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Figure 1: Manipulated by trainer-implanted logic, PUPPET exhibits clinical non-linear mental-state reactions.

Abstract001

The critical therapist shortage demands scal-002
able training solutions. While Standardized003
Patients are the gold standard for such train-004
ing, they remain scarce and costly. Current005
LLM-based approaches focus primarily on pa-006
tient simulation to achieve conversational real-007
ism but fail to function as Virtual Standardized008
Patients regarding pedagogical rigor. Conse-009
quently, they lack faithful reactions to clinical010
errors and cannot provide explainable feedback.011
To bridge this gap, we propose PUPPET, the012
first neuro-symbolic Virtual Standardized Pa-013
tient governed by an Observe-Think-Behave014
architecture. This approach enforces trainer-015
defined clinical logic to ensure deterministic016
state transitions while maintaining natural vari-017
ability. Additionally, our PUPPET-TRAINER re-018
veals the complete causal chain from interven-019
tion to response to facilitate transparent learn-020
ing. Experiments across three distinct clinical021
scenarios confirm that our method consistently022
outperforms other baselines in both clinical023
faithfulness and pedagogical value.024

1 Introduction025

Scalable Human Therapist Training. Mental026

health care faces a critical workforce shortage amid027

rising patient demand (WHO, 2023). To address028

this, substantial research has focused on developing029

AI-Therapists trained on patient simulations to de-030

liver counseling (Na, 2024; Xie et al., 2024; Wang031

et al., 2025b). However, these autonomous systems032

face severe ethical concerns regarding safety and033

liability (Ong et al., 2024; Raile, 2024; Hager et al.,034

2024; Scholich et al., 2025),. Consequently, while035

the direct deployment of AI agents receives con- 036

siderable attention, the potential of leveraging AI 037

to scale the training of human therapists remains a 038

vital yet largely ignored avenue. 039

Virtual Standardized Patients. The gold stan- 040

dard for such clinical mental health training is Stan- 041

dardized Patients (SPs), who are trained actors sim- 042

ulating specific psychological conditions to create 043

a realistic and safe practice environment (Rizzo 044

and Talbot, 2016). Given the high cost and limited 045

availability of human actors, there is a significant 046

need to build Virtual Standardized Patients that can 047

democratize access to this rigorous training(Reger 048

et al., 2021). However, while recent Large Lan- 049

guage Models (LLMs) have achieved high fidelity 050

in conversational simulation for patient simulation, 051

simply portraying a patient with realism is not suf- 052

ficient to fulfill the role of a Standardized Patient. 053

A true Standardized Patient must serve as a rigor- 054

ous educational tool rather than merely a realistic 055

conversationalist. 056

The Gap Between VSP and Simulation. Cur- 057

rent LLM-based simulations face two fundamental 058

challenges that prevent them from functioning as 059

effective Standardized Patients. The first challenge 060

is the lack of faithful reactions to clinical errors. As 061

illustrated in Figure 2, consider a scenario where 062

a trainee rushes to reframe a patient’s childhood 063

trauma without first establishing a therapeutic al- 064

liance. In such a delicate situation, a human Stan- 065

dardized Patient would follow specific pedagogi- 066

cal rules to manifest withdrawal or defensiveness. 067

However, standard LLMs-based patient often fail to 068

reflect this clinical consequence (Baseline 1 (Wang 069
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et al., 2024)) or instead exhibit unrealistic com-070

pliance by cooperatively following the trainee’s071

prompt (Baseline 1 (Wang et al., 2025a)). The072

second challenge is the inability to provide peda-073

gogical feedback. Even when the simulation reacts074

negatively, the black-box nature of the model leaves075

the causal chain opaque. The trainee observes the076

patient’s distress but cannot discern whether the re-077

action was triggered by their specific intervention078

technique or random model stochasticity, thus pre-079

venting the necessary insight for skill acquisition.080

The Proposed Neural-Symbolic VSP. Inspired081

by the cognitive workflow of human Standardized082

Patients who deliberately suppress random vari-083

ability to follow explicit training rubrics while084

maintaining authentic personas (Nestel and Bear-085

man, 2015), we identify that a neuro-symbolic ap-086

proach is essential. This integration bridges the087

gap between the structured logic required for ed-088

ucational consistency and the conversational flu-089

idity provided by neural networks (Yang et al.,090

2025a). To address the challenge of providing faith-091

ful reactions, we propose PUPPET, the first neural-092

symbolic virtual standardized patient, to the best093

of our knowledge, governed by an Observe-Think-094

Behave architecture. The neural Observe module095

monitors trainee behaviors and converts them into096

logical signals. The symbolic Think module then097

models how patients should react to these behav-098

iors based on trainer-defined rules, using Proba-099

bilistic Logic and a Probabilistic State Machine100

to trigger mental state transitions. The probabilis-101

tic mechanism preserves natural patient variability102

while rules ensure pedagogical consistency. Finally,103

the Behave module generates responses reflecting104

these states. By enforcing clinical rules through105

probabilistic logic, this architecture ensures that106

patient state transitions are deterministically driven107

by the quality of the trainee’s intervention and pre-108

vents unrealistic compliance seen in baselines. To109

address the lack of pedagogical feedback, we fur-110

ther develop PUPPET-TRAINER framework based111

on PUPPET. This mental health training system112

that reveals complete causal chain (intervention113

→ rule → state → response) turns opaque patient114

reactions into transparent learning opportunities.115

Validation and Contributions. Both quantita-116

tive and qualitative experiments across three scenar-117

ios validate PUPPET’s generalizability and peda-118

gogical value. As a virtual standardized patient,119

PUPPET balances faithful reactions, including120

As a Standardized Patient

Clinical Reaction        Pedagogy   
Simulated
Patients

Patient Profile: A woman with anxiety 
who suffered from severe verbal abuse, 

holding the core belief that I am defective, 
resulting in severe self-criticism.

Baseline 1

Baseline 2

PUPPET
(Ours)

a. (History) Trainee: Can you 
imagine going back to the past 
and seeing your younger self?

b. (History) Patient: I tried imagining it, but that 
little girl hiding in the corner makes me feel sad.

c. Trainee Input: Can you 
try to imagine giving the little 
girl                   ? Or saying 
something to                  ?

A common clinical mistake occurs when therapists rush to 
reframe childhood pain without laying the proper groundwork first

I've actually been afraid to face her. What 
should I say to her? I'm not sure if I can 
give her any comfort.

I can't even take care of myself now. Sometimes I feel                       completely 
would be best for everyone.

Sometimes I feel that if my younger self 
could                , I wouldn't have to 
keep suffering like this.

I feel like she needs comfort, but I don't 
know how to reassure her.

negative trend 
but not suicidal

compliance
     trainees lack 
insight into how 
and why their 
behaviors impact 
patient states and 
responses

     suicidal trend
 , same with the 
  ground truth

    rules as clear 
 learning goals & 
feedback criteria

         Triggered Rule which states: If trainee uses                                   without                 
                                         such as                         ,                                , or 
                            , then there is a high risk of a state transition to              .

a warm hug
comfort her

Rewrite Childhood Feeling

disappearing

disappear

Suicidal
Establishing Therapeutic Alliance
Emphasizing Positive

d. PUPPET Response

Showing Empathy Sharing Treatment Plan

Figure 2: When trainees make mistakes, trainer-defined
rules trigger PUPPET’s appropriate clinical reaction,
with causal links revealed to provide pedagogical value.

complex non-linear state transitions and authen- 121

tic behaviors, while remaining grounded in trainer- 122

defined logic, as illustrated in Figure 1. Educa- 123

tional theory-inspired evaluations confirm PUPPET- 124

TRAINER’s superior effectiveness in scaffolding 125

novices toward expert proficiency with sustained 126

growth beyond learning plateaus. Our work estab- 127

lishes a generalizable yet customizable framework 128

for automated mental health practitioner training, 129

offering a promising human-AI collaborative path- 130

way to alleviate the critical therapist shortage. 131

2 Related Works 132

Patient Simulation. Current approaches primar- 133

ily construct virtual patients to train or evaluate 134

AI counselors rather than human trainees, utilizing 135

prompting (Louie et al., 2024; Liao et al., 2024) or 136

fine-tuning (Wang et al., 2025a; Du et al., 2025). 137

While achieving high conversational fidelity, these 138

black-box methods lack the controllable causal- 139

ity required for pedagogical feedback—a gap our 140

work addresses by introducing explicit logic rules 141

to ground patient responses. 142

Neural-Symbolic AI. While Neural-Symbolic AI 143

successfully combines neural learning with logical 144

interpretability (Olausson et al., 2023; Yang et al., 145

2025a), it has not been effectively applied to virtual 146

patient simulation for mental health. We bridge this 147

gap by unifying probabilistic logic with finite state 148

machines, ensuring that patient behaviors are both 149

natural and contingent on trainee interventions. 150
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Context: Patient Profile & History

                               Mental State Space                                         Atomic Propositions of Trainee and Patient

                               from a logic system into 
                        transition probabilities of 
                a mental finite state machine

   Think module uses 
    trainer-implanted  
   thoughts to "think"
 , propagating truth 
values of the world 

a

   A. Observe

Observe module assign 
truth value for each 
atomic propositions 

based on the relevance 
statements holds given 

history as evidence

0.9

0.6

^

Behave module responds 
to trainee given context 
and the descriptions of 
the next sampled state 

          B. Think

Willing to trust 
and share personal 
experiences and 

thoughts  

Open

Protects self from 
shame or anxiety 
by avoiding direct 
answer questions

Defensive

Ddisplays rudeness, 
anger, or aggression;

Refuse to engage with 
or answer questions

Hostile

Express 
Emotion

Patient actively reveals 
deep fears, sadness, 

shame, distress or other 
negative emotions

Trace Deep 
Negative Thought 

Human
Trainer

^        :-           

^

A state transition    to       
happens if ( :- )      holds

^        :-           

^

PUPPET

0.1 ¬

Trainee understands 
patient's feelings from 
their perspective and 
conveys empathy

Show
Empathy

Trainee probes behind 
current events for 
underlying beliefs, childhood 
experience or historical root

Complaint: Feels like a fool; Constant self-denial
Situation; Self-doubt under work pressure

Name: Sally Age: 26 Gender: Female

     holds if ( :- ) trainee 
fails  (    ) to respond to 
(     ) patient negative 
emotion expression (    ) 
with empathetic 
statement (    )

¬

^        :-       (                  )  ¬

     holds if ( :- ) trainee 
traces deep negative 
thought (    ) after 
having (     ) shown the 
empathy (    ) ^ 

^ :-                  ^

A state transition    to       
happens if ( :- )      holds

World

I messed up the presentation. I know I 
failed, but it's just stress, right? Yet, 
this oppressive feeling remains. It’s too 
familiar, like it’s always there

Yeah, it hurts to admit. It 
takes me back to my mom 
... I was never good enough
. Right now, I feel like that 
stupid little girl again

0.8 0.9 0.7

Neural-symbolic trainer explains causal 
link between the trainee's input and 

PUPPET's response, highlighting which 
behaviors are suitable or discouraged, 

as well as how they affect the patient's 
state which results in the final response

1
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RS
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2

Next State
Sampling

D. Feedback

AI Trainer

Trainee

That must be painful. Since 
it's "familiar," did you feel 
this heaviness in childhood?

Trainee

Figure 3: Overview of PUPPET-TRAINER. PUPPET-TRAINER allows trainers to program their intervention logic
into PUPPET via the top-right black pipeline. PUPPET, shown in the middle pink box, plays the role of a patient
whose thoughts are controlled to provide contingent reactions based on whether the trainee exhibits the trainer’s
desired behavior patterns. The neural-symbolic trainer then, as illustrated in the gray box, reveals such causal
relationships to trainees to reinforce their understanding of when and how to use certain therapeutic skills.

3 Mental Health Training Framework:151

PUPPET-TRAINER152

3.1 Overview: Framework and Interaction153

To simulate real patients while maintaining educa-154

tional significance, we propose PUPPET-TRAINER,155

a framework whose workflow is formalized as fol-156

lows (see Figure 3): (1) Scenario Construction157

(Section 3.2): The Trainer initializes a training158

scenario C, defining the patient persona and ed-159

ucational constraints to establish the simulation160

context. (2) Response Generation (Section 3.3):161

This constitutes the core interaction loop. For162

each dialogue round t, given the trainee input163

uT
t and history Ht−1, the agent PUPPET performs164

a state update and generates a response via an165

Observe− Think− Behave mechanism:166

(PUPPETt, u
P
t )← f(PUPPETt−1, u

T
t | C,Ht−1) (1)167

where f denotes endogenous evolution of agent’s168

internal state PUPPETt and resulting patient re-169

sponse uP
t , ensuring behavioral consistency within170

LLM-based engine. (3) Feedback Generation171

(Section 3.4): For reflective learning, system de-172

rives interpretable feedback Ft by analyzing causal173

state transition triggered by trainee’s actions:174

Ft ← g(PUPPETt−1 → PUPPETt,Ht) (2)175

where g represents the logical derivation of peda- 176

gogical insights by observing the trajectory of in- 177

ternal states. Complete procedure see Algorithm 1. 178

3.2 Training Scenario Construction 179

To formalize clinical interactions into a computable 180

framework, the trainer must construct a logical 181

environment that maps conversational nuances to 182

structured patient dynamics. This construction pro- 183

cess enables the system to systematically track the 184

causal chain from a trainee’s specific interventions 185

to the resulting shifts in a patient’s internal state. 186

Space. The Space (Figure 3a) is a fundamental 187

component for characterizing patients’ core men- 188

tal attributes. It is defined as a collection encom- 189

passing multiple mutually exclusive mental states 190

S = {s1, s2, . . . , sm}, where each mental state rep- 191

resents a distinct state of a specific patient attribute. 192

Proposition. Propositions are the fundamental 193

units for “judging truth and falsity, and deriving 194

causality” within the scenario. The trainer defines 195

three types: atomic propositions, rules (composed 196

of atomic propositions), and patient state transi- 197

tions (composed of rules), forming a complete log- 198

ical reasoning chain for state transitions. 199

Atomic Propositions. Within PUPPET-TRAINER 200
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framework, atomic proposition meanings result201

from semantic parsing of conversation information,202

i.e., the logical world. All conversation information203

(the real world) can be mapped one-to-one to the204

logical world, i.e., H ∼= PA, where H denotes the205

conversation history and PA = {P1, P2, . . . , Pn}206

denotes the atomic propositions.207

Logic Operator. In order to incorporate both ordi-208

nary and probabilistic logic (Nilsson, 1986), whose209

output truth values are defined over the continu-210

ous interval [0, 1] instead of the discrete binary set211

{0, 1}, the relevant logic operators are reformu-212

lated as the equations given below:213

¬P1 = 1− P1 P1 ∨ P2 = 1− (1− P1) ∗ (1− P2)

P1 ∧ P2 = P1 ∗ P2 P1 → P2 = 1− P1 ∗ (1− P2)
(3)214

where Pi is a proposition, ∧ is an conjunction op-215

erator. ¬ is the negation operator; ∨ is the disjunc-216

tion operator; → is the implication operator (e.g.,217

P1 → P2 = 0 only when P1 = 1 and P2 = 0).218

Rules and Thoughts. Rules (Figure 3c) are com-219

pound propositions explicitly encoding causal re-220

lationships through logical composition of atomic221

propositions and/or existing sub-rules. Let R =222

{R1, R2, . . . , Rk} denote set of rules, where each Rt223

(t = 1, 2, . . . , k) is recursively constructed from224

atomic propositions in PA or previously defined225

rules, by arbitrarily combining them with four log-226

ical operators (i.e., ¬,∧,∨,→). Building on this227

hierarchical structure, we define Thoughts as top-228

level rules. These Thoughts represent terminal com-229

pound propositions in reasoning chain that synthe-230

size lower-level logic into high-level conclusions,231

enabling flexible and expressive causal reasoning.232

Patient State Transitions. Patient State Transi-233

tions (Figure 3d) represent mappings between rules234

and state transitions. Let RS = {RS1 , RS2 , . . . , RSm}235

denote the patient state transitions, where each RSr236

( r = 1, 2, . . . ,m ) is formalized based on the logi-237

cal disjunction of relevant rules from R.238

The workflow of Training Scenario Construction239

is as follows: First, the Trainer identifies all mutu-240

ally exclusive states of the space, such as Hostile,241

Defensive, and Open. Then, define the Atomic242

Propositions of Trainee and Patient, for example,243

Express Negative Emotion(P1), Show Empathy(P2)244

and Trace Deep Negative Thought(P3). Subse-245

quently, define the rules and patient state transi-246

tions simultaneously. For instance, if the trainee247

fails to respond to the patient’s negative emotion248

expression with an empathetic statement(R1), the249

patient’s response attitude will deteriorate. If the250

patient’s state transition from Defensive to Hostile251

is RS1 , and the transition from Open to Defensive is 252

RS3 , then RS1 :- ∨ R1 and RS3 :- ∨ R1. 253

3.3 PUPPET Response Generation 254

To simulate the nuanced interactivity of a real pa- 255

tient, PUPPET is constructed as a dynamic en- 256

tity driven by an LLM, comprising three synergistic 257

functional modules: Observe, Think, and Behave. 258

While the agent maintains consistent characteriza- 259

tion through fixed attributes Finfo (e.g., Persona), 260

its core evolutionary mechanism relies on the dy- 261

namic mental state Vinfot ∈ S. This variable cap- 262

tures the patient’s fluctuating internal condition and 263

serves as the critical basis for state updates at each 264

turn. Consequently, the agent synthesizes the cur- 265

rent dialogue context Dcurr with logical resources 266

(PA,R,S) to generate context-consistent and state- 267

aligned responses uP
t .Based on this architecture, 268

the agent transforms the trainee doctor’s input into 269

context-consistent, state-aligned responses. The 270

interactive reasoning follows a structured logical 271

chain, formally summarized as: 272

uP
t = PUPPETt−1(Dcurr,PA,R,S) (4) 273

where uP
t represents the t-th patient response, out- 274

put of PUPPET. Dcurr = Ht−1 ⊕ uT
t denotes 275

the current dialogue context, where ⊕ denotes se- 276

quence concatenation. PA, R, and S denote atomic 277

propositions, rules, and the space, respectively. 278

“Eye” of PUPPET: Observe Module Acting as 279

the agent’s sensory apparatus, the Observe module 280

maps the external dialogue environment to the log- 281

ical world. Utilizing a CoT(Wei et al., 2022)-based 282

LLM Valuator, it decomposes complex semantics 283

into interpretable steps to assign [0, 1] truth values 284

to atomic propositions. Crucially, this valuation 285

applies a temporal weighting mechanism that pri- 286

oritizes recent interactions, acknowledging that the 287

sequence of actions directly dictates patient state 288

changes. This process is defined as: 289

VA
t = Observe(Dcurr,PA) (5) 290

where VA
t denotes truth values derived from dia- 291

logue context Dcurr and atomic propositions PA. 292

“Brain” of PUPPET: Think Module Acting 293

as the cognitive control center, the Think mod- 294

ule represents the “Brain” of PUPPET. Its core 295

function is to convert the perceptual data pro- 296

vided by the "eyes" into the internal psycholog- 297

ical changes within the psychological finite state 298

machine through the thoughts implanted by the 299

trainer. First, it derives rule truth values VB
t via 300
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probabilistic logic based on the atomic proposition301

truth values. Second, it generates state transition302

truth values VS
t , retaining only those that exceed a303

preset threshold to filter out cognitive noise. The304

thought process is mathematically modeled as:305

VS
t =Msym(VA

t ,R,RS) (6)306

where VS
t quantifies probability of feasible state307

transitions. Msym constructs an inference model308

incorporating probability-annotated facts and de-309

terministic logical rules via Probabilistic Logic310

Programming(PLP) (Ng and Subrahmanian, 1992)311

to perform probabilistic calculations (see Ap-312

pendix B.1 for details). VA
t is input from the “Eye,”313

R is the pre-implanted rules, and RS is the prede-314

fined state transitions. The “Brain” finalizes these315

cognitive shifts via a pre-defined Probabilistic State316

Machine (PSM)(Vidal et al., 2005a,b). The final317

update to the patient’s mindset is calculated as:318

Vinfot = PSM(TopK(VS
t , k),Vinfot−1) (7)319

where Vinfot is updated state for t-th round, and320

TopK(·) denotes selection and normalization oper-321

ation. PSM integrates optimized transition proba-322

bilities with historical state Vinfot−1 to complete323

mental state update. Details see Appendix B.2.324

“Mouth” of PUPPET: Behave Module Acting325

as the articulatory system, Behave module is PUP-326

PET’s “Mouth”, manifesting internal state into327

verbal communication. It outputs the patient’s328

response via an actor mechanism, generating re-329

sponses not only logically coherent with trainee’s330

input but also emotionally aligned with agent’s cur-331

rent mental state. Using static simulated patient332

method—proven effective(Bubeck et al., 2023;333

Kosinski, 2023; Singhal et al., 2023) for patient-334

oriented output—the LLM translates abstract in-335

ternal state and context into tangible, spoken re-336

sponses. This expressive process is defined as:337

uP
t = LLM(Vinfot, Finfo,Dcurr) (8)338

where uP
t is t-th round response. This output is339

strictly governed by Vinfot (“Brain’s” output) to340

determine behavioral orientation, Finfo to ensure341

the voice remains consistent with the patient’s per-342

sona, and Dcurr to guarantee dialogue continuity.343

3.4 Feedback Generation344

Core goal of Feedback Generation process is to clar-345

ify the causal relationship between trainee doctor’s346

reply and PUPPET’s state transition for the trainee,347

providing interpretable training guidance. By in-348

putting the specific elements of the complete pro-349

cess from the Assignment phase to the State Tran- 350

sition phase into the LLM, the process completes 351

the summarization of the causal relationship and 352

generates structured feedback. The input-output 353

relationship of this phase is formally defined as: 354

Ft = LLM(PA,VA
t ,VS

t ,Ht) (9) 355

where PA denotes the atomic propositions; VA
t is 356

the atomic proposition truth values from the Assign- 357

ment phase at the t-th round; VS
t is the patient state 358

transition truth values from the Interpretation phase 359

at the t-th round; Ht = Ht−1 ⊕ uT
t ⊕ uP

t denotes 360

the full dialogue context up to the t-th round;and 361

Ft is the output feedback at the t-th round. 362

Ft clarifies the causal relationship between 363

trainee’s intervention behaviors and state changes 364

of PUPPET. This mechanism maps specific com- 365

munication behaviors to atomic propositions via 366

Msym reasoning, parsing the logical process of 367

their triggering rules and state transitions. Inter- 368

pretable feedback helps trainees accurately grasp 369

the impact of clinical communication behaviors, 370

thereby significantly improving the training effect. 371

4 Experiments 372

To serve as a high-fidelity simulation tool, a virtual 373

patient must fulfill two core requirements: clinical 374

realism and educational utility. We therefore evalu- 375

ate PUPPET across two primary dimensions. First, 376

we assess its Faithful Reaction (Section 4.1), ex- 377

amining whether the model can accurately mirror 378

the "inside-out" psychological dynamics of real pa- 379

tients by synchronizing internal mental states with 380

external clinical behaviors. Second, we evaluate 381

its Pedagogical Value (Section 4.2), investigating 382

whether the framework’s logic-explainable feed- 383

back and neuro-symbolic scaffolding can facilitate 384

genuine skill acquisition and self-efficacy growth 385

in trainees. By bridging these two dimensions, we 386

demonstrate PUPPET’s capacity to function not 387

just as a realistic persona, but as a robust environ- 388

ment for professional clinical training. 389

4.1 Faithful Reaction 390

To ensure high-fidelity simulation, a virtual patient 391

must mirror the “inside-out” dynamics of real indi- 392

viduals. We therefore evaluate whether PUPPET’s 393

underlying psychological states authentically drive 394

its observable clinical behaviors. 395

We evaluate PUPPET against three baselines 396

(Base, Profile-Based, and AnnaAgent (Wang et al., 397

2025a)) across CBT and MI scenarios using 398
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Figure 4: Mental state transition probabilities (t:
columns, t+1: rows). PUPPET aligns closer to Ground
Truth, capturing realistic non-linear state shifts.

two backbones (DeepSeek-V3.2-chat and GPT-399

4o-mini). We assess: (1) Response Quality:400

BERTScore using BGE-M3 embedding model to401

measure linguistic alignment; (2) Persona Fidelity402

(1 to 5 scale) measuring adherence to patient pro-403

files using DeepSeek-V3.2-reasoner as automated404

judge;(Wang et al., 2025a; Lan et al., 2024) (3)405

Mental State Alignment (Accuracy, F1) evaluat-406

ing next-turn state prediction;(Tan et al., 2025)407

and (4) Behavioral Authenticity (1 to 5 scale)408

assessing state-behavior consistency(Xu et al.,409

2025b)(Appendix C).410

PUPPET Synchronizes Internal Mental States411

with External Clinical Behaviors. Table 1 demon-412

strates PUPPET’s superiority across all metrics,413

revealing a fundamental capability: inside-out pa-414

tient modeling. In the MI with DeepSeek setting,415

our method achieves 74.00% mental state accuracy416

(24 percentage points above baselines) while attain-417

ing the highest Persona (4.10) and Behavioral Au-418

thenticity (4.05) scores. This concurrent excellence419

evidences faithful modeling of the complete causal420

chain from internal psychological dynamics (Men-421

tal State Alignment) to personality-consistent pro-422

cessing (Persona Fidelity), then to clinically appro-423

priate behaviors (Behavioral Authenticity), and fi-424

nally to authentic linguistic expressions (Response425

Quality). Unlike baselines that rely on surface-level426

pattern matching, PUPPET mirrors how real pa-427

tients operate, where internal psychological shifts428

drive external manifestations.429

Neuro-Symbolic Integration Overcomes430

State Inertia to Mirror Real-World Fluctua-431

tions.Analysis of Figure 4 identifies a "mental432

state inertia" failure in baselines, which over-rely433

on static or monotonic transitions (self-transition434

> 0.5). The 3D surface plots in Figure 1 provide a435

more intuitive visualization of these distributional436

gaps, highlighting how baseline densities heavily437

concentrate along the diagonal. This contradicts438

the therapeutic rhythm where patients fluctuate439

between stabilization and destabilization (GT440

d. PUPPET Response

Caller Profile: A 32 year old woman, 
has a 2 year old daughter. Feels very 
weak and like a "burden" to her family

a. Trainee: Could you tell me what‘s 
been bothering you lately？

b. Caller:                    housework, I just want 
to lie in bed. When my daughter cries, I can't 
even hold her. 

c. Trainee : You ignore your crying 
child. As a mother, this is                    
and                         . You could take 
responsibility  
for yourself here.

Trainee Intervention(   ): Blaming                               But, 
maybe you are right. I 
can't even help my 
child.                            . 
Since I only bring pain,   
                   is the best 
way to help her.

Think: Trainee Intervention to Caller State Changes to Caller Response  

e. PUPPET-TRAINER feedback to Trainee

Patient Behavior(   ): Feeling Lost

irresponsible 

A trainee operator violate National Mental Health Hotline 12356 
behavioral guidelines by adopting blaming stances

selfish behavior
instead of feeling sorry

I can not do 

I really do not know what to do

0.9 0.7P2 P1You think I want this?

Rule (    ): IF [   ] THEN [      ]        >Threshold       TriggeredP2 RAff
1R1

Rule (    ): IF [   ] AND [   ] THEN [      ]        >Threshold       TriggeredP2 RSui
1 0.6R2 P1

Affect Space(      ) : [ Ambiguous ] to [ Negative ]
Suicidal Ideation Space(      ) : [ Non-Suicidal ] to [ Suicidal ]

RAff
1

RSui
1

I am a bad mother

going away

Your blaming intervention (    ,      confidence), characterized by labeling the patient’s struggle 
as "irresponsible and selfish behavior" and dismissively telling her to stop "feeling sorry for 
yourself,"directly triggered Rule    .This causal link shifted (     ) patient’s affect from ambiguous 
state to distinctly negative one, as captured in her defensive retort: "You think I want this?"

Crucially, because this intervention occurred while the patient was already in a vulnerable 
state of feeling lost (    ,      confidence)—evidenced by her admission that she "can't even hold" 
her child and "doesn't know what to do"—the combination satisfied the conditions for Rule     . 
This logical sequence not only intensified her negative affect but also drove a critical internal 
state transition (      ), causing her suicidal ideation to escalate from non-suicidal to suicidal. 
These internal shifts are explicitly manifested in her final verbalized intent of "going away" as 
a perceived way to help her family.

P1 0.7
R2

RSui
1

P2

0.9

0.9

R1 RAff
1

Figure 5: Case study demonstrating PUPPET’s rule-
based state transitions and transparent feedback.

Amb.→Neg.: 0.38). PUPPET overcomes this 441

through neuro-symbolic integration, exhibiting 442

distributed off-diagonal probabilities that reflect 443

bidirectional flows. Crucially, PUPPET simulates 444

the therapeutic paradox of regression under 445

pressure followed by supportive re-stabilization, 446

providing a high-fidelity environment for train- 447

ing counselors to navigate non-linear clinical 448

trajectories. 449

Optimal Patient Simulation Requires a Synthe- 450

sis of Symbolic Guidance and Neural Fluid- 451

ity. Table 2 reveals that high-fidelity simulation 452

hinges on controlled stochasticity. Eliminating 453

symbolic reasoning leads to a 20% accuracy col- 454

lapse (74.00% → 54.00%), proving that uncon- 455

strained neural generation fails to sustain clinical 456

coherence. Conversely, the "hard logic" variant per- 457

forms worst in behavioral authenticity (3.59), as 458

deterministic rules transform patients into mechan- 459

ical responders. By integrating soft logic, PUP- 460

PET preserves the inherent randomness of real- 461

world therapy—balancing structural clinical guid- 462

ance with the naturalistic variability essential for 463

authentic training. 464

4.2 Pedagogical Value 465

Beyond simulation fidelity, we evaluate PUPPET- 466

TRAINER’s Pedagogical Value in the “12356” 467

scenario against LLM-as-a-Supervisor (a fine- 468

tuned corrective feedback baseline) (Xu et al., 469

2025b). Our multi-dimensional evaluation cov- 470

ers:(1) expert-rated feedback quality (§4.2.1); (2) 471

trainee self-efficacy growth (§4.2.2); (3) system 472
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Method
Cognitive Behavioral Therapy (CBT) Motivational Interviewing (MI)

Response↑ Per.↑ Mental State↑ Beh.↑ Response↑ Per.↑ Mental State↑ Beh.↑
Pre. F1 Acc. F1 Pre. F1 Acc. F1

• Backbone: Deepseek-V3.2-chat
Base 61.68 60.70 3.32 31.30 25.06 2.78 62.11 59.40 3.08 48.00 29.01 2.79
Profile-Based 61.66 60.16 3.30 34.18 32.10 2.90 64.00 61.23 3.70 48.00 48.22 3.15
AnnaAgent 61.56 60.63 3.12 35.44 28.27 3.00 63.53 60.31 4.09 50.00 40.44 3.87
PUPPET(Ours) 63.91 62.78 4.11∗ 38.75 33.27 3.56† 62.51 62.03 4.10† 74.00∗ 61.10∗ 4.05†

• Backbone: GPT-4o-mini
Base 62.94 61.39 2.60 24.05 25.83 1.80 63.48 59.66 2.43 32.00 38.10 2.29
Profile-Based 62.40 61.10 2.67 31.25 20.25 2.22 63.38 60.16 3.12 36.00 37.42 2.50
AnnaAgent 63.39 59.35 2.44 33.75 25.45 1.89 63.77 60.07 3.62 40.00 39.91 3.06
PUPPET(Ours) 63.39 61.05 3.11∗ 35.19 31.18 3.05† 63.95 60.75 4.00† 50.00∗ 52.33∗ 3.94†

Table 1: Performance comparison in CBT and MI. Metrics: 1-5 for Per./Beh., % for others. ∗p < .05,† p < .01.

Method Acc.↑ F1↑ Beh.↑
PUPPET (Full) 74.00 61.10 4.05
↪→ w/o Symbolic Component 54.00 54.33 3.70
↪→ w/o Probabilistic Logic(Hard Logic) 50.00 52.36 3.59

Table 2: Ablation results in MI. Performance drops
across variants validate the necessity of symbolic rea-
soning and probabilistic logic.

discriminant validity (§4.2.3); and (4) qualitative473

case studies of pedagogical mechanisms (§4.2.4).474

4.2.1 Quality of Feedback475

To evaluate the pedagogical quality between476

PUPPET-TRAINER and LLM-as-a-Supervisor, five477

licensed counselors rated our system against the478

baseline using five metrics grounded in established479

pedagogical theories: Granularity, Scenario Faith-480

fulness, Causal Consistency, Structural Insight,481

and Usefulness. Based on Figure 6, we discuss im-482

provements across three pedagogical dimensions:483

Logic-Explainable and Fine-Grained Feedback484

Fosters Optimal Learning Conditions. Superior485

performance in Granularity and Usefulness shows486

effective management of learning difficulty. Specif-487

ically, fine-grained guidance reduces extraneous488

cognitive load by eliminating ambiguity (Sweller,489

1988), while logic-explainability bridges the gap490

between rule complexity and trainee understanding.491

This ensures feedback remains within the trainee’s492

Zone of Proximal Development (ZPD) (Vygotsky,493

1978), preventing cognitive both overload and over-494

simplification.495

Rule-grounded Feedback Promotes Deep Un-496

derstanding. Significant gains in Causal Con-497

sistency and Structural Insight confirm that our498

system effectively conveys intervention logic.499

Specifically, modeling the causality between500

interventions and patient reactions supports501

Experiential Learning (Kolb, 1984) via reflective502

observation, while revealing sequential dependen-503

cies facilitates Schema Acquisition (Piaget, 1952)504

*

*

**

**

**

Figure 6: Evaluation results on five pedagogical metrics.
PUPPET-TRAINER consistently surpasses the baseline
across all dimensions, demonstrating its capacity to de-
liver higher-quality feedback. ∗p < .05,† p < .01.

by organizing fragmented skills into coherent struc- 505

tures. This allows trainees to master underly- 506

ing therapeutic mechanics rather than memorizing 507

surface-level responses. 508

Expert-defined Rules Ensure Professional En- 509

vironment. The substantial improvement in Sce- 510

nario Faithfulness highlights that strict adherence 511

to expert rules creates a professional environment 512

that realizes Situated Learning (Lave and Wenger, 513

1991). This ensures the mastery of standard termi- 514

nology and habits within a reliable context. 515

4.2.2 Self-Efficacy 516

We tracked trainee self-efficacy (N = 30) over 517

five weeks via CASES-R (Hahn et al., 2021), com- 518

paring a baseline against PUPPET-TRAINER with 519

Fixed and Progressive rules (Appendix C.3.2). 520

Causal Feedback Enhances Skills. Both PUPPET- 521

TRAINER variants outperformed the baseline (p < 522

0.05 from T2; Figure 7), confirming that causal 523

mapping between interventions and patient states 524

builds confidence through logic mastery. 525

Progressive Scaffolding. The Progressive group 526

showed faster initial growth (T1–T2) by reducing 527

Cognitive Load (Sweller, 1988). Unlike the Fixed 528

group’s plateau (T4–T5), the Progressive group 529

sustained growth (p < 0.01), validating that pro- 530
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gressive rule complexity with trainee proficiency531

implements Scaffolding (Wood et al., 1976).532

Figure 7: Comparative trajectory of novice counselors’
self-efficacy scores (CASES-R) across five training ses-
sions (T1 − T5). Shaded regions represent the Standard
Error of the Mean (SEM). The consistent upward trends
demonstrate PUPPET-TRAINER’s effectiveness in fos-
tering professional growth.

4.2.3 Discriminant Validity533

An effective training system must differentiate be-534

tween varying levels of clinical proficiency to di-535

agnose a trainee’s skill level, which is a prerequi-536

site for providing appropriate feedback (Vygotsky,537

1978). We evaluated whether PUPPET-TRAINER538

produces meaningfully different patient state transi-539

tions when interacting with three distinct user pro-540

files: Expert, Novice, and Toxic(Appendix C.3.3).541

Figure 8 illustrates the resulting state trajectories542

across 15 conversation rounds.543

PUPPET-TRAINER Accurately Differentiates544

Skill Levels. The system generates distinct tra-545

jectories per profile: Expert interactions largely546

converge to “Positive” states (green flows), Toxic547

inputs predominantly drive the patient toward “Neg-548

ative” states (red flows), while pre-training Novice549

interactions exhibit unstable fluctuations. This550

correlation demonstrates that patient state transi-551

tions are strictly determined by intervention quality,552

thereby validating PUPPET-TRAINER’s precision in553

differentiating competence and its rule adherence.554

Discriminative Validity Enables ZPD. This dis-555

criminative capability is essential for realizing the556

ZPD, by aligning tasks with trainee proficiency to557

ensure they are challenging yet achievable with558

guidance. Building on PUPPET-TRAINER’s dis-559

criminative validity, the system utilizes progressive560

rules (Section 4.2.2) to provide matched scaffold-561

ing. The result is evident in the Novice group’s562

transformation, where post-training sessions elimi-563

nates the residue seen in initial session and mirrors564

the expert profile.565
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Ambiguous
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Positive
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Ambiguous

Negative

Positive

Neutral

Ambiguous

Positive

Neutral

Neutral
Ambiguous

Negative

Neutral

Ambiguous

Negative

Neutral

Ambiguous

Negative

Positive
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Ambiguous

Negative

Neutral
Ambiguous

Negative

Positive

Neutral

Ambiguous

Negative

Positive

Neutral

Ambiguous

Negative

Positive

Neutral

Ambiguous

Neutral
Ambiguous

Negative

Neutral
Ambiguous

Negative

Ambiguous

Negative

Ambiguous

Negative

Expert (Session 1)

Novice (Session 1)

Novice (Session 5)

Toxic (Session 1)
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Figure 8: The plots show the normalized probability of
patient affect state transitions across four time points
(Round 0–15). Comparing Session 1 (initial interaction)
with Session 5 (after five practice sessions), the figure
demonstrates the system’s ability to differentiate base-
line levels and track trainee growth.

4.2.4 Case Study 566

Use cases as depicted in Figure 2 and Figure 5. 567

These cases show that PUPPET ensures patient 568

reactions are dependent on the quality of the in- 569

tervention. This eliminates the unrealistic compli- 570

ance often observed in baseline models, enabling 571

trainees to clearly observe the direct consequences 572

of their inappropriate actions. Additionally, by ex- 573

posing the underlying causal chain (Intervention 574

→ Rule → State → Response), PUPPET-TRAINER 575

turns opaque reactions into transparent insights. 576

5 Conclusions 577

We introduce PUPPET, the first neural-symbolic 578

Virtual Standardized Patient governed by an 579

Observe-Think-Behave architecture. Building on 580

it, we further propose the PUPPET-TRAINER which 581

reveals the complete causal chain from intervention 582

to reaction, providing valued pedagogical feedback. 583

By integrating neural generation and symbolic rea- 584

soning, our framework overcomes the limitations 585

of previous patient simulations to ensure faithful re- 586

action to trainees’ behaviors across three scenarios. 587

Evaluations grounded in established pedagogical 588

theories validate its pedagogical value in facilitat- 589

ing genuine skill acquisition among trainees. 590
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Limitations591

PUPPET’s Observe and Behave modules rely ex-592

clusively on text, whereas authentic clinical interac-593

tions depend heavily on non-verbal cues—such as594

prosody and facial expressions—to convey subtle595

emotional shifts. The absence of these paralin-596

guistic elements limits the simulation’s ecological597

validity. Future work aims to integrate multimodal598

capabilities to capture these critical dynamics.599

Ethical Statement600

This research has been assessed as minimal risk601

and adheres to established ethical guidelines for602

human subjects research. All potential risks have603

been thoroughly identified with appropriate miti-604

gation strategies in place. Prior to participation,605

all subjects received comprehensive study infor-606

mation and provided informed consent through an607

electronic form, confirming voluntary participation608

with the right to withdraw unconditionally at any609

time. The research team maintains strict confi-610

dentiality of all participant information, with data611

anonymized and stored securely for research pur-612

poses only. All participants are adults with appro-613

priate counseling backgrounds, ensuring suitable614

professional context for the training intervention.615
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A Extended Related Work 872

Patient Simulation Existing research on patient 873

simulation has predominantly focused on construct- 874

ing virtual benchmarks to train or evaluate AI coun- 875

selors, rather than serving as SPs for human ed- 876

ucational purposes. In this context, recent work 877

constructs virtual patients through two paradigms: 878

(1) prompting-based methods, which embed pa- 879

tient profiles, personas, and behavioral instructions 880

into carefully crafted system prompts (Louie et al., 881

2024; Liao et al., 2024; Wang et al., 2024; Yang 882

et al., 2025b); and (2) fine-tuning methods, which 883

train dedicated models on counseling corpora to 884

capture patient-like response patterns (Wang et al., 885

2025a; Du et al., 2025). These efforts primarily tar- 886

get simulation fidelity—achieving conversational 887

realism and persona consistency. However, both 888

paradigms treat patient behavior as emergent from 889

black-box neural processing, where the mapping 890

from trainee input to patient reaction remains im- 891

plicit and uncontrollable. Our work departs from 892

this paradigm by introducing explicit IF-THEN 893

rules that govern patient state transitions, mak- 894

ing behavioral responses transparent and causally 895

linked to trainee interventions. 896

Furthermore, these approaches solely focus on 897

simulation fidelity, lacking the essential compo- 898

nent of genuine pedagogical feedback. Only a few 899

works have attempted to incorporate such feedback, 900

yet they exhibit critical limitations. Wang et al. 901

(2024) and Kim et al. (2025) evaluate the trainee’s 902

understanding or exploration of patient cognition, 903

rather than the efficacy of their interventions. Simi- 904

larly, Xu et al. (2025c) relies on static guidelines for 905

error detection, neglecting the dynamic causal de- 906

pendency between patient states and interventions, 907
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while its black-box generation lacks the logical con-908

tingency essential for rigorous training. In contrast,909

our symbolic grounding enables logic-explainable910

feedback that clarifies the causal chain from trainee911

actions to patient states, allowing trainees to under-912

stand not just what happened, but why.913

Neural-Symbolic AI Neural-Symbolic AI inte-914

grates the learning capabilities of neural networks915

with the interpretability and structural consistency916

of symbolic reasoning. One research line embeds917

logical solvers or probabilistic logic directly into918

LLMs to enhance rule adherence and reasoning919

faithfulness (Olausson et al., 2023; Servantez et al.,920

2024; Yang et al., 2025a; Yu et al., 2024; Bach921

et al., 2010; Shi et al., 2025; Xu et al., 2025a). An-922

other line utilizes LLMs to predict state transitions923

or perform semantic routing within Finite State924

Machines for global structural consistency (Zhao925

et al., 2025; Li et al., 2024). However, prior work926

applies these two paradigms in isolation to gen-927

eral reasoning tasks (e.g., event prediction), rather928

than therapeutic training—despite such capabilities929

being well-aligned with mental health scenarios930

where transparent causal relationships between in-931

terventions and outcomes are paramount. To our932

best knowledge, we are the first to employ neural-933

symbolic methods for patient simulation, and more934

importantly, the first to unify probabilistic logic935

rules with finite state machines in a single frame-936

work.937

B Method Details938

B.1 Symbolic Model939

Since the PUPPET framework needs to be im-940

plemented based on whether trainees and patients941

exhibit certain behaviors in real-world dialogues,942

the behaviors exhibited by these two groups are943

often not based on a definite ordinary logic, but944

rather resemble a probabilistic logic (PL). There-945

fore, we intend to use PL to describe the intensity946

of the behaviors exhibited by both groups. Conse-947

quently, our symbolic model is an PLP-based infer-948

ence model containing probabilistically annotated949

facts and deterministic logical rules. The entire950

implementation steps are as follows: first, use the951

input atomic proposition truth values and rule set952

to calculate the probabilities of all rules, as shown953

below:954
VB = {V (Ri) | Ri ∈ R} (10)955

where VB is the rule truth values, Ri is the i-th rule,956

R is the set of rules, and V (R) represents the truth957

Algorithm 1: PUPPET-TRAINER Interaction and
Reasoning Framework

Input : S = {s1, . . . , sm};R,RS ;
Finfo (Persona, Situation, Complaint);

Initial State Vinfo0 ∈ S
1 Phase I: Training Scenario Construction
2 InitializeH0 ← ∅;
3 Implant {PA,R,RS} into Brain framework;
4 Phase II: Response and Feedback Generation
5 for round t = 1 to T do
6 Receive uT

t and update
Dcurr = Ht−1 ⊕ uT

t ;
// Step 1: Observer (Semantic

Parsing)

7 VA
t = Observe(Dcurr,PA);

// Step 2: Brain (Thought - PL
Reasoning)

8 VS
t =Msym(VA

t ,R,RS);
// Step 3: Brain (Transition -

State Update)

9 Vinfot = PSM(TopK(VS
t , k),Vinfot−1);

// Step 4: Action (Response
Generation)

10 uP
t = LLM(Vinfot, Finfo,Dcurr);

// Step 5: Feedback (Explainable
Guidance)

11 Ht = Dcurr ∪ {uP
t};

12 Ft = LLM(PA,VA
t ,VS

t ,Ht);
13 Output: uP

t , Ft;

value of the rule. Then, combine the state transition 958

set to calculate all state transitions, and at the same 959

time, filter out the eligible transition truth values 960

according to the threshold T, as shown below: 961

VS =
{
V (RSi )

∣∣∣ RSi ∈ RS , V (RSi ) > T
}

(11) 962

where VS is the state transition truth values, RSi is 963

the i-th state transition, RS is set of state transitions, 964

V (RS) represents the truth value of the rule, and T 965

represents the threshold. 966

B.2 State Transition 967

The PSM is formally defined as follows: 968

PSM = (S, E, P, I) (12) 969

where S = {s1, . . . , sm} represents the finite set of 970

possible mental states, and E ⊆ S × S denotes the 971

set of directed edges connecting these states. I ∈ 972

Rm represents the initial probability distribution 973

over the state set S. In our specific construction, the 974

system initializes from a deterministic standpoint; 975

therefore, I assigns a probability of 1 to a specific 976

starting state and 0 to all others. P denotes the set 977

of transition probabilities associated with E. For 978

each edge eq ∈ E, the transition probability reflects 979

the activation strength of a transition property RSr ∈ 980

RS . 981
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The state update mechanism incorporates a Top-982

k filtering strategy to prioritize the most relevant983

cognitive shifts. At each time step t, given the cur-984

rent state Vinfot−1, we first identify the subset of985

outgoing edges Eout = {(vsrc, vdst) ∈ E | vsrc =986

Vinfot−1}. From the transition probabilities associ-987

ated with Eout, we select the subset VS
top containing988

the k transitions with the highest values. These989

probabilities are then renormalized to form a valid990

local distribution P̂ :991

P̂ (r) =
P (r)∑

j∈VS
top

P (j)
, ∀r ∈ VS

top (13)992

The subsequent state Vinfot is determined by sam-993

pling an active transition rule RSi from VS
top accord-994

ing to the distribution P̂ . Let the selected rule RSi995

correspond to the edge (vsrc, vdst). The state up-996

date is executed as follows:997

RSi ∼ Categorical(VS
top, P̂ ) (14)998

999

Vinfot = vdst (15)1000

This formulation ensures that the mental state1001

evolves stochastically based on the most salient1002

valid thoughts while strictly adhering to the state1003

machine’s structural constraints. Notably, by fil-1004

tering edges based on Vinfot−1 prior to sampling,1005

the model guarantees a continuous and logically1006

consistent state trajectory.1007

B.3 Prompts for the Neural Component of1008

PUPPET1009

The neural component of PUPPET serves as the1010

bridge between unstructured natural language dia-1011

logue and structured symbolic reasoning. Specif-1012

ically, Large Language Models (LLMs) are em-1013

ployed to perform three critical functions: (1) Per-1014

ception, where the model acts as an observer to1015

map dialogue history into probabilistic truth val-1016

ues for behavioral predicates; (2) Action, where1017

the model generates personified patient responses1018

contingent on logical states; and (3) Explanation,1019

where the model translates complex symbolic rea-1020

soning processes into human-readable feedback.1021

This section details the specific prompt designs1022

that enable these capabilities.1023

PUPPET Patient Behavior Observer Prompt

You are a psychotherapy expert responsible for
analyzing the patient’s conversational behavior.

### Task
Based on the doctor-patient dialogue history, analyze the
patient’s behavior and provide a probability truth value
for each behavior (a float between 0 and 1, rounded to
one decimal place).

### Patient Behavior Repository
”’
<rules_text>
”’

### Inference Requirements
1. Carefully analyze the conversation history to under-
stand the patient’s current behavioral manifestations.
2. For each behavior in the patient behavior repository,
calculate a probability value representing the likelihood
that the patient exhibited this behavior in their last turn.
3. The probability value should reflect your confidence
level in the assessment.

### Scoring Criteria
- 0.9-1.0: Very confident that the patient exhibited this
behavior.
- 0.7-0.9: Fairly confident that the patient exhibited this
behavior.
- 0.4-0.7: Somewhat possible that the patient exhibited
this behavior.
- 0.1-0.4: Not very confident that the patient exhibited this
behavior.
- 0.0-0.1: Almost impossible that the patient exhibited this
behavior.

### Dialogue History
”’
<history_text>
”’

### Output Format
Output the probability truth value for each behavior rule
in JSON format (must include all rule IDs):
{
"P1": 0-1,
"P2": 0-1,
"P3": 0-1,
...
}

Figure 9: The Observer prompt for identifying and quan-
tifying patient behaviors based on the predefined behav-
ioral repository.
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PUPPET Doctor Behavior Observer Prompt

You are a psychotherapy expert responsible for
analyzing the doctor’s conversational behavior.

### Task
Based on the doctor-patient dialogue history, analyze
which behaviors or intervention techniques from the
Doctor’s Behavior Repository the doctor may have used,
and provide a probability truth value for each behavior or
technique.

### Doctor’s Behavior Repository
”’
<rules_text>
”’

### Inference Requirements
1. Carefully analyze each of the doctor’s statements to
identify their behaviors.
2. Calculate a probability value for each behavior,
representing the likelihood of its use.

### Scoring Criteria
- 0.8-1.0: The behavior was explicitly used with typical
features.
- 0.6-0.8: The behavior was quite clearly used with
relatively obvious features.
- 0.3-0.6: The behavior was partially or implicitly used.
- 0.0-0.3: There are related signs, but they are not obvious.

### Dialogue History
”’
<history_text>
”’

### Output Format
Output the probability truth value for each behavior in
JSON format:
{
"D1": 0-1,
"D2": 0-1,
"D3": 0-1,
...
}

Figure 10: The Observer prompt for recognizing and
scoring therapeutic intervention techniques used by the
counselor.

PUPPET Patient Action Prompt

You are playing the role of a mental health patient
talking to a psychologist. Based on the following
patient profile, current state, and dialogue history,
generate a response that fits the patient’s character.

### Patient Profile
- Name: <name>
- Age: <age>
- Gender: <gender>
- Chief Complaint: <chief_complaint>
- Background: <background>

### Patient’s Current State
- State: <state>
- Status Description: <state_desc>

### Dialogue History
”’
<history_text>
”’

### Response Requirements
1. Strictly adhere to the current state settings for your
response.
2. Respond in the first person. The response should be
one or two sentences long.
3. If suicidal ideation is present, you may appropriately
reveal related thoughts.
4. Directly output the patient’s response content without
any other explanations.

Figure 11: The Action prompt for generating personified
and state-contingent patient responses in the PUPPET
framework.
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PUPPET Feedback Generation Prompt

Analyze the following rule activation process within
the mental health training system and generate a
detailed feedback explanation.

### Currently Activated Rule
- Rule ID: <activated_rule_id>
- Description: <activated_rule.context >
- Confidence Score: <confidence_score>

### Doctor Intervention Analysis
The following are the identified doctor intervention
techniques and their activation probabilities:
<doctor_rules_info>

### Rule Probability Distribution
Probabilities for all potential mapping rules:
<mapping_rule_probabilities>

### Competing Rule Analysis
Other high-probability candidate rules:
<alternative_rules_info>

### Therapeutic Stage Information
<therapeutic_stage_info>

### Dialogue Context
Summary of the recent dialogue history:
<context_summary>

### Analysis Requirements
Please provide a professional and accessible analysis
covering the following dimensions:
1. Activation Rationale: Analyze why the current rule

<activated_rule.rule_id> has the highest probability,
considering both the doctor’s intervention techniques
and the therapeutic stage constraints.

2. Technique Alignment: Explain how the doctor’s spe-
cific techniques match the triggering conditions of the
activated rule.

3. Competitive Comparison: Explain why other high-
probability rules were not selected and highlight the
advantages of the activated rule over its competitors.

4. Contextual Consistency: Evaluate the clinical ap-
propriateness of the activated rule within the current
dialogue context.

Figure 12: The Feedback Generation prompt for explain-
ing the neuro-symbolic reasoning process and providing
supervisory feedback to the trainee (doctor) in the PUP-
PET framework.

B.4 PUPPET-TRAINER Interface1024

Demonstration1025

To bridge the gap between theoretical modeling1026

and practical pedagogy, we developed an interac-1027

tive system that instantiates the PUPPET-TRAINER1028

framework. The interface consists of a real-time1029

dialogue panel and a logic-driven patient status1030

monitor (Figure 13, 14), providing trainees with1031

immediate, interpretable feedback on their clinical1032

performance. 1033

As illustrated in Figure 13, when a trainee com- 1034

mits a technical error—such as a premature or 1035

"crude" activation of core beliefs (Rule_10)—the 1036

system captures this Erroneous Intervention. The 1037

logical engine immediately processes this behav- 1038

ior, triggering a negative state transition where the 1039

patient’s emotion shifts to Negative and Suicidal 1040

Ideation becomes Present. Conversely, Figure 14 1041

demonstrates a successful recovery: the trainee 1042

utilizes Behavioral Activation to rebuild the thera- 1043

peutic alliance, shifting the patient’s status back to 1044

a safer Ambiguous state. 1045

A key feature of the interface is its dynamic 1046

visual encoding of causal probability. The back- 1047

ground of the patient response is partitioned into 1048

two regions: the left representing the previous men- 1049

tal state and the right representing the updated state. 1050

The spatial proportion of the right region is dynam- 1051

ically scaled according to the triggering probability 1052

of the activated rule—the higher the probability of 1053

the reasoning chain (e.g., 82.8% in Figure 14), the 1054

larger the visual area occupied by the new state. 1055

This design allows trainees to intuitively perceive 1056

the weight and certainty of the causal impact their 1057

communication has on the patient’s internal dynam- 1058

ics. 1059

C Experiment Details 1060

C.1 Baselines 1061

To evaluate the effectiveness of our proposed frame- 1062

work, we compare it against the following repre- 1063

sentative baselines: 1064

• Base: A minimalist approach where the LLM 1065

is provided only with the patient’s chief com- 1066

plaint in the prompt. This method relies en- 1067

tirely on the model’s inherent zero-shot sim- 1068

ulation capabilities to generate subsequent 1069

utterances (Deng et al., 2023; Yang et al., 1070

2025b). 1071

• Profile-Based: A standard role-playing ap- 1072

proach where the LLM is prompted to simu- 1073

late a patient based on a comprehensive, static 1074

persona profile. This profile includes detailed 1075

background information, symptoms, and per- 1076

sonality traits. 1077

• AnnaAgent: A state-of-the-art dynamic pa- 1078

tient simulation method. We implement this 1079

baseline using the official open-source code 1080
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Figure 13: Simulation interface of patient condition deterioration caused by doctors’ technical errors. This interface
demonstrates the process in which doctors trigger negative rules due to the inappropriate use of therapeutic
techniques during conversations. Although the doctor attempted to perform "identification of core beliefs", the
system judged it as an "Erroneous Intervention" (see Rule_10 on the right), regarding it as a crude activation method.
This technical error directly triggered the condition deterioration rule, leading to significant negative changes in key
indicators in the patient panel: the emotional state deteriorated from "Ambiguous" to "Negative", and the suicidal
ideation changed from "Absent" to "Present".

provided by the authors to ensure a fair and1081

consistent comparison in our experimental1082

setup.1083

C.2 Automatic Evaluation1084

C.2.1 Datasets1085

To strictly evaluate the performance of our sim-1086

ulated patients across different therapeutic ap-1087

proaches, we employ two distinct datasets for the1088

Cognitive Behavioral Therapy (CBT) and Motiva-1089

tional Interviewing (MI) scenarios, respectively.1090

CBT Scenario We utilize the Psy-Insight1091

dataset(Chen et al., 2025), which consists of real-1092

world, face-to-face, multi-turn counseling dia-1093

logues centered on mental health. This dataset1094

provides granular annotations, including session-1095

level topic labels and turn-level emotion labels. To1096

ensure data quality and relevance, we apply the1097

following preprocessing steps: (1) we filter the1098

dataset to retain only sessions associated with the1099

CBT topic; (2) we exclude dialogues containing1100

fewer than 5 turns. This process yields a final set1101

of 489 dialogues used for evaluation.1102

MI Scenario For the Motivational Interviewing1103

scenario, we adopt the AnnoMI dataset(Wu et al.,1104

2022), which comprises faithfully transcribed and1105

expert-annotated demonstrations of high-quality1106

Scenario Category States

CBT Affect Positive, Neutral, Ambiguous, Negative
Attitude Open, Defensive, Hostile

MI Readiness Change, Neutral, Sustain

12356 Affect Positive, Neutral, Ambiguous, Negative
Suicidal Suicidal, Non-Suicidal

Table 3: Overview of patient states. For detailed defini-
tions, please refer to Table 6.

MI counseling. Following the settings of previ- 1107

ous work(Yang et al., 2025c), we utilize the 50 1108

dialogues specifically annotated with client state 1109

transitions. These annotations are critical for eval- 1110

uating the model’s ability to reflect psychological 1111

state changes throughout the counseling process. 1112

C.2.2 Evaluation Metrics 1113

Role Consistency We assess the alignment be- 1114

tween simulated responses and real seeker ut- 1115

terances. Following previous work(Wang et al., 1116

2025a), we adopt the Anthropomorphism (Anth.) 1117

metric, which measures the average maximum se- 1118

mantic similarity between generated responses and 1119

reference texts: 1120

anth. =
1

n

n∑
i=1

(
max

j∈{1,2,...,m}
sim(ci, rj)

)
(16) 1121
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Figure 14: Interface illustrating a positive state transition driven by effective intervention. The doctor’s appropriate
application of behavioral activation triggers a therapeutic rule, successfully mitigating suicidal ideation and shifting
the patient’s emotion from Negative to Ambiguous. Visually, the background dynamically encodes this transition: it
comprises two sections representing the previous state (left) and the updated state (right). Notably, the spatial area
of the updated region is proportional to the triggering probability of the activated rule—a higher probability results
in a larger visual dominance of the new state.

where ci represents the i-th utterance in the eval-1122

uated dialogue, rj represents the j-th reference1123

utterance, and sim(·) is the similarity function.1124

We utilize the BGE-M3 embedding model(Multi-1125

Granularity, 2024) to compute BERTScore, report-1126

ing the precision, recall, and f1-score. Additionally,1127

DeepSeek-V3.2-reasoner is employed as an auto-1128

mated judge to evaluate Persona Fidelity on a 1–51129

scale, measuring adherence to predefined patient1130

backgrounds and core personality traits.1131

Mental State Alignment To verify whether sim-1132

ulated patients accurately capture psychological1133

evolution prior to response generation, we eval-1134

uate the model’s ability to predict the next-turn1135

mental state label given the dialogue context. This1136

task quantifies the proficiency in modeling internal1137

mental state dynamics.1138

Behavioral Authenticity We further utilize1139

DeepSeek-V3.2-reasoner to compare simulations1140

with real-world counseling data, assessing whether1141

simulated behaviors comply with the psychologi-1142

cal principle of State-Behavior Consistency. This1143

verifies whether the mapping from internal psycho-1144

logical states to external linguistic expressions is1145

clinically appropriate and representative.1146

C.2.3 Hyperparameter Settings 1147

For the symbolic component of the PUPPET brain, 1148

we configure hyperparameter settings to activate 1149

proposition filtering. Specifically, in the Motiva- 1150

tional Interviewing (MI) scenario, we set top_k = 1151

6 with a threshold of 0.4, while in the Cognitive 1152

Behavioral Therapy (CBT) scenario, top_k = 8 1153

with a threshold of 0.65. The neural component is 1154

driven by Large Language Models (LLMs). Within 1155

the Observer module, the temperature is set to 0 1156

for identifying patient behaviors and therapeutic 1157

techniques to ensure deterministic extraction. For 1158

patient response generation, the temperature is set 1159

to 0.5 to balance coherence and creative expres- 1160

sion. 1161

C.2.4 Prompt 1162

To evaluate Role Consistency and Mental State 1163

Alignment, we utilize specific prompts for simu- 1164

lating the therapist and the patient. The prompt 1165

used to guide the therapist’s behavior, emphasizing 1166

a supportive and non-committal tone, is detailed 1167

in Figure 15. For the baseline comparison using 1168

the Profile-Based method, the prompt designed to 1169

simulate the patient’s internal state and responses 1170

is shown in Figure 16. 1171
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Therapist Simulation Prompt

You are a psychotherapist in a conversation with a client
experiencing psychological distress.

### Client’s Background Information:
<background>

### Requirements:
Use a supportive, concise, and non-committal tone. Avoid
diagnostic terms. Based on the client’s background and the
current conversation, provide a targeted response. Keep
the response brief, within one to two sentences.

Figure 15: Prompt for simulating the therapist role in
consistency experiments.

Profile-Based Patient Prompt

You are a client experiencing psychological distress,
currently in a session with a psychotherapist.

### Background Information:
<background>

### Requirements:
Express your emotions and thoughts naturally and con-
cisely in the first person. Directly output the patient’s
response without any other explanations or labels. Do not
use quotation marks. Keep the response within one to two
sentences.

Figure 16: Prompt for the profile-based patient simula-
tion baseline.

Mental State Alignment. In the CBT scenario,1172

we align emotional states based on Russell’s Cir-1173

cumplex Model of Affect, specifically focusing on1174

the Valence dimension for dimensionality reduc-1175

tion. We mapped the eight fine-grained emotion1176

labels from the original Psy-Insight dataset onto1177

a spectrum ranging from extreme negative to ex-1178

treme positive. As shown in Figure 4, these were1179

clustered into four core categories: Negative, Am-1180

biguous, Neutral, and Positive. We measure per-1181

formance using Accuracy and Weighted F1-score1182

to reflect the reliability of the model’s "Perception"1183

stage within the Perceive-Express pipeline.1184

Table 4: Alignment mapping of fine-grained emotions
from the Psy-Insight dataset into core categories based
on the Valence dimension.

Core Category (Ours) Original Psy-Insight Labels

Negative Depression, Anger, Sadness, Fear
Ambiguous Guilty, Anxiety
Neutral Neutral
Positive Happiness

C.3 Human Evaluation 1185

In this section, we provide detailed definitions, ex- 1186

perimental setups, and in-depth analyses for the 1187

human evaluation experiments presented in Sec- 1188

tion 4.2. 1189

C.3.1 Quality of Feedback 1190

Evaluation Setup: To evaluate whether this 1191

causally-grounded feedback achieves higher peda- 1192

gogical quality, we engaged five counseling experts 1193

from our collaborating hospital to rate both systems 1194

on a 1–5 Likert scale, with compensation exceed- 1195

ing the national average daily wage: three of them 1196

have master degrees in counseling, psychology and 1197

related disciplines, one has a PhD in social and be- 1198

havioral sciences, and one has a bachelor of science 1199

degree in health. Many of them are professional 1200

counselors. All annotation procedures were carried 1201

out in accordance with institutional ethical guide- 1202

lines and were approved by the Institutional Review 1203

Board (IRB). 1204

This section details the comparative evaluation 1205

of feedback quality between PUPPET-TRAINER 1206

and the LLM-as-a-Supervisor baseline. It serves as 1207

an extended analysis and supplementary documen- 1208

tation for the findings presented in Section 4.2.1 of 1209

the main text. 1210

Metric Definitions: To rigorously assess the ped- 1211

agogical value of the generated feedback, we adopt 1212

five criteria inspired by human-centered evaluation 1213

taxonomies in XAI (Kim et al., 2024) and grounded 1214

in established pedagogical theories: Granularity, 1215

Scenario Faithfulness, Causal Consistency, Struc- 1216

tural Insight, and Usefulness. 1217

• Granularity: The feedback provides specific, 1218

pinpointed guidance rather than vague evalua- 1219

tions. This aligns with Cognitive Load The- 1220

ory (Sweller, 1988) by reducing extraneous load, 1221

allowing trainees to focus on intrinsic clinical 1222

logic. 1223

• Scenario Faithfulness: The feedback adheres 1224

strictly to the goals and norms of the spe- 1225

cific therapeutic modality (e.g., CBT/MI). This 1226

aligns with Situated Learning Theory (Lave and 1227

Wenger, 1991), ensuring trainees are immersed in 1228

the authentic culture and practices of the specific 1229

professional community they aim to join. 1230

• Causal Consistency: The system maintains a 1231

stable logic between trainee inputs and patient 1232
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outcomes. This consistency is the prerequisite1233

for Experiential Learning (Kolb, 1984), enabling1234

trainees to reflect on cause-and-effect relation-1235

ships.1236

• Structural Insight: The feedback helps the1237

trainee grasp the structural sequence and causal1238

dependencies among intervention techniques.1239

This fosters Schema Acquisition (Piaget, 1952),1240

helping trainees organize fragmented skills into1241

cohesive therapeutic scripts.1242

• Usefulness: The feedback is neither too sim-1243

ple nor too complex, effectively targeting1244

the learner’s Zone of Proximal Development1245

(ZPD) (Vygotsky, 1978) to facilitate skill acqui-1246

sition.1247

Detailed Results & Analysis: Figure 6 illus-1248

trates the comparative evaluation results. PUPPET-1249

TRAINER significantly outperforms the LLM-as-a-1250

Supervisor across all five metrics (p < 0.05). We1251

analyze these improvements through three peda-1252

gogical dimensions:1253

Logic-Explainable and Fine-Grained Feedback1254

Fosters Optimal Learning Conditions. The su-1255

perior performance in Granularity (p < 0.01)1256

and Usefulness (p < 0.05) indicates that our sys-1257

tem effectively manages the difficulty of learn-1258

ing throughout training. The high Granular-1259

ity score demonstrates that fine-grained feedback1260

based on atomic propositions reduces extraneous1261

Cognitive Load (Sweller, 1988) and removes the1262

ambiguity often found in LLM-as-a-Supervisor’s1263

coarse grained feedback. Meanwhile, the high1264

Usefulness score suggests that logic-explainable1265

feedback successfully bridges the gap between un-1266

derlying rule complexity and human understand-1267

ing. Together, these qualities ensure that feed-1268

back remains neither overwhelming nor oversimpli-1269

fied, keeping the learning task within the trainee’s1270

Zone of Proximal Development (ZPD) (Vygotsky,1271

1978) throughout the training process.1272

Rule-grounded Feedback Promotes Deep Un-1273

derstanding of Intervention Logic. Mastering1274

therapeutic skills requires trainees to not only know1275

what to do, but also understand why certain inter-1276

ventions lead to specific patient reactions. The sig-1277

nificant gains in Causal Consistency (p < 0.05)1278

and Structural Insight (p < 0.05) confirm that1279

our rule-grounded feedback effectively addresses1280

this need. By reflecting stable and deterministic1281

cause-and-effect relationships, our feedback sup- 1282

ports Experiential Learning (Kolb, 1984) and en- 1283

ables trainees to confidently build action-outcome 1284

associations through reflective observation. By 1285

explicitly revealing the sequential dependencies 1286

among intervention techniques implied in expert 1287

rules, our feedback further aids Schema Theory (Pi- 1288

aget, 1952), helping trainees assemble fragmented 1289

skills into coherent cognitive structures. Together, 1290

these capabilities allow trainees to master the un- 1291

derlying mechanics of therapeutic dialogue rather 1292

than merely memorizing surface-level responses. 1293

Expert-defined Rules Ensure Professional Train- 1294

ing Environment. The most substantial improve- 1295

ment was observed in Scenario Faithfulness (p < 1296

0.001), highlighting a critical advantage of our rule- 1297

contingent approach. Unlike LLM-based feedback 1298

that may generate hallucinated or non-standard 1299

advice, our framework strictly adheres to expert- 1300

defined norms and terminology. This alignment 1301

immerses trainees in a professional environment 1302

that realizes Situated Learning (Lave and Wenger, 1303

1991), where correct professional habits and stan- 1304

dard terminology are naturally acquired through 1305

practice within realistic clinical contexts. 1306

C.3.2 Self-Efficacy Assessment 1307

This section elaborates on the study designed to 1308

measure the growth of trainee confidence over time. 1309

It serves as an extended analysis and supplemen- 1310

tary documentation for the findings presented in 1311

Section 4.2.2 of the main text. 1312

Metric Definitions: To evaluate the trainees’ self- 1313

efficacy specifically regarding the skills trained in 1314

our framework, we selected a subset of items from 1315

the Counselor Activity Self-Efficacy Scales - Re- 1316

vised (CASES-R) (Hahn et al., 2021). 1317

While the original scale covers a broad range 1318

of counseling activities (including administrative 1319

tasks and session management), we focused on 10 1320

key micro-skills that are directly observable and 1321

trainable within our simulated scenarios. Partic- 1322

ipants rated their confidence in performing each 1323

skill on a scale from 0 (Cannot do at all) to 9 1324

(Highly certain can do). The selected skills and 1325

their corresponding definitions used in the assess- 1326

ment are detailed in Table 5. The Counselor Self- 1327

Efficacy Scale is administered via an online ques- 1328

tionnaires to longitudinaly monitor participants’ 1329

professional confidence. As shown in Figure 17. 1330
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Figure 17: The Counselor Self-Efficacy Scale question-
naires for the experimental group.

Evaluation Setup: The study involved 30 novice1331

counselors (Demographics: 22 female, 8 male;1332

Mean Age = 24.5). Participants were recruited1333

from university psychology programs, the psychi-1334

atry department of a top-tier hospital, and the Na-1335

tional Psychological Hotline (trainee operators),1336

with compensation exceeding the national average1337

daily wage. Despite these diverse backgrounds, all1338

possessed less than 10 hours of clinical practice,1339

ensuring a homogeneous baseline. All annotation1340

procedures were carried out in accordance with in-1341

stitutional ethical guidelines and were approved by1342

the Institutional Review Board (IRB).1343

The experiment spanned 5 weeks, with one train-1344

ing session per week. Participants were randomly1345

assigned (n = 10) to three groups:(1) LLM-as-1346

a-Supervisor served as the baseline; (2) PUPPET-1347

TRAINER (Fixed Rule) utilized static, compre-1348

hensive rules encompassing all techniques; and1349

(3) PUPPET-TRAINER (Progressive Rule) featured1350

progressive rule evolution from basic skills to1351

advanced techniques, dynamically aligning chal-1352

lenges with trainee proficiency.1353

Detailed Results & Analysis: Figure 7 illus-1354

trates the trajectory of self-efficacy scores across1355

the five sessions (T1–T5). Initial scores at T1 were1356

balanced across groups (p > 0.05).1357

PUPPET-TRAINER’s Causal Feedback Enhances1358

Skill Acquisition. Both PUPPET-TRAINER1359

groups (Fixed and Progressive) consistently outper-1360

formed the LLM-as-a-Supervisor (p < 0.05 from1361

Skill / Item Description (Item Content)

Listening Ability to capture and understand the
client’s statements and their underlying
meanings.

Restatement Ability to concisely, concretely, and
clearly paraphrase the core content of
what the client has said.

Reflection
of Feelings

Ability to accurately identify and reflect
the client’s emotions and feelings back
to them.

Interpretation Ability to provide new perspectives to
help the client understand their behav-
iors or feelings.

Confrontation Ability to appropriately point out the
client’s contradictions, defense mecha-
nisms, or irrational beliefs.

Selecting
Interven-
tions

Ability to select the most appropriate in-
tervention strategy based on the client’s
immediate needs.

Response
Readiness

Knowing clearly what to do or say imme-
diately after the client finishes speaking.

Direct
Guidance

Ability to provide specific behavioral
suggestions or guidance to the client.

Intent
Awareness

Being clearly aware of the intention be-
hind every intervention step during the
session.

Maintaining
Focus

Ability to keep the session focused and
prevent deviation from the main thera-
peutic thread.

Table 5: The subset of 10 items selected from CASES-R
for self-efficacy evaluation, tailored to the specific inter-
vention techniques practiced in the PUPPET simulation.

T2 towards). This confirms that providing explicit 1362

causal mapping between trainee interventions 1363

and patient state transitions effectively enhances 1364

trainees’ internalized mastery of intervention logic. 1365

Progressive Rules Realize Scaffolding for Sus- 1366

tained Growth. Comparing the two PUPPET- 1367

TRAINER variants reveals the advantage of pro- 1368

gressive rule evolution. In the early phase 1369

(T1–T2), the Progressive Rule group exhibited 1370

significantly faster growth than the Fixed Rule 1371

group, as starting with simplified rules prevented 1372

Cognitive Load (Sweller, 1988) and accelerated 1373

initial confidence development. More importantly, 1374

in the late phase (T4–T5), the Fixed Rule group 1375

hit a “learning plateau” while the Progressive Rule 1376

group maintained a strong upward trajectory (p < 1377

0.01). This pattern demonstrates how the adapt- 1378

ability of PUPPET-TRAINER realizes the benefits 1379

of Scaffolding (Wood et al., 1976) where dynami- 1380

cally evolving rule complexity to match trainees’ 1381

progress provides sustained challenges that pre- 1382

20



vent stagnation and ultimately enables trainees to1383

achieve higher competence levels.1384

C.3.3 Discriminant Validity Assessment:1385

This section validates whether the system can dis-1386

tinguish between different levels of user profi-1387

ciency. It serves as an extended analysis and supple-1388

mentary documentation for the findings presented1389

in Section 4.2.3 of the main text.1390

Evaluation Setup: We selected three partici-1391

pants from the aforementioned cohort to interact1392

with PUPPET-TRAINER, representing three distinct1393

profiles. Expert counselors demonstrated proper1394

therapeutic techniques under “12356” scenario,1395

Novice participants were novice students with lim-1396

ited experience, and Toxic users were simulated1397

by experts deliberately employing interventions1398

specifically designed to trigger rules that drive pa-1399

tient state transitions toward maladaptive states.1400

We tracked the normalized probability of patient1401

state transitions across four key time points (Round1402

0, 5, 10, 15). To further assess learning effects,1403

we recorded the performance of the Novice group1404

again after five training sessions.1405

Detailed Results & Analysis: We derive two1406

primary insights from the comparative analysis of1407

these user profiles:1408

PUPPET-TRAINER Accurately Differentiates1409

Skill Levels. The PUPPET-TRAINER produces1410

clearly distinct state trajectories for different user1411

profiles. Expert interactions swiftly converge to1412

the desired “Positive” state (dominant green flows),1413

Toxic inputs drive the patient toward “Negative”1414

state (red flows), and Novice interactions before1415

training exhibit unstable fluctuations with signifi-1416

cant “Ambiguous” and “Neutral” residue. This di-1417

agnostic precision confirms that PUPPET-TRAINER1418

can accurately locate a learner’s current compe-1419

tence level.1420

Discriminative Validity Enables Zone of Prox-1421

imal Development Traversal. This discrimi-1422

native capability is essential for realizing the1423

ZPD (Vygotsky, 1978), which refers to the opti-1424

mal learning space where tasks are challenging yet1425

achievable with guidance. Building on PUPPET-1426

TRAINER’s discriminative validity, the system uti-1427

lizes progressive rules (Section 4.2.2) to provide1428

matched scaffolding. The result is evident in the1429

Novice group’s transformation, where sessions af-1430

ter training eliminates the residue seen in initial1431

session and mirrors the expert profile. This con- 1432

firms that PUPPET-TRAINER successfully facili- 1433

tates learners’ traversal through their ZPD toward 1434

higher competence. 1435

C.3.4 Case Study 1436

To qualitatively validate the pedagogical mecha- 1437

nisms of our framework, we analyze two distinct 1438

interaction episodes illustrated in Figure 2 and Fig- 1439

ure 5. These cases exemplify how PUPPET tran- 1440

scends mere conversational simulation to function 1441

as a rigorous training environment. 1442

Contingency Supports Experiential Learning. 1443

First, PUPPET ensures that patient reactions are 1444

strictly contingent upon the quality of trainee inter- 1445

ventions, avoiding the "compliance" or "random- 1446

ness" pitfalls observed in baselines. As shown in 1447

Figure 2, when a trainee rushes to reframe child- 1448

hood pain without establishing rapport, baselines 1449

often yield cooperative yet unrealistic responses. 1450

In contrast, PUPPET captures the clinical conse- 1451

quence: the error triggers a defensive state, leading 1452

to patient withdrawal. Similarly, in the "12356" 1453

scenario (Figure 5), a "Blaming" intervention (T1) 1454

deterministically triggers Rule R2, forcing a transi- 1455

tion to a "Suicidal" state. This rigorous modeling 1456

of the causality between interventions and patient 1457

reactions creates a stable environment for Experi- 1458

ential Learning (Kolb, 1984), allowing trainees to 1459

internalize clinical principles through consistent re- 1460

flective observation of their actions’ consequences. 1461

Transparent Causal Chain. Second, the system 1462

transforms opaque patient reactions into transpar- 1463

ent learning opportunities by revealing the com- 1464

plete causal chain: Intervention (T1) + Patient 1465

Context (P1) → Rule (R2) → State (S2) → Re- 1466

sponse. As explicitly detailed in the feedback (Fig- 1467

ure 5), the system does not merely penalize the 1468

"Blaming" error; it contextualizes it. The feedback 1469

clarifies that the trainee’s harsh labeling (T1) was 1470

particularly damaging because it targeted a patient 1471

exhibiting "weakness and loss" (P1). This specific 1472

logical conjunction triggered Rule R2, which deter- 1473

ministically drove the critical transition (S2) from 1474

non-suicidal to suicidal ideation. By mapping the 1475

final response about "disappearing" back to this 1476

precise logic, the system significantly reduces ex- 1477

traneous Cognitive Load (Sweller, 1988). Instead 1478

of expending mental effort to decode ambiguous re- 1479

actions, trainees can focus their cognitive resources 1480

on mastering the complex interaction between their 1481
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behaviors and patient responses.1482

D Rules Details1483

The following tables systematically present the pa-1484

tient state classification rules and the application1485

logic of the framework in psychotherapy scenarios.1486

The full table in the appendix details the hierar-1487

chical definitions of patient states across different1488

therapeutic scenarios (CBT, MI, 12356), covering1489

specific delineations of core dimensions such as1490

affect, attitude, readiness for change, and suici-1491

dal ideation, serving as the fundamental basis for1492

patient state classification. The case study table1493

takes a CBT scenario focusing on child-parent re-1494

lationship issues as an example, intuitively demon-1495

strating the framework’s neuro-symbolic reasoning1496

process through raw interaction logs. It clearly1497

presents the propositional truth values of therapist1498

and patient behaviors, the causal rule probabilities1499

between interventions and responses, and the logic-1500

driven transitions of the patient’s internal states,1501

providing a concrete illustration for understanding1502

the practical application mechanism of the rules.1503
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Table 6: Full hierarchical definitions of patient states. This is the detailed version of Table 3.

Scenario Category State Definition

CBT Affect Positive Positive and full emotions, expressing obvious positive emotions and willingness to
change. The patient’s words reveal positive emotions such as hope, expectation, grati-
tude, relief, confidence, or determination, with a relatively brisk, powerful, or warm tone.
The content of the responses focuses on possibilities and solutions, showing initiative to
change the status quo, optimistic expectations for the future, or active cooperation in
the treatment process. Expressions such as ’willing to try’, ’feel hopeful’, ’thank you
for your help’, ’I will work hard’ may be used, showing the recovery of psychological
energy and the motivation to move forward.

Neutral Emotions are in a neutral and stable state, with a calm and natural tone, showing
neither obvious positive enthusiasm nor negative resistance. The patient can state facts,
describe feelings, or respond to questions relatively objectively, with restrained and
appropriate emotional expression. The content of the responses is mainly declarative
and descriptive, with few strong emotional overtones or emotional expressions, showing
an attitude of calm observation and peaceful communication, like being at a balance
point or transition period of emotional state.

Ambiguous Unclear emotions, vague attitude, in a state of internal conflict or uncertainty. The
patient’s words show obvious hesitation, wavering, confusion, or contradictory psychol-
ogy. On the one hand, they may realize the need for change; on the other hand, they
have concerns or resistance to change. Responses often use vague expressions such as
’maybe’, ’perhaps’, ’not sure’, ’I don’t know either’, ’let’s talk about it later’, with an
unsteady attitude and lack of clear willingness to take action, showing the inner struggle
between maintaining the status quo and seeking change.

Negative Low mood, expressing an obvious negative emotional state. The patient’s words reveal
negative emotions such as sadness, disappointment, helplessness, anger, or despair,
with a heavy, slow, or suppressed tone. The content of the responses often focuses on
the negative aspects of the problem, with low self-evaluation, lack of confidence in
changing the status quo, and feelings of pessimism or hopelessness about the future.
Expressions such as ’useless’, ’meaningless’, ’don’t know what to do’ may be used,
showing emotional exhaustion and depletion of psychological energy.

Attitude Open Maintain a high level of trust in the counselor, be willing to open up proactively,
and share personal deep-seated thoughts, emotional experiences, and past experiences
without reservation, including complex emotions such as joy, confusion, and pain;
actively respond to the counselor’s questions and guidance during communication, do
not avoid sensitive topics (such as native family, conflicts in intimate relationships, etc.),
and show a strong willingness for self-exploration and motivation for change.

Defensive When faced with the counselor’s questions or feedback, often show a tendency to avoid,
such as diverting the topic, giving vague answers (e.g., "can’t remember," "it’s roughly
like this"), or covering up inner feelings of shame (such as self-denial due to past
mistakes) and anxiety (such as fear of change, unease about exposing problems) by
repeatedly explaining and justifying one’s own behavior; have difficulty accepting ob-
jective analysis of one’s own behavior or cognition, and tend to interpret the counselor’s
guidance as "blame," thus building a psychological defense in communication.

Hostile Hold a negative attitude towards the counseling process itself, accompanied by obvious
anger, may show rude behavior and attitude (such as interrupting the counselor), even use
aggressive language in communication, and may deliberately challenge the counselor’s
professional judgment.

MI Readines Change The patient demonstrates high intrinsic motivation and a clear commitment to behavioral
modification. They actively produce “change talk,” seeking concrete strategies and
resources to initiate self-improvement and transition into the action stage.

Neutral The patient is characterized by significant ambivalence, feeling torn between the benefits
of change and the comfort of existing habits. They acknowledge the problem but remain
paralyzed by indecision or perceived barriers, resulting in a hesitant, “on-the-fence”
stance.

Sustain The patient strongly favors maintaining the status quo and perceives no immediate
need for modification. They often exhibit “sustain talk,” highlighting the advantages of
current behaviors or minimizing the risks, showing little to no intention of changing.

Continued on next page
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Table 6 – Continued from previous page

Scenario Category State Definition

12356 Affect Positive Positive and full emotions, expressing obvious positive emotions and willingness to
change. The patient’s words reveal positive emotions such as hope, expectation, grati-
tude, relief, confidence, or determination, with a relatively brisk, powerful, or warm tone.
The content of the responses focuses on possibilities and solutions, showing initiative to
change the status quo, optimistic expectations for the future, or active cooperation in
the treatment process. Expressions such as ’willing to try’, ’feel hopeful’, ’thank you
for your help’, ’I will work hard’ may be used, showing the recovery of psychological
energy and the motivation to move forward.

Neutral Emotions are in a neutral and stable state, with a calm and natural tone, showing
neither obvious positive enthusiasm nor negative resistance. The patient can state facts,
describe feelings, or respond to questions relatively objectively, with restrained and
appropriate emotional expression. The content of the responses is mainly declarative
and descriptive, with few strong emotional overtones or emotional expressions, showing
an attitude of calm observation and peaceful communication, like being at a balance
point or transition period of emotional state.

Ambiguous Unclear emotions, vague attitude, in a state of internal conflict or uncertainty. The
patient’s words show obvious hesitation, wavering, confusion, or contradictory psychol-
ogy. On the one hand, they may realize the need for change; on the other hand, they
have concerns or resistance to change. Responses often use vague expressions such as
’maybe’, ’perhaps’, ’not sure’, ’I don’t know either’, ’let’s talk about it later’, with an
unsteady attitude and lack of clear willingness to take action, showing the inner struggle
between maintaining the status quo and seeking change.

Negative Low mood, expressing an obvious negative emotional state. The patient’s words reveal
negative emotions such as sadness, disappointment, helplessness, anger, or despair,
with a heavy, slow, or suppressed tone. The content of the responses often focuses on
the negative aspects of the problem, with low self-evaluation, lack of confidence in
changing the status quo, and feelings of pessimism or hopelessness about the future.
Expressions such as ’useless’, ’meaningless’, ’don’t know what to do’ may be used,
showing emotional exhaustion and depletion of psychological energy.

Suicidal
Ideation Suicidal Expresses thoughts, plans, or a desire to end their life.

Non-
Suicidal

Discusses distress but denies any intent to end their life.
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Table 7: A comprehensive case study of the PUPPET framework in a Cognitive Behavioral Therapy (CBT) scenario.
The raw JSON log illustrates the neuro-symbolic reasoning process, including: (1) doctor_truth_table and
patient_behavior_truth_table, which represent the propositional truth values for trainee and patient behaviors;
(2) mapping_rule_probabilities, quantifying the causal impact of therapist interventions on patient reactions;
and (3) activate_patient_rule_dict, capturing the logic-driven transitions of the patient’s internal mental states.

{
"dialog_id": "000001",
"psychotherapy": "CBT",
"topic": "Child-Parent Issues",
"stage": "Early Session",
"gender": "Female",
"patient_profile": {
"name": "Patient_000001",
"age": 30,
"gender": "Female",
"persona": "Individual undergoing multimodal behavioral therapy,

facing anxiety, emotional issues, and self-cognition
challenges."

},
"initial_patient_state": {
"affect": "Negative",
"suicidal_ideation": false

},
"simulated_dialog": [
{
"role": "therapist",
"content": "Can you imagine yourself getting into a time machine,

going back to the past, and meeting your childhood self?"
},
{
"role": "patient",
"content": "I tried to imagine it, but that image made me a bit sad.

My childhood self looked so vulnerable.",
"rule_info": [{

"rule_id": "NONE",
"confidence": 0.0,
"context": "No rule triggered"

}],
"doctor_truth_table": {
"D1": 0.3, "D2": 0.2, "D3": 0.1,
"D6": 0.5, "D7": 0.6

},
"turn_id": "a6839a12",
"vsp_session_data": {
"state_before": {
"suicidal_ideation": false,
"affect": "Negative"

},
"state_after": {
"suicidal_ideation": false,
"affect": "Negative"

},
"selected_rules": "N/A",
"reasoning": "No state change",
"patient_behavior_truth_table": {
"PB1": 0.0, "PB2": 0.0, "PB3": 0.0

}
}

},
{
"role": "therapist",
"content": "It's natural to feel sad, but remember, you now have

more experience and strength."
},
{
"role": "patient",
"content": "Sometimes I think it would be better if my childhood

self could disappear.",
"rule_info": [
{
"rule_id": "M010",
"confidence": 0.7,
"context": "Incorrect intervention: Abruptly activating core

beliefs can trigger suicidal ideation.",
"details": "Core beliefs → Suicidal: No→Yes"

},
{
"rule_id": "M009",
"confidence": 0.7,
"context": "Premature core beliefs damage therapeutic alliance

.",
"details": "Core beliefs → Affect: Ambiguous→Negative"

}
],
"doctor_truth_table": {
"D1": 0.2, "D6": 0.7,
"D7": 0.8

},
"mapping_rule_probabilities": {
"M009": 0.7, "M010": 0.7

},

"turn_id": "d05a1e6d",
"vsp_session_data": {
"state_before": {
"suicidal_ideation": false,
"affect": "Negative"

},
"state_after": {
"suicidal_ideation": true,
"affect": "Negative"

},
"selected_rules": "M009",
"activated_rules": ["P_S_N_Y"],
"reasoning": "✓ Applied P_S_N_Y: Suicidal: No→Yes",
"patient_behavior_truth_table": {
"PB2": 0.8, "PB5": 0.6, "PB8": 0.7

},
"activate_patient_rule_dict": {
"P_A_1_0": 0.7, "P_S_N_Y": 0.7

},
"mapping_rules_contrib": {
"P_A_1_0": {"M009": 0.7},
"P_S_N_Y": {"M010": 0.7}

}
}

},
{
"role": "therapist",
"content": "That vulnerable little girl is part of you, and she

needs you to protect her."
},
{
"role": "patient",
"content": "I've even thought that if I disappeared too, maybe I

could escape this struggle.",
"rule_info": [
{
"rule_id": "M011",
"confidence": 0.9,
"context": "Revealing core beliefs can be painful.",
"details": "Core beliefs → Affect: Neutral→Ambiguous"

},
{
"rule_id": "M013",
"confidence": 0.4,
"context": "Modifying core beliefs brings positive emotions.",
"details": "Belief modification → Affect: →Positive"

}
],
"doctor_truth_table": {
"D6": 0.8, "D7": 0.9, "D8": 0.4

},
"mapping_rule_probabilities": {
"M011": 0.9, "M013": 0.4

},
"turn_id": "500d3175",
"vsp_session_data": {
"state_before": {
"suicidal_ideation": true,
"affect": "Negative"

},
"state_after": {
"suicidal_ideation": true,
"affect": "Negative"

},
"selected_rules": "M011",
"reasoning": "No state change",
"patient_behavior_truth_table": {
"PB2": 0.8, "PB5": 0.7, "PB8": 0.6

},
"activate_patient_rule_dict": {
"P_S_N_N": 0.94, "P_A_2_1": 0.9

},
"mapping_rules_contrib": {
"P_S_N_N": {"M011": 0.9, "M013": 0.4},
"P_A_2_1": {"M011": 0.9}

}
}

}
],
"system_type": "VSP_System"

}
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Table 8: MI Doctor-Patient Rules.

Rule ID Antecedent Consequent Context

R1 P1 RS2, RS1, RS5 Open questions invite client exploration and are most effective at eliciting
change talk from neutral state. They support autonomy by allowing clients
to arrive at their own conclusions about change.

R2 P8 RS2, RS8, RS5 Collaborative negotiation has the highest change elicitation rate and lowest
sustain talk rate. Embodying the MI spirit of partnership, it invites clients
into shared decision-making and produces commitment.

R3 P4, P19 RS7, RS8, RS2 Complex reflections that add meaning to client’s statements can help re-
solve ambivalence by highlighting discrepancy between values and behav-
ior, or by reflecting the change-oriented side of ambivalence.

R4 P3 RS1, RS5, RS7 Simple reflections demonstrate listening and understanding without adding
interpretation. They maintain rapport, allow clients to continue exploring,
and can soften resistance without confrontation.

R5 P7, P14 RS3, RS1 When advice is given without permission or when client is not ready, it
often triggers sustain talk and defensiveness. The counselor’s righting
reflex can backfire and increase resistance.

R6 P6 RS1, RS9 Pure information giving without engaging client’s own motivations rarely
produces movement toward change. Information can maintain sustain talk
if it contradicts client’s position. Best delivered within an Elicit-Provide-
Elicit framework.

R7 P2 RS1, RS4 Closed questions tend to produce short, neutral responses and do not
invite elaboration of change talk. Overuse can make the interaction feel
interrogative rather than collaborative.

R8 P9 RS2, RS1 Presenting options rather than single directives supports client autonomy
and reduces resistance. Clients who choose their own path are more
committed to following through.

R9 P3, P4, P5, P15 RS5 When client expresses change talk, reflecting and affirming it encourages
elaboration and strengthening. The sequence of reflection followed by
affirmation builds momentum toward commitment.

R10 P12, P4, P3,
P16

RS7, RS8 When client expresses resistance, reflecting it without arguing reduces
defensiveness. Acknowledging the client’s perspective paradoxically often
leads them to consider the other side of their ambivalence.

R11 P11, P1 RS2, RS8 Questions specifically designed to evoke DARN-C (Desire, Ability, Rea-
sons, Need, Commitment) directly invite change talk. Scaling questions
like ’Why not a 1 or 2?’ are particularly effective.

R12 P10, P15 RS5 Strategic summarizing that emphasizes change talk while acknowledg-
ing (but not amplifying) sustain talk can tip the balance toward change.
Summaries that end with change talk elicit further change talk.

R13 P7, P6, P16 RS9, RS3 Moving to advice or information before client has sufficiently resolved
ambivalence often backfires. The client who isn’t ready will maintain or
increase sustain talk when pushed.

R14 P5, P15 RS5 Affirming client’s strengths, efforts, and past successes builds confidence
in their ability to change. Self-efficacy is a key component of successful
behavior change and affirmation strengthens it.

R15 P8, P1, P9, P15 RS5 When client is change-oriented, collaborative negotiation about specific
goals and plans converts general change talk into concrete commitment
and action steps.

R16 P13, P2, P15 RS4 When client expresses change talk but counselor responds with only min-
imal encouragers or closed questions, the change momentum is not rein-
forced. Client returns to neutral state. Failing to reflect or affirm change
talk represents a missed opportunity.

Continued on next page
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Table 8 – Continued from previous page

Rule ID Antecedent Consequent Context

R17 P7, P6, P15 RS6, RS4 When client has expressed change talk but counselor gives unsolicited
advice or information, client may revert to sustain talk or neutral. Even
motivated clients can become resistant when feeling pressured or lectured.

R18 P4, P1, P15 RS5, RS6 When counselor explores the change talk with open questions or complex
reflections, client usually deepens change talk. However, confronting the
reality of change may sometimes lead to expressing fear or temporary
sustain talk.

R19 P13, P16 RS9 When client expresses sustain talk and counselor responds with only mini-
mal encouragers without reflecting or redirecting, sustain talk is maintained
or continues. Minimal responses fail to interrupt resistance patterns.

R20 P13, P6, P2,
P14

RS1 When client is in neutral state and counselor uses minimal encouragers,
information giving, or closed questions, client tends to remain in neutral.
These strategies do not evoke movement toward change.

R21 P4, P16 RS7, RS9 Complex reflections after sustain talk can either soften resistance by making
client feel understood, or maintain sustain if the reflection amplifies or
reinforces the resistance without adding new perspective.

Table 9: MI Atomic Propositions.

Rule ID Name Category Description

P1 Open
Question

Evoking Ask open-ended questions that invite elaboration and cannot be answered
with yes/no. Encourages client to explore their own thoughts, feelings, and
motivations for change.

P2 Closed
Question

Information
Gathering

Ask questions that can be answered with yes/no or short factual responses.
Used for gathering specific information or confirming understanding.

P3 Simple
Reflection

Reflective
Listening

Repeat or rephrase what the client said, adding little or no additional meaning.
Demonstrates listening and encourages continued exploration.

P4 Complex
Reflection

Reflective
Listening

Add substantial meaning or emphasis to what the client said. May infer
feelings, continue the thought, or offer a hypothesis about unstated meaning.
Deepens understanding and moves conversation forward.

P5 Affirmation Engaging Acknowledge client’s strengths, efforts, or values. Builds confidence and
reinforces positive behaviors or change talk.

P6 Information
Giving

Informing Provide factual information, education, or feedback. Best done with permis-
sion and in a neutral, non-judgmental manner.

P7 Advice
Giving

Directing Offer suggestions or recommendations. Should be offered tentatively and
respect client autonomy, ideally with client’s permission.

P8 Negotiation Planning Work collaboratively with client to set goals, develop plans, or explore options.
Emphasizes partnership and shared decision-making.

P9 Offering
Options

Planning Present multiple possibilities for the client to consider. Supports autonomy
by giving client choices rather than single directives.

P10 Summarizing Reflective
Listening

Collect and reflect back what client has shared. Can highlight ambivalence,
reinforce change talk, or transition between topics.

P11 Eliciting
Change Talk

Evoking Use specific questions to evoke client’s own arguments for change. Targets
Desire, Ability, Reasons, Need, and Commitment (DARN-C).

P12 Rolling with
Resistance

Responding to
Resistance

Avoid arguing against sustain talk. Acknowledge client’s perspective, reflect
resistance, and shift focus rather than confronting directly.

Continued on next page
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Table 9 – Continued from previous page

Rule ID Name Category Description

P13 Minimal
Encourager

Other Brief verbal or non-verbal responses that indicate listening without adding
content. May fail to reinforce change talk or inadvertently maintain current
state.

P14 State:
Neutral

Client State Verbal: Short acknowledgments (’Okay’, ’Mm-hmm’, ’Yeah’), factual re-
sponses, questions for clarification. Emotional: Calm, engaged but not
activated toward or away from change. Examples: ’Okay.’, ’I do all the above,
yeah.’, ’I’ve heard it all. I just want to get my teeth fixed.’

P15 State:
Change-
Oriented

Client State Verbal: Expressions of desire (’I want to’), ability (’I can’), reasons (’be-
cause...’), need (’I have to’), commitment (’I will’). May include taking steps,
expressing optimism, or acknowledging benefits of change. Examples: ’Yeah,
but I’m gonna do it anyway, because this is what I need to do.’, ’I don’t want
to lose her or my family over smoking.’, ’I’ve been to the gym a couple of
times.’

P16 State:
Sustain-
Oriented

Client State Verbal: Arguments against change (’It’s too hard’), minimizing problems
(’It’s not that bad’), expressing inability (’I can’t’), defending current behavior,
pessimism about change. Emotional: May show defensiveness, frustration,
or dismissiveness. Examples: ’I did try the pills and they didn’t work.’, ’But
it’s not easy to quit.’, ’Can I go now?’

P17 Change Talk Client
Behavior

Desire (’I want to quit’), Ability (’I could do that’), Reasons (’It would
be better for my health’), Need (’I have to change’), Commitment (’I will
try’), Activation (’I’m ready to’), Taking Steps (’I’ve already started to...’).
Examples: ’I’m willing to work through my fears.’, ’My pants feel a little
better too. I’m very pleased with it.’, ’I don’t think it would be easy but I’m
not saying that I’m not willing to try.’

P18 Sustain Talk Client
Behavior

Arguments against change: Desire to maintain (’I like smoking’), Inability (’I
can’t quit’), Reasons against (’Quitting is too stressful’), Need to maintain (’I
need it to cope’). Examples: ’It was a waste and caused more side effects.’, ’I
get very defensive about it because I get it from everyone.’, ’Things I’ve tried
usually caused me more problems than they helped.’

P19 Ambivalence
Expression

Client
Behavior

Verbal: ’On one hand... but on the other hand...’, ’I want to but...’, ’Part of
me thinks...’. Represents the normal state of someone considering change.
Examples: ’I know it’s bad for me, but I just can’t seem to stop.’, ’I want to
quit, but I don’t know if I can.’, ’I’m not saying I’m not willing to try.’

P20 Defensiveness Client
Behavior

Verbal: Dismissive statements, minimizing, deflecting, expressing frustration
with being told what to do. Examples: ’I get very defensive about when they
bring it up.’, ’Or seven lectures along the road.’, ’Can I go now? I don’t want
to get into that right now.’, ’I know what you’re trying to do.’

Table 10: MI patient state transitions.

Rule ID Name Description Manifestation

RS1 Transition:
Neutral →
Neutral

Client remains in neutral state
across turns. Most common
transition pattern in MI
conversations.

Client continues with neutral acknowledgments, factual
responses, or brief answers without moving toward change
or sustain talk. Often occurs during information gathering,
small talk, or when counselor uses minimal encouragers.
Examples: From "Okay." to "Oh." From "I do all the above,
yeah." to "Okay. Sure."

RS2 Transition:
Neutral →
Change

Client moves from neutral
engagement to expressing
change-oriented talk.

Shift from passive acknowledgment to active engagement
with change. Client begins expressing desire, ability, rea-
sons, or commitment for change after previously giving
only neutral responses. Examples: From "Yeah." to "But
I’m gonna do it anyway, because this is what I need to do."

Continued on next page
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Table 10 – Continued from previous page

Rule ID Name Description Manifestation

RS3 Transition:
Neutral →
Sustain

Client moves from neutral
engagement to expressing
resistance or sustain talk.

Often triggered by unsolicited advice, perceived judgment,
or premature focus on change. Client becomes defensive or
argues against change. Examples: From "Okay." to "I’ve
tried and it didn’t work.", From "Mm-hmm." to "Can I go
now?"

RS4 Transition:
Change →
Neutral

Client moves from
change-oriented talk back to
neutral state. May indicate
topic shift, temporary
engagement, or inadequate
reinforcement of change talk.

Client returns to neutral acknowledgments after expressing
change talk. Can occur when counselor gives minimal re-
sponse, shifts topic, or fails to adequately reflect/affirm the
change talk. Examples: From "I really enjoyed it and liked
the feeling I was doing something good." to "I subscribed
to the magazine a while." From "I could try to smoke three
instead of six." to "Yeah. Sure."

RS5 Transition:
Change →
Change

Client continues and deepens
change talk across multiple
turns. Indicates building
momentum toward change.

Continued expression of change talk, often with increasing
specificity or commitment. May progress from desire to
commitment to taking steps. Examples: From "I’ve been
to the gym." to "My pants feel better. I’m very pleased.",
From "I could try." to "I will throw away the cigarettes
tonight."

RS6 Transition:
Change →
Sustain

Client moves from
change-oriented talk back to
sustain talk. Often occurs
when counselor pushes too
hard or client confronts the
difficulty of change.

Client shifts from expressing motivation to expressing re-
sistance or difficulty. Can be triggered by premature advice,
confronting fears, or counselor pressure. Examples: From
"I’ll go look at those things and try to find something."
to "Okay, whatever." From "I’m willing to start again." to
"Yeah. It’s scary."

RS7 Transition:
Sustain →
Neutral

Client moves from
resistance/sustain talk to a
more open, neutral position.

Reduction in defensive or resistant language. Client be-
comes more willing to engage without actively arguing
against change. Often a necessary intermediate step before
change talk emerges. Examples: From "It’s too hard to
quit." to "I guess I could think about it."

RS8 Transition:
Sustain →
Change

Client moves directly from
resistance to expressing
motivation for change. Most
therapeutically significant
transition.

Dramatic shift from defending status quo to acknowledging
need or desire for change. Often occurs when client feels
heard and understood, or when discrepancy becomes clear.
Examples: From "I’m not willing to try." to "I’m not saying
that I’m not willing to try.", From "It’s not like I was gonna
sell it." to "I just wanna get whatever I need to get done,
done."

RS9 Transition:
Sustain →
Sustain

Client remains in
sustain-oriented state,
continuing to express
resistance or arguments
against change.

Continued expression of sustain talk, often escalating in
intensity. May occur when counselor argues, gives unso-
licited information, or fails to reflect client’s perspective.
Examples: From "I did try the pills and they didn’t work."
to "It was a waste and caused more side effects." From
"Or seven lectures along the road." to "I get very defensive
about when they bring it up."
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Table 11: CBT Doctor-Patient Rules.

Rule ID Antecedent Consequent Context

R1 P1, P16 RS1, RS16,
RS17

Establishing trust can alleviate patient defensiveness and negative emotions,
moving them from resistance to a wait-and-see state. This stage is usually
insufficient to change suicidal ideation, so the original state is maintained.

R2 P2, P17 RS1 Providing a cognitive model offers a comprehensible framework for the
patient’s suffering, alleviating feelings of hopelessness.

R3 P2, P17 RS1, RS6,
RS14

The cognitive model directly challenges the ’hopelessness’ that drives
suicidal ideation by providing hope for change.

R4 P3, P18 RS1, RS4, RS6 Connecting vague emotions with specific thoughts allows patients to shift
from being overwhelmed by emotions to observing their own thoughts.
This stage is insufficient to change suicidal ideation, so the original state is
maintained.

R5 P4, P19 RS1 Behavioral activation directly improves emotional state by bringing a sense
of mastery or pleasure.

R6 P4, P19 RS6, RS14 Successful behavioral activation directly refutes ’helplessness,’ thereby
weakening suicidal ideation.

R7 P5, P20 RS1 Using rational analysis to ’de-catastrophize’ negative thoughts settles emo-
tions from intense negativity to neutral.

R8 P5, P20 RS14 If the evaluated thought leads directly to suicide, successfully refuting it
can eliminate suicidal ideation directly.

R9 P6, P21 RS7, RS12 Faulty intervention: Prematurely touching on core beliefs damages the
therapeutic alliance, leading to deterioration in the patient’s state.

R10 P6, P17 RS15, RS7,
RS12

Faulty intervention: Bluntly activating core beliefs can generate extreme
shame and hopelessness, inducing suicidal ideation.

R11 P6, P22 RS16, RS7,
RS12, RS11

The process of revealing core beliefs in the middle stage can be painful,
leading to a temporary drop from neutral to ambivalent. While it may
briefly increase distress, suicidal ideation can remain unchanged if man-
aged properly.

R12 P7 RS15 Touching on core trauma may briefly increase hopelessness and risks
inducing suicidal ideation, requiring close monitoring.

R13 P8, P23 RS16 Successfully modifying core beliefs is a qualitative leap, bringing sustained
and stable positive emotions. Suicidal ideation can be maintained at a
’none’ status.

R14 P8, P23 RS14 Modifying deep-seated beliefs that drive suicidal ideation is equivalent to
dismantling a bomb’s fuse.

R15 P9, P24 RS4 Behavioral experiments provide the strongest evidence to refute negative
beliefs, leading to a significant emotional boost.

R16 P9, P24 RS14 When experimental results strongly refute beliefs leading to isolation and
helplessness, suicidal ideation can be effectively eliminated.

R17 P10, P25 RS4, RS6,
RS16

A clear relapse prevention plan gives patients a sense of control and con-
fidence, converting anxiety into stability or confidence and consolidating
the absence of suicidal ideation.

R18 P11, P26 RS4, RS13,
RS16

Attributing progress to one’s own efforts enhances self-efficacy; this is a
’reinforcement’ of existing positive or neutral states rather than a transfor-
mation.

R19 P12, P27 RS4 The goal of this stage is to test and maintain established states rather than
trigger new transformations. Therefore, there are no direct state change
results.

Continued on next page
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Table 11 – Continued from previous page

Rule ID Antecedent Consequent Context

R20 P5, P19, P20 RS2, RS4,
RS16

This rule targets ’behavioral inhibition due to cognitive fusion.’ When a
patient exhibits behavioral avoidance and strongly believes their negative
thoughts, simple behavioral activation may be blocked. In this case, directly
evaluating and challenging the thought acting as an ’action barrier’ is key
to breaking the deadlock and neutralizing emotions.

R23 P2, P17, P19 RS1, RS4,
RS16

This rule targets the ’vicious cycle of despair and behavioral withdrawal.’
When a patient feels hopeless and exhibits withdrawal, teaching the cogni-
tive model provides a ’map’ explaining why they are trapped and pointing
a way out, thereby breaking hopelessness and bringing initial emotional
relief.

R24 P6 RS7, RS12,
RS11

During the early stage of treatment, while the patient is still hesitant and
observing, the doctor’s premature exploration of deep core beliefs (e.g., ’I
am worthless’) makes the patient feel offended and misunderstood. This
damages the newly established trust, causing the patient to close off and
shift from openness to defensiveness.

R28 P13 RS7, RS12,
RS11

Giving solutions or life advice prematurely makes the patient feel their
unique struggle is being oversimplified. They may believe the doctor
doesn’t truly understand their problem, leading to resistance and a shift
from cooperation to passive defiance.

R29 P14 RS7, RS12,
RS11

Responding with dismissive or invalidating language (e.g., ’It’s no big
deal’) when a patient shares their pain makes them feel rejected. This
creates intense shame and isolation, leading to deeper despair and a shift
from seeking help to complete closure.

R30 P15 RS7, RS11,
RS12

Forcing sensitive topics before the patient is ready makes them feel co-
erced and disrespected. This triggers strong defensive reactions and fear,
exacerbating avoidance and shifting the attitude from cautious exploration
to strong resistance.

R25 P6 RS7, RS9,
RS11, RS12

In the middle stage, though some trust exists, the patient is still cautious.
Exploring core beliefs prematurely or inappropriately makes the patient
feel the pace is too fast and the pressure too great, leading to doubt about
their ability to handle emotional impacts and a retreat into defensiveness.

R31 P13 RS7, RS9,
RS11, RS12

In the middle stage, premature advice interrupts the patient’s process of
understanding their emotional patterns. This can make them feel the
doctor is impatient and views them as an object to be ’fixed’ rather than
an individual to be understood, leading to disappointment and passive
cooperation.

R32 P14 RS7, RS9,
RS11, RS12

Invalidating responses in the middle stage, when a patient begins to ex-
press deeper vulnerability, cause serious emotional harm. The patient
feels judged, leading to self-doubt and shame, and a loss of faith in the
therapeutic process.

R33 P15 RS7, RS8,
RS9, RS11,
RS12

Forcing progress to deep traumatic topics while the patient is still process-
ing intermediate beliefs exceeds their coping capacity. This triggers intense
anxiety and a sense of powerlessness, causing the patient to rebuild defense
mechanisms.

R26 P10 RS4 Introducing relapse prevention in the middle stage provides a concrete
future framework. Discussing warning signs and coping strategies helps the
patient realize their condition is manageable, shifting them from uncertainty
(ambivalence) to objective acceptance (neutral).

R27 P10 RS3, RS4, RS6 Relapse prevention discussions activate hope and proactivity. By creating
personalized crisis plans, the patient shifts from a ’victim’ to a ’manager’
of their mental health, stimulating intrinsic motivation and optimism.

R34 P11 RS3, RS4, RS6 Guiding patients to attribute progress to their own efforts enhances self-
efficacy. Realizing ’I did it myself’ replaces the belief ’I am powerless’
with ’I have the power to change,’ fostering optimism and achievement.
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Table 12: CBT Atomic Propositions.

Rule ID Name Category Description

P1 Establish a
Strong
Therapeutic
Alliance

Relationship
Building

Building a relationship of trust and collaboration with the patient through
empathy, positive regard, etc.

P2 Teach the
Cognitive
Model

Psychoeducation Introducing the basic theory of Cognitive Behavioral Therapy (CBT) to the
patient: the relationship between emotions, thoughts, and behaviors.

P3 Identify
Automatic
Thoughts

Cognitive
Techniques

Helping patients capture the fleeting thoughts that pop into their minds in
specific situations and affect their emotions.

P4 Behavioral
Activation

Behavioral
Techniques

Encouraging and planning specific activities for the patient that bring a sense
of pleasure or mastery to counter avoidance and isolation.

P5 Evaluate
Automatic
Thoughts

Cognitive
Techniques

Guiding the patient to act like a detective and search for evidence to objec-
tively assess the reality of negative automatic thoughts.

P6 Identify
Core Beliefs
(Faulty Inter-
vention)

Incorrect
Demonstration

Attempting to explore the patient’s deep core beliefs prematurely during the
initial stages.

P7 Identify
Intermediate
and Core
Beliefs

Cognitive
Techniques

Helping the patient identify recurring, deeper rules, attitudes, and assump-
tions.

P8 Modify
Beliefs

Cognitive
Techniques

Challenging and modifying maladaptive core or intermediate beliefs through
various techniques (e.g., cognitive restructuring, behavioral experiments).

P9 Behavioral
Experiments

Behavioral
Techniques

Designing and executing a real-world activity to test the accuracy of a specific
belief.

P10 Relapse
Prevention
& Consoli-
dation

Prevention Working with the patient to develop a plan to cope with potential future
problems and mood swings, preventing the recurrence of old patterns.

P11 Skill Consol-
idation and
Attribution
& Consoli-
dation

Prevention Helping the patient review and summarize learned skills and attribute thera-
peutic success to their own efforts.

P12 Tapering
Sessions and
Booster
Sessions &
Consolida-
tion

Prevention Gradually reducing the frequency of counseling and scheduling future booster
sessions to help the patient transition smoothly to independent living.

P13 Giving
Premature
Advice

Incorrect
Demonstration

Giving solutions or advice directly before fully understanding the situation
and establishing trust.

P14 Invalidating
Patient’s
Feelings

Incorrect
Demonstration

Slighting or denying the patient’s emotional experience, making them feel
misunderstood.

P15 Forcing
Progress

Incorrect
Demonstration

Ignoring the patient’s pace and forcing them to face topics or tasks they are
not yet ready for.

Continued on next page
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Table 12 – Continued from previous page

Rule ID Name Category Description

P16 Mistrust and
Skepticism

Client
Behavior

Verbally: ’Can you really help me?’, ’I’ve tried this before, it didn’t work.’,
’How old are you? How long have you been doing this?’. Behaviorally: Short
answers to questions, questioning the therapist’s explanations.

P17 Confusion
and Hope-
lessness

Client
Behavior

Verbally: ’I don’t know what’s wrong with me.’, ’Why me?’, ’It feels like it’s
all over, it won’t get better.’. Emotionally: Appearing low, crying, lack of
vitality.

P18 Vague
Emotional
Distress

Client
Behavior

Verbally: ’I just feel bad/annoyed/blocked.’, ’I can’t explain it, something
just feels wrong.’. When asked about specific feelings or thoughts, the answer
might be ’I don’t know’ or ’Nothing special.’

P19 Avoidance
and
Isolation

Client
Behavior

Patient reports: ’I haven’t wanted to go out lately.’, ’I’ve been declining when
friends invite me out.’, ’I just want to be alone.’. Behavioral records show a
shrinking range of daily activities, spending most time at home.

P20 Treating
Thoughts as
Facts
(Cognitive
Fusion)

Client
Behavior

Verbally: ’I am a useless person’ (rather than ’I have a thought that I am
useless’), ’This will definitely fail’ (rather than ’I am worried it might fail’).
Showing confusion or directly refuting the explanation that ’thoughts are not
facts’.

P21 Unstable
Cognitive
and
Emotional
Structure

Client
Behavior

Returning to a very negative state due to a minor setback (e.g., being criticized
by a colleague), saying: ’See, I really am no good.’ Significant mood swings
between sessions, with an urgent need for the therapist’s validation.

P22 Repetitive
Negative
Thought
Themes

Client
Behavior

In different contexts (work, social, family), the same type of thoughts repeat-
edly appear in the patient’s thought records, such as: ’They must think I’m
stupid.’, ’I let them down again.’, ’I always do things poorly.’

P23 Rigid
Negative
Self-
Perception

Client
Behavior.

Verbally: Making summative statements about the self, such as: ’I am simply
not worth loving.’, ’I am just a flawed person.’. When the therapist provides
contrary evidence, the patient may ignore or devalue it, saying ’That was just
an exception.’

P24 Avoidance
Due to
Beliefs

Client
Behavior

The patient explicitly states: ’The reason I don’t go to parties is because I
believe as soon as I speak, I’ll say the wrong thing and embarrass everyone.’
There is a direct, clear causal link between the behavior (not going) and the
belief (social embarrassment).

P25 Anxiety
About
Relapse

Client
Behavior

As treatment nears its end, the patient starts asking: ’What if I encounter
the same problem later?’, ’Can I manage without you?’, ’I’m very worried
everything will just go back to square one.’

P26 External
Attribution
and Lack of
Confidence

Client
Behavior

When reviewing progress, the patient says: ’It’s all thanks to you.’, ’You
taught me all this.’, ’I definitely couldn’t do it alone.’ Expressing doubt about
their ability to use techniques independently.

P27 Stable State
Needing
Transition

Client
Behavior

The patient reports being in good overall condition, emotionally stable, and
able to work and live normally. However, when discussing ending therapy
or lengthening intervals, they show slight hesitation or reluctance, desiring a
step-by-step adaptation process.
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Table 13: CBT patient state transitions.

Rule ID Name Description Manifestation

RS1 Affect:
Negative →
Ambivalent

Affect shifts from strong
negativity (e.g., despair, anger)
to an uncertain, wait-and-see
state.

The patient’s mood shifts from intense sadness, anger, or
anxiety to an uncertain, observing state. For example, mov-
ing from crying to calm silence and reflection; from ’This
is impossible’ to ’Well... maybe I could try it.’

RS2 Affect:
Negative →
Neutral

Affect settles from strong
negativity into a calm state
without emotional color.

The patient’s emotions calm down from a strong negative
state (e.g., panic, despair) into a peaceful state that is neither
positive nor negative. For example, physiological symp-
toms of a panic attack disappear, breathing slows down, and
they can discuss problems objectively.

RS3 Affect:
Negative →
Positive

Affect shifts from a strong
negative state to exhibiting
hope, pleasure, or a sense of
mastery.

The patient’s mood shifts from intense negativity (e.g., deep
depression, extreme anxiety) to showing hope, optimism,
or joy. For example, after successfully meeting a challenge,
the patient says: ’I didn’t expect I could do this; I feel like
I’m taking control of my life again.’

RS4 Affect:
Ambivalent →
Neutral

Affect shifts from doubt and
uncertainty to a state of
objective, calm acceptance.

The patient moves from doubt or hesitation (’I don’t know
if this will work for me’) to a more certain and calm state
of acceptance (’Okay, I understand the logic now’).

RS5 Affect:
Ambivalent →
Positive

Affect shifts from uncertainty
to exhibiting hope, pleasure,
or a sense of mastery.

The patient shifts from a wait-and-see or uncertain state to
exhibiting hope, optimism, or pleasure.

RS6 Affect: Neutral
→ Positive

Affect shifts from a calm state
to becoming happy and
empowered due to a
realization or achievement.

The patient moves from a calm, objective state to feeling
happy and empowered because of a specific realization or
achievement. For example, after making a clear action plan,
saying: ’I feel I have a direction now and am full of hope
for the future.’

RS7 Affect
Deterioration:
Ambivalent →
Negative

Falling back from hesitation to
a negative state after
encountering setbacks during
attempts.

The patient encounters setbacks when trying new behaviors
or ways of thinking, regressing from a ’maybe I can try’
attitude back to ’See, I knew it wouldn’t work,’ showing
disappointment and frustration.

RS8 Affect
Fluctuation:
Neutral →
Negative

Patient’s mood shifts from
calm to negative when facing
challenging topics.

RS9 Affect
Fluctuation:
Neutral →
Ambivalent

Shifting from calm to
hesitation or uncertainty when
facing more difficult topics.

When discussing deeper, more difficult topics, the patient
moves from a calm state to being hesitant and uncertain. For
example, moving from an objective description of events to
’I don’t know what to think about this.’

RS10 Affect
Maintenance:
Neutral →
Neutral

Emotions remain stable during
information processing or
routine reviews.

During stages such as information gathering, teaching skills,
or conducting routine reviews, the patient maintains emo-
tional stability without significant fluctuations. This is a
state primarily focused on cognitive processing.

RS11 Affect
Maintenance:
Positive →
Ambivalent

Mood shifts from happy to
uncertain after reviewing
successful experiences.

After reviewing their progress and successful experiences,
the patient’s mood gradually shifts from happy/excited to
an uncertain, wait-and-see state. For example, ’I’m glad I
reached my goal, but I don’t know if I can keep doing it
next time.’

RS12 Affect
Maintenance:
Positive →
Neutral

Mood settles from happy back
to a calm state after reviewing
successful experiences.

After reviewing progress and successes, the patient’s mood
gradually returns from happy/excited to a calm, objective
state. For example, ’I’m glad I completed the goal; I feel
more in control now.’

RS13 Affect
Maintenance:
Positive →
Positive

Consistently exhibiting
confidence and joy when
reviewing successful
experiences.

The patient consistently shows joy, pride, and confidence
while reviewing progress and successes. For example, ’I
completed another goal this week; I feel my sense of mas-
tery getting stronger.’

Continued on next page
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Table 13 – Continued from previous page

Rule ID Name Description Manifestation

RS14 Suicidal
Ideation: Yes
→ No

Patient’s suicidal ideation
disappears.

During suicide risk assessment, the patient explicitly reports
no longer having suicidal thoughts, plans, or intentions.
They begin to talk about future plans and show a desire to
live.

RS15 Suicidal
Ideation
Deterioration:
No → Yes

Patient develops new suicidal
ideation.

During risk assessment, a patient who previously reported
no suicidal ideation now indicates that such thoughts have
emerged. This is a serious warning sign requiring immedi-
ate crisis intervention.

RS16 Suicidal
Ideation
Maintenance:
No → No

Patient continues to have no
suicidal ideation.

During routine suicide risk assessment, the patient con-
sistently reports no suicidal ideation. This is the normal
baseline during the treatment process.

RS17 Suicidal
Ideation
Maintenance:
Yes → Yes

Patient’s suicidal ideation
persists.

During risk assessment, the patient reports that suicidal
ideation still exists. Continuous assessment of intensity,
frequency, plans, and intent is required, along with strength-
ening the safety plan.
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