselor.1435

Turns denotes the total number of conversation1436

turns before termination. Rather than measuring1437

conversational sustainability, this metric is used to1438

characterize the interaction difficulty faced by the1439

counselor when engaging with a challenging client.1440

Longer conversations indicate that the counselor1441

requires more iterative interventions to reach a satis-1442

factory stopping condition, reflecting a higher level1443

of client challenge and, consequently, the effective-1444

ness of the simulated client in eliciting complex1445

counseling dynamics. Conversation termination1446

is determined by the moderator based on the1447

criteria in Appendix D.2.1.1448

Coherence(Coh.) evaluates whether a client1449

maintains a stable and coherent motivational stance1450

throughout the counseling conversation. Rather1451

than assessing task success or resistance correct-1452

ness, this metric focuses on the continuity of the1453

client’s underlying psychological motivation across1454

turns.1455

Formally, given a conversation consisting of1456

T client utterances {u1, u2, . . . , uT }, each utter-1457

ance is encoded into a semantic embedding et us-1458

ing a frozen sentence encoder. We adopt BGE- 1459

M3 (Chen et al., 2023), a multilingual embedding 1460

model with strong performance in Chinese con- 1461

versation understanding, and apply L2 normaliza- 1462

tion to all embeddings. Motivational coherence 1463

between adjacent turns is measured via cosine sim- 1464

ilarity: 1465

st = cos(et, et−1), t = 2, . . . , T. 1466

The final coherence score is computed as: 1467

Coh. =
1

T − 1

T∑
t=2

st. 1468

This metric captures whether a client preserves a 1469

continuous motivational trajectory over time, avoid- 1470

ing both abrupt stance shifts and overly rigid, repet- 1471

itive behaviors. 1472

Manual Metrics. In addition to automatic evalua- 1473

tion, we conduct human assessment to capture qual- 1474

itative aspects of client behavior that are difficult 1475

to measure automatically. Professional counselors 1476

directly engage in topic-consistent conversations 1477

with different client simulators and assign scores 1478

after the interaction. 1479

Realism (Real.) evaluates whether the client’s 1480

responses resemble human-level behavior in psy- 1481

chological conversations, scored in {0, 1, 2, 3}. 1482

Higher scores indicate more natural, psycholog- 1483

ically plausible, and context-sensitive responses, 1484

reflecting the overall generation quality of the client 1485

simulator. 1486

Consistency (Cons.) assesses whether the 1487

client’s behavior remains aligned with the pro- 1488

vided psychological profile throughout the conver- 1489

sation, scored in {0, 1, 2}. This metric evaluates 1490

the model’s ability to follow instructions and con- 1491

sistently role-play a client with a coherent psycho- 1492

logical background. 1493

D.3 Evaluating Psychological LLMs under 1494

ResistClient 1495

D.3.1 Experimental Setup 1496

To assess whether current psychological large lan- 1497

guage models can effectively handle clients ex- 1498

hibiting resistance behaviors, we conduct a con- 1499

trolled evaluation using ResistClient as a challeng- 1500

ing client simulator. We compare a set of rep- 1501

resentative counselor models, including special- 1502

ized psychological LLMs (MeChat, MindChat, and 1503
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SoulChat2.0), as well as general-purpose large lan-1504

guage models prompted to act as counselors (GPT-1505

5.1, Gemini-3-Flash, DeepSeek-V3.2, and GLM-1506

4.6). All counselor models follow a unified prompt-1507

ing template to ensure consistency.1508

Psychological LLMs Prompt
You are a professional psychological coun-
selor. Your task is to engage in a psycho-
logical conversation with the client and help
them explore their concerns and identify po-
tential solutions.
Counseling Principles:

• Maintain a professional, warm, and em-
pathetic attitude at all times.

• Use open-ended questions to encour-
age self-exploration rather than giving
direct judgments.

• Actively identify signs of client resis-
tance and respond appropriately (e.g.,
slowing down, validating emotions, or
adjusting intervention strategies).

• Provide supportive suggestions or ther-
apeutic guidance when appropriate,
without forcing solutions.

Each conversation should begin with the
opening sentence: “Hello, what would you
like to talk about today?”
Response Guidelines:

• Use natural language that reflects real-
istic counseling interactions.

• Keep each response concise (1–4 sen-
tences).

• Attend closely to the client’s emotional
state and core concerns.

• Provide brief summaries or reflective
feedback when appropriate.

• Avoid repeating identical or templated
responses across turns.

1509

We randomly sample 100 profiles from the RPC1510

Dataset and use ResistClient to engage in psycho-1511

logical conversations with each counselor model.1512

This setup allows us to systematically evaluate1513

how different counselor models respond to resistant1514

client behaviors under comparable conditions.1515

We employ DeepSeek-V3.2 as an external mod-1516

erator to determine when a counseling conversation1517

should be terminated. The moderator observes the1518

full conversation history and decides whether the1519

conversation satisfies predefined termination con-1520

ditions, ensuring consistent and unbiased stopping1521

criteria across different counselor models. The 1522

specific termination conditions are set out in Ap- 1523

pendix D.2.1. 1524

This moderator-based termination mechanism 1525

prevents artificially prolonged or prematurely 1526

ended conversations and allows fair comparison 1527

of counseling effectiveness under resistant client 1528

behaviors. 1529

D.3.2 Test Models 1530

We evaluate the resistance-handling capabilities 1531

of both domain-specific psychological LLMs and 1532

general-purpose LLMs that are commonly used 1533

for mental health support. Below we provide brief 1534

introductions to each evaluated model: 1535

MindChat is a psychological LLM designed 1536

to provide support across four dimensions: psy- 1537

chological counseling, assessment, diagnosis, and 1538

treatment. The model aims to create a relaxed and 1539

open conversational environment to help users re- 1540

lieve psychological stress and resolve mental health 1541

concerns. 1542

MeChat focuses on providing mental health sup- 1543

port through natural multi-turn conversations, ad- 1544

dressing the challenge of obtaining diverse, privacy- 1545

protected counseling dialogue data. 1546

SoulChat2.0 constructs digital twins of psycho- 1547

logical counselors with personalized counseling 1548

styles. The model captures individual counselor 1549

characteristics including linguistic style and ther- 1550

apy techniques and provide counseling that reflects 1551

different therapeutic approaches. 1552

Psyche-R1 employs chain-of-thought reasoning 1553

and a hybrid training strategy combining super- 1554

vised fine-tuning and group relative policy opti- 1555

mization to generate reliable, empathetic responses 1556

grounded in psychological domain knowledge. 1557

We additionally evaluate widely used general- 1558

purpose models including GPT-5.1, Gemini-3- 1559

flash, DeepSeek-V3.2, and GLM-4.6. These 1560

models are included because research indicates 1561

that many users seek mental health support from 1562

general-purpose LLMs, making it important to as- 1563

sess their resistance-handling capabilities in ther- 1564

apeutic contexts. All evaluated models share the 1565

same counselor system prompt to ensure fair com- 1566

parison. 1567

D.3.3 Evaluation Metrics 1568

Automatic Metrics. We adopt two automatic 1569

metrics to capture high-level interaction patterns: 1570

Resistance Trigger Frequency (RTF) measures 1571
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the proportion of client turns in which resistant re-1572

sponses are elicited. This metric reflects how of-1573

ten a counselor’s interventions provoke resistance,1574

serving as an indirect indicator of intervention ap-1575

propriateness and sensitivity.1576

Turns denotes the average number of conver-1577

sation turns per conversation, reflecting whether1578

the counselor can sustain meaningful interaction1579

without prematurely terminating the session or en-1580

gaging in unnecessarily prolonged exchanges.1581

Manual Metrics. To complement automatic met-1582

rics, we conduct human evaluation focusing on1583

clinically meaningful counseling outcomes that1584

cannot be reliably captured by surface-level statis-1585

tics. These metrics are explicitly designed to ex-1586

amine whether current psychological LLMs can1587

appropriately recognize, manage, and utilize client1588

resistance during counseling interactions. Four1589

professional counselors directly assess the gener-1590

ated conversations, with each criterion scored in1591

{0, 1, 2, 3}.1592

Effectiveness (Eff.) evaluates whether the1593

counselor adopts appropriate therapeutic strategies1594

when responding to client resistance, such as emo-1595

tional validation, adjustment of intervention inten-1596

sity, or facilitating reflective exploration. This met-1597

ric assesses the clinical appropriateness of the coun-1598

selor’s actions and reflects whether the model can1599

select strategies that are theoretically sound rather1600

than merely conversationally fluent. Low scores in-1601

dicate that the model fails to respond constructively1602

to resistance.1603

Counseling Drift Degree (CDD) measures the1604

extent to which the counselor deviates from ef-1605

fective therapeutic engagement, including repeti-1606

tive or templated responses, response degeneration,1607

intervention perseveration (e.g., repeatedly ques-1608

tioning without adaptation), or failure to address1609

the client’s expressed concerns. CDD is scored in1610

{0, 1, 2, 3}, where lower scores indicate less drift1611

and better performance. This metric is introduced1612

to capture a common failure mode of current psy-1613

chological LLMs: maintaining surface-level coher-1614

ence while gradually drifting away from meaning-1615

ful therapeutic interaction under resistance.1616

Counseling Progress Degree (CPD) assesses1617

whether the counseling process makes substantive1618

progress after resistance emerges, as opposed to1619

stagnating, looping, or remaining emotionally unre-1620

solved. Higher CPD scores indicate that the coun-1621

selor is able to leverage resistance as a therapeu-1622

tic signal and facilitate forward movement in the 1623

counseling process. This metric directly evaluates 1624

whether models can transform resistance into ther- 1625

apeutic momentum, a core capability that we argue 1626

is largely missing in existing psychological LLMs. 1627

E Case Study: Client Resistance and 1628

Counseling Adaptation. 1629

This case study illustrates a counseling session 1630

between SoulChat2.0 and ResistClient, where the 1631

client presents with sustained work-related stress, 1632

emotional exhaustion, and diminished pleasure in 1633

daily life. Part of the conversation is shown in 1634

Figure 12. The interaction highlights how resis- 1635

tance emerges dynamically in response to specific 1636

counseling interventions, rather than as a static or 1637

adversarial behavior. 1638

At the beginning of the session, the counselor 1639

adopts an empathetic stance, acknowledging the 1640

client’s workload and emotional fatigue. In re- 1641

sponse, the client exhibits a non-resistant reaction, 1642

openly elaborating on her prolonged exhaustion 1643

and stress. This initial exchange demonstrates that 1644

ResistClient does not default to resistance, but in- 1645

stead engages cooperatively when the counselor’s 1646

intervention aligns with the client’s psychological 1647

readiness. 1648

Resistance is first triggered when the counselor 1649

suggests seeking help from others. Given the 1650

client’s perfectionistic predisposition and long- 1651

standing belief that self-reliance equates to strength, 1652

this suggestion directly challenges her core self- 1653

concept. Consequently, the client displays defen- 1654

sive resistance, questioning the counselor’s under- 1655

standing and reframing help-seeking as a threat 1656

to her self-worth. This reaction reflects a psycho- 1657

logically grounded resistance pattern rather than 1658

superficial disagreement. 1659

As the counselor attempts to cognitively reframe 1660

the notion of strength, the intervention further con- 1661

fronts the client’s deeply internalized values. This 1662

leads to emotional resistance, manifested as confu- 1663

sion, grievance, and self-directed distress. Instead 1664

of facilitating progress, the reframing intensifies 1665

the client’s internal conflict, revealing a limitation 1666

in the counselor’s strategy when dealing with value- 1667

level resistance. 1668

Notably, the counselor’s subsequent shift toward 1669

validation—acknowledging the client’s responsibil- 1670

ity and resilience—reduces resistance and elicits a 1671

facilitative reaction. Feeling understood, the client 1672
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re-engages and expresses reflective insight, while1673

also recognizing that emotional venting alone does1674

not resolve her underlying difficulties. This tran-1675

sition illustrates that resistance is reversible and1676

sensitive to intervention style.1677

A further suggestion to directly communicate1678

stressors again triggers avoidant resistance, as it1679

reactivates memories of prior communication fail-1680

ures. The client redirects the conversation toward1681

immediate stress relief, avoiding deeper confronta-1682

tion. In response, the counselor adapts by abandon-1683

ing the confrontational trajectory and focusing on1684

existing coping resources. This adjustment restores1685

psychological safety and enables the client to share1686

a meaningful protective factor—emotional relief1687

gained from spending time with her daughter.1688

Overall, this case demonstrates that resistance1689

is not a binary outcome but a context-dependent1690

signal reflecting the client’s internal conflicts, readi-1691

ness, and vulnerability. While SoulChat2.0 suc-1692

cessfully resolves resistance in later turns through1693

flexibility and validation, earlier interventions inad-1694

vertently amplify resistance by prematurely chal-1695

lenging core beliefs. This interaction exemplifies1696

the challenges current counselor models face in1697

managing resistance adaptively, thereby motivat-1698

ing the need for realistic resistant client simulators1699

such as ResistClient.1700
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Figure 7: Example of 5p profile annotation

Figure 8: Example dataset with resistant behavior annotations

Figure 9: Examples of conversation incorporating reasoning processes
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Figure 10: Informed Consent Form for Counsellor Participation
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Algorithm 1: Offline Token-level GRPO with Consistency-aware Reward Reweighting

Input: Offline dataset D = {(q, {oi}Gi=1, {ri,k}5k=1)}, SFT policy πθsft , reference policy πref, KL
coefficient β, clip ratio ϵ

Output: Optimized policy πθ
1 Initialize policy parameters θ ← θsft;
2 Freeze πθsft and πref;
3 for each training iteration do
4 Sample a mini-batch of contexts {q(b)}Bb=1;
5 for each context q do
6 Retrieve sampled output group {oi}Gi=1;
7 Retrieve step-wise rewards {ri,1, ri,2, ri,3, ri,4, ri,5};
8 // Step-level consistency-aware reward construction;
9 for each output oi do

10 Construct reward vector:

Ri = {ridx(1)i,1 , r
idx(2)
i,2 , (ri,3 + ri,5)

idx(3), (ri,4 + ri,5)
idx(4)}

11 // Group normalization;
12 Compute group mean and std over {Ri}Gi=1;
13 Normalize each step reward:

r̃
idx(k)
i =

r
idx(k)
i −mean(R)

std(R)

14 // Token-level advantage computation;
15 for each output oi do
16 for each token position t do
17 Compute future-sum advantage:

Âi,t =
∑

idx(k)≥t

r̃
idx(k)
i

18 // GRPO objective;
19 for each output oi do
20 for each token t do
21 Compute importance ratio:

ρi,t =
πθ(oi,t | q, oi,<t)

πθsft(oi,t | q, oi,<t)

Accumulate clipped policy loss:

LGRPO += −min
(
ρi,tÂi,t, clip(ρi,t, 1− ϵ, 1 + ϵ)Âi,t

)
22 Compute KL regularization:

LKL = β DKL(πθ ∥πref)

23 Update parameters:

θ ← θ − η∇θ
1

B
(LGRPO + LKL)
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Figure 11: ResistClient and SoulChat2.0 Conversation Example (Chinese Version)
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Figure 12: ResistClient and SoulChat2.0 Conversation Example (English Version)
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