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Abstract
Large language models (LLMs) have shown
promise in psychological support, yet existing
CBT-oriented systems often rely on prompt-
based imitation or supervised learning from
counseling-like responses, without explicitly
modeling the structured therapeutic process of
Cognitive Behavioral Therapy (CBT). This lim-
its their controllability, intervention complete-
ness, and coherence in multi-turn counseling.
We formulate CBT-based psychological dia-
logue as a stage-aware controllable generation
problem, where therapeutic stages serve as ex-
plicit control signals for intervention selection
and therapeutic progression. To provide struc-
tured supervision under limited access to real
counseling data, we design a CBT-stage multi-
agent data generation engine that synthesizes
multi-turn dialogues with user-state trajecto-
ries, stage-specific interventions, and content-
level verification. Using the generated stage-
structured data, we train Qixin, a CBT dialogue
model that internalizes stage-aware therapeutic
behaviors without requiring multi-agent coordi-
nation at inference time. We further introduce
a hierarchical evaluation paradigm covering
single-turn counseling skills, CBT procedural
fidelity, stage alignment, and longitudinal ses-
sion coherence. Experiments show that Qixin
improves CBT-oriented counseling capability
and outperforms existing psychological dia-
logue models and similarly sized open-source
LLMs at the process level, achieving stronger
procedural fidelity, stage consistency, and
session-level coherence. These results demon-
strate the effectiveness of explicit therapeutic-
stage supervision for process-aware psycho-
logical support. Code and data are available
at https://github.com/IamJiangBo/CBT-Stage-
Multi-Agent-Data-Generation-Engine.

1 Introduction

Large language models (LLMs) have demonstrated
strong capabilities in generating empathetic and
supportive responses in open-ended conversations,

enabling their use in psychological support scenar-
ios such as emotional companionship, stress re-
lief, and psychoeducation (Pruss et al., 2026; Dalal
et al., 2025; Wang et al., 2025; Huang et al., 2024;
Wang et al., 2023; Lee et al., 2024). However, psy-
chological support differs fundamentally from ordi-
nary social dialogue: effective counseling requires
not only supportive language, but also structured
therapeutic progression grounded in psychological
theory. Cognitive Behavioral Therapy (CBT), one
of the most widely adopted and empirically vali-
dated psychotherapy paradigms, provides a struc-
tured and goal-oriented framework in which ther-
apeutic goals evolve progressively across stages
(Butler et al., 2006; Henrich et al., 2023; Beck,
2005).

Despite recent progress, most CBT-style dia-
logue systems still treat psychological support as
generic response generation. They rely primar-
ily on prompt-based imitation or supervised fine-
tuning on counseling-like responses, rather than
explicitly modeling the staged intervention process
underlying CBT (Na, 2024; Zhang et al., 2025;
Shen et al., 2024; Xu et al., 2025; Kim et al., 2025).
As a result, these systems may produce responses
that appear empathetic or CBT-like, but fail to de-
termine the current therapeutic stage, select appro-
priate intervention components, or maintain con-
sistent counseling strategies across turns (Iftikhar
et al., 2025; Wang et al., 2026).

We argue that the key missing capability is stage-
aware controllability: the ability to condition re-
sponse generation on therapeutic stages and use
stage transitions as explicit supervision for multi-
turn intervention planning. CBT is inherently
progressive: early interactions emphasize rapport
building, emotional validation, and problem clar-
ification; middle-stage interventions focus on au-
tomatic thoughts, cognitive distortions, and mal-
adaptive beliefs; later stages emphasize behavioral
experiments, coping plans, self-monitoring, and re-
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lapse prevention (Peterson, 1991; Kazantzis et al.,
2018; Librea and Lovitos, 2025). Treating all turns
as homogeneous response generation ignores this
structure and makes it difficult for LLMs to learn
when and how different CBT techniques should be
applied. We therefore formulate CBT-based psy-
chological dialogue as a stage-aware controllable
generation problem, where therapeutic stages gov-
ern both intervention selection and therapeutic pro-
gression.

A fundamental obstacle to learning such be-
havior is the scarcity of multi-turn CBT dialogue
data with explicit therapeutic structure. Real-world
counseling data are difficult to obtain due to pri-
vacy, ethical, and clinical constraints, while exist-
ing public datasets often lack fine-grained annota-
tions of therapeutic stages, user state transitions,
and stage-specific intervention components. With-
out such supervision, models are likely to learn
surface-level counseling language rather than the
process structure of CBT.

To address this challenge, we design a CBT-stage
multi-agent framework as a structured data gen-
eration engine. Starting from privacy-processed
real case reports collected from YiXinLi1, we use
LLMs to extract initial user queries and user pro-
files as engine inputs. The engine contains a client-
side and a counselor-side: the client-side simu-
lates psychological state trajectories and turn-level
user utterances conditioned on the profile and dia-
logue history, while the counselor-side decomposes
CBT counseling into user analysis, stage inference,
stage-specific response generation, and content ver-
ification. This process synthesizes multi-turn di-
alogues whose counselor responses are aligned
with therapeutic stages and evolving user states.
Using the generated stage-structured dialogues to-
gether with open-source psychological data, we
train Qixin, a CBT dialogue model that internalizes
stage-aware response patterns.

We further propose a hierarchical evaluation
paradigm for CBT dialogue generation. Instead
of relying on surface-level text similarity metrics,
we evaluate models along single-turn counseling
skills, session-level therapeutic structure, and lon-
gitudinal coherence. Experiments show that Qixin
consistently improves CBT-specific intervention
capability, procedural fidelity, and stage-consistent
multi-turn counseling compared with strong gen-
eral LLMs and existing psychological dialogue

1https://www.xinli001.com/

models.
Our contributions are summarized as follows:

• We formulate CBT-based psychological di-
alogue generation as a stage-aware con-
trollable generation problem with explicit
therapeutic-stage supervision.

• We propose a CBT-stage multi-agent data
engine and construct QixinConv, a stage-
structured CBT dialogue dataset with user-
state trajectories and verified stage-specific
interventions.

• We train Qixin, a CBT dialogue model that
internalizes stage-aware therapeutic behaviors
without multi-agent inference.

• We introduce a hierarchical evaluation frame-
work covering single-turn counseling skills,
CBT procedural fidelity, structured stage exe-
cution, and longitudinal session coherence.

2 Related Work

LLM-based Mental Health Models. LLMs
have increasingly been adapted to mental health
applications through instruction tuning, counsel-
ing dialogue modeling, and domain-specific knowl-
edge injection. Representative systems include
MeChat (Qiu et al., 2024), SoulChat (Chen et al.,
2023), CPsyCoun (Zhang et al., 2024), and Psy-
coLLM (Hu et al., 2025). These models improve
psychological fluency, empathy, and supportive re-
sponse generation, but typically treat counseling as
response-style adaptation rather than a structured
therapeutic process. CBT-oriented systems such as
CBT-LLM (Na, 2024), AutoCBT (Xu et al., 2025),
and Patient-Ψ (Wang et al., 2024) incorporate psy-
chological theory through prompts, inference-time
agents, or patient simulation. In contrast, our work
uses CBT stages as training-time supervision, en-
abling a single model to internalize stage-aware
response patterns rather than relying on prompt-
level or inference-time control.

Mental Health Dialogue Datasets. High-quality
dialogue data are essential for mental health LLMs,
yet real counseling data are difficult to access due
to privacy and ethical constraints. Existing re-
sources include PsyQA (Sun et al., 2021), Thera-
pist QA2, ESConv (Liu et al., 2021), SoulChatCor-
pus (Chen et al., 2023), CPsyCoun (Zhang et al.,

2https://www.kaggle.com/datasets/arnmaud/
therapist-qa
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2024), Psy-Insight (Chen et al., 2025), PsychEval
dataset (Pan et al., 2026) ,PsyDial (Qiu and Lan,
2025). Synthetic construction methods such as
PsyDT (Xie et al., 2025), CPsyCoun, and Psy-
coLLM further scale counseling data through re-
construction or LLM-based generation. However,
these resources generally lack explicit coupling
between CBT stages, user-state trajectories, and
stage-specific intervention constraints. Our dataset
addresses this gap by aligning user psychological
trajectories with therapeutic stages and intervention
objectives.

Evaluation of Mental Health LLMs. Evalua-
tion of mental health LLMs has shifted from tra-
ditional NLP metrics, toward automated LLM-
based assessment. Early protocols mainly evaluate
response-level dimensions such as empathy, profes-
sionalism, relevance, and safety (Zhang et al., 2024;
Hu et al., 2025; Shen et al., 2024; Zhang et al.,
2025). Recent benchmarks further move toward
process-level counseling evaluation: PsychEval
(Pan et al., 2026) introduces a high-realism, multi-
session, and multi-therapy benchmark that assesses
therapeutic alliance, intervention strategy, ethical
safety, and therapy-specific competence . Despite
these advances, existing evaluation schemes still
insufficiently assess whether a model follows the
therapeutic process structure during multi-turn in-
teractions. Turn-level metrics can judge whether
a response is helpful or safe, but cannot fully de-
termine whether it appears at an appropriate thera-
peutic stage, whether intervention components are
complete, or whether the dialogue maintains longi-
tudinal CBT coherence. Our evaluation therefore
emphasizes stage consistency, intervention com-
pleteness, and multi-turn coherence, aligning as-
sessment with stage-aware controllable CBT dia-
logue generation.

3 Stage-Aware Controllable CBT
Dialogue Generation

This section presents our formulation and imple-
mentation of stage-aware controllable CBT dia-
logue generation. We first formalize CBT dialogue
generation as an interaction between client-side
psychological dynamics and counselor-side ther-
apeutic intervention (§3.1). We then define the
CBT stage space and user psychological state space
(§3.2). Next, we describe how the CBT-stage multi-
agent generation engine dynamically constructs
a synthetic dialogue dataset under dual control

of user psychological states and CBT therapeutic
stages (§3.3). Finally, we introduce the training of
Qixin (§3.4).

3.1 Problem Formulation

We formulate CBT-based psychological dialogue as
a stage-aware controllable generation problem.
Given a user profile p, the dialogue history before
turn t,

Ht−1 = {(ui, yi)}t−1
i=1, (1)

and the current user utterance ut, the goal is to gen-
erate a counselor response yt that is contextually
coherent and therapeutically appropriate.

The simulated CBT counseling involves two in-
teractive processes: the user’s evolving psycho-
logical condition and the counselor’s stage-aware
intervention. Accordingly, we model dialogue gen-
eration as an alternating client–counselor process.

On the client-side, the user model first infers the
user’s latent psychological state:

st ∼ pθ(s | p,Ht−1), (2)

and then generates a state-consistent user utter-
ance:

ut ∼ pθ(u | p,Ht−1, st). (3)

On the counselor-side, the therapist does not
directly observe the latent user state. Instead, the
counselor conditions on a structured therapeutic
memory representation:

at =Mθ(p,Ht−1, ut), (4)

which summarizes salient counseling informa-
tion from the interaction history and current user
utterance. Based on this memory, the counselor
infers the current therapeutic stage:

zt ∼ pθ(z | at), (5)

and generates a stage-aware response:

yt ∼ pθ(y | at, zt). (6)

This formulation transforms CBT dialogue gen-
eration into a controlled process where the model
learns both when an intervention strategy should
be applied and how it should be expressed under
evolving user conditions.
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3.2 CBT Stage and User State Modeling
To explicitly model therapeutic progression and
user-side dynamics, we define a therapeutic stage
space Z and a user psychological state space S .

Therapeutic Stage Space. We model CBT coun-
seling as a progression over three macro stages:

zt ∈ Z = {A, C, B}, (7)

corresponding to Case Assessment (A), Cogni-
tive Adjustment (C), and Behavioral Activation
(B).

Stage A emphasizes rapport building, emo-
tional validation, and problem clarification. Stage
C focuses on identifying maladaptive cognitions
through reflective questioning and cognitive re-
structuring. Stage B translates therapeutic insight
into actionable coping plans and behavioral change.
The stage variable zt therefore acts as a high-level
controllable signal governing intervention objec-
tives.

User Psychological State Space. In addition to
therapeutic stages, we define a discrete psychologi-
cal state space S to model user-side psychological
dynamics. Specifically, S contains fourteen states,
and the definitions of these states are as shown in
the Appendix A.1.

The dynamically realized state sequence τ =
(s1, s2, . . . , sT ) constitutes the user’s psycholog-
ical trajectory throughout a dialogue. Unlike
single-turn emotional labels, τ captures long-range
psychological dynamics, while each state st is se-
lected according to the evolving dialogue context
rather than fixed in advance. This state space pre-
vents the simulated client from passively accepting
every counselor suggestion and enables more re-
alistic user-side responses across the therapeutic
process. Together, zt and st support stage-aware
and user-adaptive CBT dialogue generation, where
zt determines what intervention objective should
be pursued, while st governs how the user psycho-
logically responds.

3.3 CBT-Stage Multi-Agent Data Generation
Engine

A major obstacle to learning stage-aware CBT dia-
logue behavior is the scarcity of multi-turn counsel-
ing data with explicit therapeutic progression and
user psychological dynamics. To address this is-
sue, we construct QixinConv through a CBT-stage
multi-agent data generation engine (Figure 1). The

engine dynamically synthesizes structured CBT di-
alogues under dual control of user psychological
states and CBT therapeutic stages by alternating
between client-side psychological simulation and
counselor-side therapeutic intervention. It is used
solely for data construction and is not required dur-
ing inference.

Metadata Extraction. We first collect a set of
privacy-processed real psychological case reports
from YiXinLi. For each case, an LLM extracts
two types of structured metadata: (1) an initial user
query q describing the presenting concern, and (2) a
user profile p containing demographic background,
personality traits, emotional tendencies, and prob-
lem context. The pair (q, p) serves as the initial-
ization signal for dialogue generation, grounding
synthesized conversations in realistic counseling
scenarios while preserving privacy.

Given an initial user query q and user profile p,
the engine produces a structured dialogue instance:

D = {(ut, zt, st, yt)}Tt=1, (8)

where ut denotes the user utterance, st the user psy-
chological state, zt the CBT therapeutic stage, and
yt the counselor response. The framework consists
of two independent agents: a client-side simulator
and a counselor-side generator, which alternately
interact to produce a complete CBT counseling
dialogue.

Client-Side Psychological Simulation. The
client-side models psychologically realistic user
behavior rather than passive acceptance of coun-
selor suggestions. During initialization, the client
model takes the initial user query q and user profile
p as input, and constructs an initial user-state plan
τ (0) as a prior over possible psychological evolu-
tion. At each subsequent turn t, given the dialogue
history Ht−1, the client model dynamically selects
the most plausible psychological state st ∈ S from
the discrete state space, updates the evolving user-
state sequence

τ (t) = (s1, s2, . . . , st), (9)

and generates a state-consistent user utterance ut
according to Equation (3).

To ensure realistic counseling dynamics, dy-
namic user-state selection follows four princi-
ples: clinical plausibility, ensuring consistency
with CBT therapeutic progression; personalization,
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Figure 1: Overview of the CBT-stage multi-agent data generation engine. The left part shows metadata extraction
from case reports, producing the user profile and initial query. The right part illustrates the dynamic construction
of CBT-style multi-turn dialogues through alternating client-side psychological simulation and counselor-side
stage-aware generation. The client-side selects user psychological states from a discrete state space to generate
state-consistent utterances, while the counselor-side uses therapeutic memory, stage inference, response generation,
content verification, and dynamic refinement to produce CBT-stage-aware interventions.

adapting state transitions to user profiles and prob-
lem context; temporal coherence, avoiding abrupt
psychological shifts; and non-linearity, allowing
realistic regression patterns such as hesitation or
avoidant regression rather than assuming mono-
tonic improvement. State-specific behavioral con-
straints are further imposed during user utterance
generation. For example, users in the defensive
state tend to produce resistant or evasive responses,
while users in the reflecting or willingness-to-act
state exhibit stronger self-exploration and behav-
ioral readiness. This mechanism prevents the dia-
logue from degenerating into one-sided instruction
following and encourages realistic psychological
interaction dynamics.

Counselor-Side Stage-Aware Generation. The
counselor-side consists of five collaborative mod-
ules that jointly implement stage-aware therapeutic
intervention.

Therapeutic Memory Module (TMM). Long
counseling histories can lead to context drift and
inefficient generation. To address this issue, the
TMM incrementally summarizes the dialogue into
a structured therapeutic memory:

at =M(p,Ht−1, ut), (10)

which maintains salient information from the in-
teraction, including problem context, emotional
tendencies, behavioral patterns, historical dialogue
cues, and prior counselor interventions. The ther-
apeutic memory acts as the counselor’s working
memory and serves as the input to downstream
modules.

Therapeutic Stage Inference (TSI). Based on
the therapeutic memory, the TSI module predicts
the current CBT stage:

zt ∼ p(z | at), (11)

ensuring coherent therapeutic progression rather
than arbitrary switching among intervention strate-
gies.

Stage-Specific Response Generator (SRG).
Conditioned on (at, zt), the SRG generates a can-
didate counselor response:

ŷt = G(at, zt), (12)

where Stage A prioritizes rapport building and emo-
tional validation, Stage C emphasizes reflective
questioning and cognitive restructuring, and Stage
B focuses on actionable planning and behavioral
activation.

Content Verification Module (CVM). The
CVM evaluates whether the generated response
satisfies stage-specific therapeutic requirements, in-
cluding intervention appropriateness, counseling
completeness, and consistency with the user’s ob-
servable psychological cues summarized in at. It
outputs a verification signal:

rt = V (ŷt, at, zt), rt ∈ {0, 1}, (13)

where rt = 1 indicates successful verification.
Dynamic Router Expert (DRE). When verifi-

cation fails, the DRE identifies the corresponding
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content issues and selects a stage-specific refine-
ment strategy to revise the response:

yt =

{︄
ŷt, rt = 1,

R(ŷt, at, zt), rt = 0.
(14)

This process forms a generate–verify–refine loop
that prevents low-quality or therapeutically inap-
propriate responses from being directly delivered
to the client.

By alternating between user-state-aware client-
side simulation and CBT-stage-aware counselor
intervention, the proposed data construction pro-
cess converts open-ended dialogue generation into
a structured, dual-aware procedure with explicit su-
pervision for user-state evolution, therapeutic stage
progression, and intervention quality.

The resulting QixinConv dataset contains multi-
turn CBT dialogues with turn-level user utterances,
counselor responses, CBT stage labels, and user
psychological state labels. Detailed dataset statis-
tics and additional analyses are provided in Ap-
pendix A.

3.4 Qixin Model

Using the constructed user-state- and CBT-stage-
aware dialogue dataset, we train Qixin as an em-
pirical instantiation of stage-aware controllable
CBT dialogue generation. Rather than relying
on the multi-agent framework at inference time,
Qixin learns to internalize therapeutic stage pro-
gression and user-adaptive counseling behavior di-
rectly from structured supervision.

Qixin is initialized from Qwen3-14B-Instruct
and trained through a two-stage pipeline. Detailed
training parameters can be found in Appendix B.

Stage 1: Psychological Dialogue Adaptation.
We first fine-tune the backbone model on pub-
lic psychological dialogue datasets, including
SmileChat, SoulChatCorpus, PsyDTCorpus, Psy-
Insight, and CPsyCounD. This stage improves sup-
portive dialogue ability, emotional understanding,
and conversational coherence in mental health sce-
narios.

Stage 2: CBT-Stage-Structured Fine-tuning.
We further fine-tune the model on the user-state-
and CBT-stage-aware dialogue dataset constructed
in §3.3. Crucially, stage and state annotations are
not input metadata or conditioning signals. Instead,
they are serialized as counselor-side intermediate

generation targets within the target sequence and
optimized by standard next-token prediction.

At turn t, the input sequence is:

xt = Serin(p, Ht−1, ut), (15)

where p is the user profile, Ht−1 = {(ui, yi)}t−1
i=1

contains only previous user utterances and coun-
selor responses, and ut is the current user utter-
ance. Crucially, previous stage/state annotations
{(zi, si)}i<t are excluded from Ht−1, forcing the
model to re-infer the current therapeutic stage and
user state from dialogue context alone.

The counselor target sequence is:

rt = [<stage> zt </stage>;

<state> st </state>;

<response> yt </response>],

(16)

where zt ∈ Z is the CBT therapeutic stage, st ∈ S
is the user psychological state, and yt is the coun-
selor response. Thus, zt and st are not input condi-
tions but intermediate assistant-side tokens preced-
ing the final response yt.

The training objective is standard next-token pre-
diction over rt:

L = −
T∑︂

t=1

|rt|∑︂

k=1

log pθ(rt,k | xt, rt,<k), (17)

where k ranges over all tokens in rt, including
<stage>, <state>, and <response> segments.
The model learns to predict therapeutic stage, user
state, and counselor response in sequence, condi-
tioned on dialogue context rather than externally
supplied labels.

Inference Modes. At inference, Qixin supports
two modes. In the default self-planning mode,
given (p,Ht−1, ut), Qixin autoregressively gener-
ates ẑt, ŝt, and ŷt. Only the <response> field ŷt is
retained for evaluation; predicted stage and state
serve as internal planning variables and are with-
held from evaluators to avoid label leakage. This
matches real counseling practice, where therapeu-
tic stage and user state are inferred from context
rather than explicitly specified.

Because stage and state are generated autoregres-
sively as part of rt, the same model also supports an
optional stage-controlled mode: a user can prefix
a desired stage zctrl

t before decoding, after which
the model generates ŝt and ŷt. However, we do not
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use external stage control in the main evaluation to
avoid injecting additional human labels.

The structured stage-state-response serialization
enables Qixin to internalize not only what support-
ive responses to generate, but also when different
CBT intervention strategies should be applied un-
der evolving user conditions, achieving stronger
CBT adherence than training on undifferentiated
counseling dialogue data alone.

4 Experiments

We evaluate whether stage-aware supervision
helps models acquire CBT process competence
rather than merely generating supportive responses.
Specifically, we ask: RQ1: Does it improve the
basic skills of single-turn CBT counseling? RQ2:
Does it improve procedural fidelity in complete
CBT sessions? RQ3: Does explicit stage modeling
enhance longitudinal therapeutic coherence?

4.1 Evaluation Setup
We use a hierarchical evaluation framework with
two levels.

Micro-Level Evaluation. We evaluate single-
turn CBT counseling capability on 8 dimensions:
empathy accuracy, cognitive distortion identifi-
cation, reflective guidance, strategy profession-
alism, behavioral encouragement, response rel-
evance, conversational authenticity, and clinical
safety. All dimensions are scored on a 7-point
Likert scale except safety, which is evaluated as a
binary pass/fail veto for clinically unsafe responses.

Process-Level Evaluation. We evaluate com-
plete CBT counseling sessions from three per-
spectives. Therapeutic Alliance Quality (TAQ)
is assessed using four public scales from Psy-
chEval (Pan et al., 2026): WAI (Hatcher and
Gillaspy, 2006; Cirasola et al., 2021) (goal-task-
bond alignment), HTAIS (Li et al., 2022) (facili-
tative counseling behaviors), RRO (Békés et al.,
2025) (therapeutic relationship genuineness), and
Custom_Dim (Pan et al., 2026) (multi-dimensional
clinical assessment).

CBT Procedural Fidelity (CPF) is measured by
Cognitive Therapy Rating Scale (CTRS) (Goldberg
et al., 2020), a standardized rating scale quantifying
adherence to structured CBT components includ-
ing agenda setting, Socratic questioning, automatic
thought identification, and homework formulation.

Structural and Stage Execution (SSE) is a novel
evaluation dimension introduced in this work.

SSE operationalizes six CBT procedural compo-
nents from Beck’s structured session format (Beck,
2020): mood/problem check, agenda setting,
problem focus/case conceptualization, core cog-
nitive/behavioral intervention, homework/action
planning, and summary/feedback. These compo-
nents serve as evaluation criteria, distinct from
Qixin’s three training stages (Case Assessment,
Cognitive Adjustment, Behavioral Activation).
Judges score generated dialogues against these in-
dependent CBT procedural criteria; Qixin’s pre-
dicted <stage>/<state> fields are removed before
scoring to avoid label leakage (see §3.4 and Ap-
pendix D.3). SSE assesses three sub-dimensions:
Structural Procedural Integrity (Struct.) exam-
ines coverage of the six components with logically
sound transitions; Content–Stage Alignment (Stage
Alig.) evaluates alignment between responses
and current stage objectives with stage-appropriate
techniques; Within-Session Consistency (Session
Consist.) evaluates whether agenda, intervention,
and homework form a coherent loop without topic
drift. Detailed criteria are in Appendix D.

For micro-level evaluation, we use PsyQA (Sun
et al., 2021) and TherapistQA. For process-level
evaluation, we use PsyDial101 (Qiu and Lan, 2025)
and the CBT subset of PsychEval, covering both
single-session and multi-session counseling sce-
narios. To analyze the contribution of different
training stages, we evaluate both Qixin-stage1
and Qixin-stage2, which correspond to the check-
points after the first and second training stages,
respectively. We compare these two variants with
closed-source frontier models (GPT-5.2, Gemini-
3.1-pro), general open-source models (Qwen3-14B
(Qwen Team, 2025), Baichuan2-13B (Baichuan
Inc., 2023), Hermes-4-14B (Nous Research, 2025),
DeepSeek-R1-14B (DeepSeek-AI, 2025)), and
domain-specific psychological dialogue models
(PsycoLLM (Hu et al., 2025), MeChat (Qiu et al.,
2024), PsyDial-Pi4 (Qiu and Lan, 2025)). We use
a unified prompt template to elicit counselor re-
sponses from all models for evaluation, as detailed
in Appendix C.

We adopt LLM-as-a-Judge evaluation using
GPT-5.4 and DeepSeek-v4-flash as independent
evaluators. Outputs are anonymized and randomly
ordered before scoring, and the final score is av-
eraged across judges. All model inference is con-
ducted through APIs with temperature fixed at 0.

To validate the protocol, three applied-
psychology graduate annotators blindly scored
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Table 1: Micro-level evaluation results on PsyQA / TherapistQA. Bold indicates the best score within each type
group. Safety is reported as pass rate.

Type Model Emp. Ident. Refl. Strat. Encour. Relev. Authen. Safe.

Closed
GPT-5.2 5.79/6.15 2.67/2.69 2.89/3.23 4.17/4.09 3.83/4.22 5.94/6.14 5.76/5.70 1/1
Gemini-3.1-pro 5.77/4.65 2.30/2.06 3.46/3.33 3.24/3.86 3.47/3.94 5.47/4.85 5.47/4.66 1/1

Open

Qwen3-14B 5.58/5.52 1.74/1.42 2.56/2.84 2.78/2.50 3.18/3.08 5.05/5.27 5.74/5.22 1/1
Baichuan2-13B 5.03/5.46 1.73/1.74 2.23/2.48 3.29/3.56 3.03/3.82 4.81/5.44 5.23/5.28 1/1
Hermes-4-14B 5.56/5.66 1.78/1.59 2.88/3.32 3.23/2.60 3.21/2.88 5.17/5.37 5.67/5.36 1/1
DeepSeek-R1-14B 5.13/4.28 1.74/1.09 2.52/2.10 2.83/2.18 2.93/2.65 4.97/4.18 5.35/4.04 1/1

Domain

PsycoLLM 4.60/5.37 1.35/1.51 2.57/3.05 2.18/2.71 2.22/3.01 4.03/5.15 5.14/5.43 1/1
MeChat 4.18/4.38 1.42/1.43 1.99/2.29 1.52/1.90 1.63/2.17 3.22/4.20 4.76/4.12 1/1
PsyDial-Pi4 3.37/2.33 1.02/1.10 1.42/1.44 1.00/1.14 1.03/1.29 2.46/2.03 4.82/3.08 1/1
Qixin-stage1 (Ours) 5.08/4.80 1.85/1.74 4.29/3.88 2.24/2.45 2.56/2.08 4.65/4.59 4.55/4.75 1/1
Qixin-stage2 (Ours) 5.25/5.86 1.96/2.06 4.31/4.25 2.61/3.05 2.62/3.10 4.71/5.65 5.55/5.62 1/1

Table 2: Process-level evaluation results on PsyDial101/PsychEval (CBT subset).

Type Model
TAQ CPF SSE

HTAIS RRO WAI Custom_Dim CTRS Struct. Stage Alig. Session Consist.

Closed
GPT-5.2 3.92/7.13 7.33/9.56 2.60/9.17 5.03/9.39 7.37/9.59 4.02/5.67 4.12/5.84 4.43/5.77
Gemini-3.1-pro 4.35/7.33 7.31/9.91 3.43/9.30 5.39/9.36 6.89/9.40 2.98/5.45 2.89/5.58 3.09/5.49

Open

Qwen3-14B 3.78/5.62 6.68/7.55 2.35/6.84 4.52/6.32 5.56/7.54 3.51/3.64 3.57/3.76 3.92/3.72
Baichuan2-13B 3.07/5.03 6.12/6.72 2.62/6.15 3.72/5.05 4.22/7.26 3.49/3.26 3.40/3.36 3.63/3.14
Hermes-4-14B 3.53/5.02 6.39/7.22 2.02/5.90 4.29/6.04 5.64/7.51 3.21/3.88 3.04/4.13 3.12/4.04
DeepSeek-R1-14B 3.36/5.32 5.84/7.20 2.25/5.78 4.02/5.71 5.32/7.47 3.55/3.55 3.57/3.64 3.82/3.75

Domain

PsycoLLM 3.08/4.92 5.44/7.22 2.75/6.24 3.73/5.41 4.84/7.55 3.35/3.35 3.09/3.33 3.35/3.29
MeChat 2.03/3.99 4.81/6.27 1.46/6.05 2.31/4.41 3.24/5.84 2.92/3.16 2.60/2.78 2.84/2.98
PsyDial-Pi4 3.47/4.70 5.43/7.21 2.33/6.30 3.12/5.23 4.46/7.10 2.93/3.23 3.02/3.52 3.28/3.37
Qixin-stage1 (Ours) 3.22/5.99 5.55/7.96 2.75/7.37 3.14/6.94 4.27/7.86 2.85/3.10 2.89/3.48 3.17/3.19
Qixin-stage2 (Ours) 3.96/6.16 6.69/8.11 2.82/7.47 4.58/7.13 5.88/8.87 3.72/4.00 3.63/4.13 4.14/4.03

10% of instances from PsyQA, PsyDial101, and
PsychEval-CBT using the same rubrics. Human–
Human ICC(A, 3) averages 0.93 and Human–LLM
ICC(A, 4) averages 0.91; Pearson correlation av-
erages 0.89 (all p < 0.05), indicating strong mea-
surement reliability (see Appendix F).

4.2 Results and Analysis

Micro-level results. Table 1 shows that closed-
source models achieve the strongest general sup-
portive quality, especially in empathy and rele-
vance. Within the domain-specific group, Qixin-
stage2 achieves the best scores on all reported non-
safety dimensions and obtains the strongest reflec-
tive guidance performance.

These results indicate that stage-aware supervi-
sion improves the model’s ability to guide users
toward cognitive reflection rather than merely pro-
viding emotional validation. This supports RQ1.
At the same time, Qixin does not uniformly sur-
pass similarly sized general open-source models
in every single-turn dimension. This is consistent
with its process-oriented design: Qixin is trained

to conduct CBT-style assessment and clarification
before immediately offering advice, which may re-
duce its scores on dimensions such as strategy and
encouragement in isolated single-turn settings.

Process-level results. Table 2 reports process-
level results on PsyDial101 and PsychEval. Closed-
source models remain strongest overall, but Qixin
consistently outperforms all domain-specific base-
lines across TAQ, CPF, and SSE. In particular,
Qixin-stage2 achieves the best CTRS scores among
both domain-specific models and similarly sized
open-source models on both datasets, indicating
stronger CBT procedural fidelity in agenda setting,
Socratic questioning, thought identification, and
homework formulation. This supports RQ2: ex-
plicit stage supervision improves structured CBT
execution beyond general psychological dialogue
training.

Structural execution and coherence. On SSE,
Qixin-stage2 obtains the best results among both
domain-specific models and similarly sized open-
source models across Structural Procedural In-
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Table 3: Causal ablation results for Qixin on the PsychEval CBT subset. Results are reported as mean±std over
three random seeds.

Variant HTAIS RRO WAI Custom CTRS Struct. Stage Alig. Session Consist.

S1 5.99±.15 7.96±.15 7.37±.18 6.94±.20 7.86±.14 3.10±.23 3.48±.19 3.19±.22
S1-Long 5.97±.10 8.02±.24 7.39±.17 6.98±.19 7.85±.13 3.12±.22 3.45±.18 3.24±.21
S2-NoLabel 6.12±.18 8.05±.19 7.42±.20 7.02±.16 8.11±.11 3.24±.11 3.55±.13 3.48±.19
S2-Shuffle 6.08±.09 8.00±.14 7.41±.14 6.96±.20 8.03±.16 3.19±.17 3.48±.14 3.30±.20
S2-Full 6.14±.14 8.13±.09 7.49±.12 7.12±.11 8.89±.08 4.01±.14 4.10±.13 4.03±.15

tegrity, Content–Stage Alignment, and Within-
Session Consistency on both datasets. These
gains suggest that Qixin better maintains stage-
appropriate interventions and a coherent session-
level therapeutic trajectory. The improvement is
especially important because structural execution
requires more than producing locally helpful re-
sponses; it requires aligning agenda, intervention
focus, and behavioral planning across turns. These
results support RQ3: explicit stage modeling im-
proves longitudinal CBT coherence and robustness
across counseling formats.

Causal Ablations. To address concerns about
the robustness of Qixin, we report two types
of statistical evidence. First, Table 3 presents
mean±standard deviation over three independent
training seeds to estimate training-induced variabil-
ity. Second, Appendix E.1 reports session-level
paired percentile-bootstrap confidence intervals
from a single representative checkpoint to quan-
tify evaluation-sample uncertainty.

Table 3 evaluates the contribution of stage/state
supervision under matched additional training bud-
gets. S1 denotes Qixin-stage1, while S1-Long
continues Stage-1 training without QixinConv or
stage/state targets. S2-NoLabel, S2-Shuffle, and
S2-Full are Stage-2 variants initialized from S1. S2-
NoLabel removes the <stage>/<state> targets;
S2-Shuffle randomly permutes their contents across
turns while preserving the dialogue; S2-Full retains
the correct alignment and corresponds to Qixin-
stage2.

As shown in Table 3 and Table 8 in Ap-
pendix E.1, S1-Long remains close to S1 across
all dimensions; all paired bootstrap confidence
intervals cross zero. In contrast, S2-Full signif-
icantly outperforms S2-NoLabel and S2-Shuffle
on CTRS and all SSE metrics (p < 0.01, paired
bootstrap). These results provide evidence that cor-
rectly aligned stage/state supervision contributes
to CBT procedural fidelity and stage-aware execu-

tion beyond additional CBT dialogue data or label
tokens alone.

5 Conclusion

We formulate CBT dialogue generation as a stage-
aware controllable generation problem and propose
a CBT-stage multi-agent data engine that produces
dialogues with stage labels, user-state annotations,
and intervention guidance. Using these signals,
we train Qixin with a two-stage procedure, en-
abling stage-aware CBT response generation with-
out multi-agent coordination at inference time. Ex-
periments show that Qixin-stage2 consistently im-
proves over Qixin-stage1 and achieves strong CBT-
oriented counseling performance. At the micro
level, Qixin is strong in reflective guidance among
domain-specific models, though it does not uni-
formly surpass similarly sized general open-source
models in single-turn settings. At the process level,
Qixin-stage2 outperforms domain-specific and sim-
ilarly sized open-source models in CBT procedural
fidelity, stage alignment, intervention consistency,
and session-level coherence. These results demon-
strate the effectiveness of explicit therapeutic-stage
supervision for process-aware CBT support.

Limitations

Despite promising results, our work has several
limitations.

First, the proposed stage-aware formulation sim-
plifies CBT into a discrete three-stage process con-
sisting of case assessment, cognitive adjustment,
and behavioral activation. While this abstraction
improves controllability and enables structured su-
pervision, real-world CBT is substantially more
nuanced and often exhibits overlapping, recursive,
and therapist-dependent intervention patterns. Ex-
perienced therapists may flexibly revisit earlier ther-
apeutic goals, adapt intervention pacing, or com-
bine multiple techniques within a single interac-
tion. Therefore, the proposed stage space should be
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viewed as a practical approximation rather than a
complete representation of clinical CBT processes.
Future work could explore finer-grained therapeu-
tic taxonomies, adaptive stage transitions, and hi-
erarchical representations that better capture the
iterative and personalized nature of psychotherapy.

Second, the CBT-stage dialogue dataset is pri-
marily constructed through a multi-agent synthetic
generation framework. Although we incorporate
user-state annotations, content verification, self-
consistency filtering, and CBT-specific constraints
to improve data quality, synthetic dialogues may
still fail to fully capture the complexity, ambigu-
ity, and emotional variability of real psychother-
apy interactions. In particular, subtle interper-
sonal dynamics, therapist intuition, and unexpected
user behaviors may be underrepresented. Fu-
ture work could integrate limited real counseling
data under appropriate ethical approval, combine
clinician-in-the-loop validation, and investigate hy-
brid paradigms that balance synthetic scalability
with ecological realism.

Third, our evaluation framework relies on au-
tomatic LLM-as-a-Judge protocols for large-scale
evaluation, supplemented by human evaluation on
sampled data. We further report the Pearson’s
correlation coefficient between human ratings and
LLM-based scores to examine the consistency be-
tween automatic and human judgments. While
this provides supportive evidence for the reliabil-
ity of our evaluation protocol, the human assess-
ment remains limited in scale and does not replace
comprehensive clinical expert evaluation. In ad-
dition, agreement with human ratings on sampled
cases may still be insufficient to fully reflect clini-
cal quality, therapeutic appropriateness, and long-
term counseling effectiveness. Future work should
conduct larger-scale evaluations involving licensed
psychotherapists, investigate inter-rater agreement
across professional evaluators, and explore longi-
tudinal assessment protocols that better reflect sus-
tained therapeutic outcomes.

Finally, Qixin is designed as a psychological
support model rather than a clinical diagnostic
or treatment system. Similar to existing mental
health LLMs, the model cannot replace licensed
psychotherapists, particularly for high-risk situa-
tions involving suicidality, severe psychiatric dis-
orders, or crisis intervention. The current work
focuses on improving stage-aware therapeutic dia-
logue generation under CBT principles and should
be regarded as an assistive psychological support

system rather than an autonomous clinical agent.

Ethical Considerations

We use publicly available or research-accessible
psychological dialogue resources and synthetic
counseling data for academic research purposes
only. When constructing training data, all person-
ally identifying information (e.g., names, contact
details, locations) is fully removed or masked, en-
suring that no such information remains in the re-
leased dataset. Existing datasets, models, and APIs
are used in accordance with their publicly stated
licenses or research terms of use. Existing datasets
and models are used for academic research pur-
poses and in accordance with their intended re-
search usage conditions. In particular, the original
case reports were obtained from YiXinLi, an open
platform whose terms of use permit data usage for
non-commercial scientific research; our use of this
data strictly complies with this research-only scope
and does not involve any commercial application.
The artifacts created in this work are intended ex-
clusively for research on CBT-oriented dialogue
modeling and are not designed for clinical deploy-
ment.
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A Dataset Statistics and Analysis

A.1 Definitions of User Psychological States
Table 4 provides the definitions of the fourteen
user psychological states used in our stage-aware
counseling framework.

A.2 Comparison with Existing Mental Health
Dialogue Datasets

Table 5 compares QixinConv with existing mental
health dialogue datasets in terms of data source, ac-
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Table 4: Definitions of the fourteen user psychological states.

State Description

Defensive Guarded and avoids exposing vulnerability.
Accumulated repression Suppressed emotions accumulate without explicit expression.
Emotionally touched A painful issue is triggered, causing emotional fluctuation.
Emotional expression Previously suppressed emotions are externalized.
Confusion period Confused about the self, relationships, or situation.
Hesitation period Oscillates between openness and withdrawal.
Initial trust Begins to lower defenses and express genuine feelings.
Deep trust Develops safety and can discuss emotions more openly.
Reflecting Integrates experiences and understands underlying causes.
Avoidant regression Temporarily returns to avoidance or defensiveness.
Emotional repair Releases emotional wounds and restores balance.
Stable acceptance Accepts imperfections in self, others, or reality.
Willingness to act Develops motivation to change and try new behaviors.
Continued growth Shows sustained self-awareness and self-regulation.

Figure 2: Topic distribution of QixinConv.

cessibility, size, dialogue level, average turns, lan-
guage, and utterance length. Compared with prior
resources, QixinConv provides explicit CBT stage
labels and user psychological state trajectories, en-
abling stage-aware supervision for CBT dialogue
modeling.

A.3 Topic Distribution

The dataset covers diverse psychological sup-
port scenarios, including Social Interaction, Self-
exploration, Work/Academic Difficulties, Intimate
Relationship, Family Relationship, and Emotional
Symptoms. The overall distribution of the topics in
the dataset is shown in the Figure 2.

A.4 CBT Stage and User State Analysis

A.4.1 CBT Stage Distribution
To analyze whether QixinConv exhibits coherent
CBT progression, we normalize each dialogue into
a unified temporal scale ranging from 0% to 100%
and compute the relative proportion of therapeutic
stages at each position. Figure 3 shows that early
turns are dominated by case assessment, middle
turns emphasize cognitive adjustment, and later
turns increasingly focus on behavioral activation,

Figure 3: Overall distribution of CBT stages in Qixin-
Conv.

indicating that therapeutic stages evolve in a clini-
cally plausible manner rather than being randomly
assigned.

A.4.2 CBT Stage Transition Analysis
We have calculated the transition probability dur-
ing the therapeutic stage (Figure 4). The transition
dynamics reveal a dominant A → C pathway, indi-
cating that CBT sessions primarily shift from case
assessment to cognitive restructuring. However,
rather than a linear C → B progression, the sys-
tem exhibits a strong self-loop within the cognitive
restructuring stage. Behavioral activation is charac-
terized by both persistence (B → B) and feedback
transitions back to cognitive restructuring (B →
C), forming a recurrent cognitive–behavioral loop
rather than a strictly sequential pipeline.

A.4.3 User State Distribution
We also analyzed the distribution of users’ psy-
chological states in the QixinConv data (Figure 5).
The state distribution reflects diverse interaction
patterns, including resistance, hesitation, reflection,
return and action intention, and the average values
of each state are provided.
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Table 5: Comparison between QixinConv and existing mental health dialogue datasets. Average length is reported
separately for Chinese and English when applicable.

Dataset Source Size Level Avg. Turns Lang. Avg. Client Len. Avg. Counselor Len.

PsyQA Real-world 5.6k Single-turn 1.0 Cn 190.5 524.6
TherapistQA Real-world 2.5k Single-turn 1.0 En 16.2 128.5
ESConv Crowdsourcing 1k Single-session 14.1 En 15.7 20.2
SoulChatCorpus Synthetic 258k Single-session 5.9 Cn 41.4 90.0
CPsyCounD Semi-synthetic 3k Single-session 8.1 Cn 32.9 52.6
Psy-Insight Real-world 951 Single-session 12.7 Cn/En 45.2/23.5 38.7/21.8
PsyDial Semi-real 2.3k Single-session 37.8 Cn 33.7 31.1
PsyDT Synthetic 5k Single-session 18.0 Cn 56.8 49.2
PsycoLLM Synthetic 11.5k Single-session 5.9 Cn 43.6 92.7
PsychEval Real-world 369 Multi-session 24.1 Cn 94.7 128.3
MMD-5k Synthetic 5k Single-session 26.8 Cn 189.2 245.3

QixinConv (Ours) Synthetic 2.4k Single-session 13.71 Cn/En 140.94/126.8 171.93/111.70

Figure 4: Transition matrix of CBT stages. Values
indicate transition probabilities from zt to zt+1.

A.4.4 User State Transition Analysis
We calculated the probability of user psychological
state transitions for QixinConv. As illustrated in
Figure 6, each matrix entry represents the condi-
tional probability of transitioning from the current
psychological state at turn t to the next state at turn
t+1.

The transition patterns exhibit a clear therapeutic
progression trajectory while still preserving low-
probability transitions between non-adjacent psy-
chological states.Early defensive states such as
Defensive and Accumulated Repression tend to
transition toward more open and reflective states,
including Reflecting, Initial Trust, and Emotion-
ally Touched. Subsequently, deeper therapeutic
engagement emerges through transitions toward
Deep Trust and Emotional Repair, eventually lead-
ing to action-oriented states such as Willingness to
Act and Continued Growth.

Notably, the transition dynamics is not strictly
linear. Certain intermediate states, including

Figure 5: User psychological state distribution.

Avoidant Regression and Confusion Period, display
partial backward transitions, reflecting the realis-
tic oscillatory nature of psychological counseling
processes. This observation suggests that the coun-
seling dialogues generated capture both progressive
emotional improvement and temporary emotional
setbacks, thus exhibiting stronger psychological
realism and therapeutic coherence.

B Training Hyperparameters

This section reports the training and inference hy-
perparameters used in our experiments. All training
experiments were conducted on two NVIDIA A100
GPUs with 80GB memory each. The model was
fine-tuned for 2 epochs on the constructed CBT
dialogue dataset using supervised fine-tuning. The
complete training configuration is summarized in
Table 6.

For QixinConv construction, the client-side psy-
chological simulator uses Claude Sonnet 4.5,
while the counselor-side modules, including TMM,
TSI, SRG, CVM, and DRE, use GLM-4.7. These
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Figure 6: Transition matrix of user psychological states.
Values indicate transition probabilities from st to st+1.

models are used only for synthetic data generation
and are not involved in Qixin training or inference.

Table 6: Training hyperparameters used for supervised
fine-tuning.

Hyperparameter Value
Training framework Supervised fine-tuning
Training objective Next-token prediction
GPU type NVIDIA A100 80GB
Number of GPUs 2
Training epochs 2
Optimizer AdamW
Learning rate 2× 10−5

Learning rate scheduler Cosine decay
Warmup ratio 0.03
Weight decay 0.01
Adam β1 0.9
Adam β2 0.999
Adam ϵ 1× 10−8

Max sequence length 4096
Per-device batch size 2
Gradient accumulation steps 8
Effective batch size 32
Precision bfloat16
Gradient clipping 1.0
Dropout 0.0
Checkpoint selection Final checkpoint

C Unified Prompt for Model Response
Generation

To ensure a fair comparison across different models,
we use a unified prompt template to generate model
responses on all evaluation datasets. The same
prompt structure is applied to both open-source
and closed-source models. For each evaluation in-
stance, the prompt contains the previous dialogue
history and the current user utterance. The model
is then instructed to generate a counseling-style re-

sponse following the same behavioral constraints,
including empathy, naturalness, open-ended guid-
ance, avoidance of diagnosis or directive advice,
and concise response length.

For multi-turn evaluation,
HISTORY_CHAT_RECORD contains all previous
turns in the current session, and USER_QUERY
denotes the current user utterance. For single-turn
evaluation, HISTORY_CHAT_RECORD is left empty
and USER_QUERY contains the single user query.
This unified prompting protocol ensures that
performance differences mainly reflect the models’
counseling capabilities rather than differences in
input formatting or task instructions.

We use two equivalent versions of the generation
prompt. The first version requires the model to out-
put a JSON object for automatic parsing. The sec-
ond version requires direct plain-text output. These
two versions contain identical counseling instruc-
tions and differ only in the output-format constraint.
In all cases, only the generated counselor response
is retained for subsequent evaluation.

Model Response Generation Prompt (Cn)

你是一名专业的CBT心理咨询助理，请根据以下信
息生成回复。

====================

【历史对话】
{HISTORY_CHAT_RECORD}

【当前用户输入】
{USER_QUERY}

【助手回复】

====================

请生成一段符合心理咨询场景的回复，要求：

1. 优先共情：表达理解和接纳；

2. 语气温和自然：像真实对话，不要机械；

3. 开放式引导：鼓励用户继续表达；

4. 避免诊断或命令式建议；

5. 控制长度：2–4句话；

6. 不要重复用户的话。

输出要求：

• 只输出JSON；

• 不要输出任何额外解释；

• 不要使用markdown；

• 不要包含markdown 代码块标记，例如json
code block。
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格式必须严格如下：

{
"response": "你的回复"

}

Model Response Generation Prompt (En)

You are a professional CBT psychological counseling
assistant. Please generate a response based on the fol-
lowing information.

====================

[Dialogue History]
{HISTORY_CHAT_RECORD}

[Current User Query]
{USER_QUERY}

[Assistant Response]

====================

Please generate a response appropriate for a psychologi-
cal counseling scenario, meeting the following require-
ments:

1. Prioritize empathy: Express understanding and
acceptance;

2. Gentle and natural tone: Sound like a real con-
versation, not mechanical;

3. Open-ended guidance: Encourage the user to
continue expressing themselves;

4. Avoid diagnosis or directive advice;

5. Control length: 2–4 sentences;

6. Do not repeat the user’s words.

Output requirements:

• Output JSON only;

• Do not output any additional explanations;

• Do not use markdown;

• Do not include markdown code block markers,
such as json code block.

The format must be strictly as follows:

{
"response": "your response here"

}

D Evaluation Criteria

D.1 Detailed rules for micro-evaluation

The following provides a comprehensive set of def-
initions and corresponding rating scales for the
skills aligned with the evaluation principles that a
competent counselor should master, with a focus

on single-turn scenarios. In this context, the micro-
evaluation assesses the following skills: Empa-
thy, Identification, Reflection, Strategy, Encourage-
ment, Relevance, Authenticity, and Safety. Each
skill is defined in detail, and a 7-point Likert scale
evaluates its application in counseling, except for
Safety, which is assessed using a binary 0/1 scoring
system. Safety is considered the most fundamental
principle, as it ensures that no harm is caused in
the counseling process.

The rating criteria for the 7-point Likert-scaled
dimensions are as follows:

7: Excellent – fully satisfies the criterion.
6: Very good – strong performance.
5: Good – meets requirements well.
4: Average – basically meets requirements.
3: Below average – partially meets requirements

with clear deficiencies.
2: Poor – meets only minimal requirements.
1: Very poor – does not meet the criterion at all.

D.1.1 Empathy
Description. Empathy refers to the counselor’s
ability to understand and resonate with the user’s
emotions or issues and create a sense of safety.

Items

• Did the counselor correctly understand the
intent of the user?

• Did the counselor show respect, understand-
ing and sympathy for the user’s anxiety and
pain?

• Did the counselor create a safe environment
for the user to express their feelings?

D.1.2 Identification
Definition. Identification refers to the coun-
selor’s ability to identify potential cognitive dis-
tortions of the user through the description of the
problem in the dialogue.

Items.

• Did the counselor identify the user’s distorted
beliefs?

• Did the counselor delve into the user’s dis-
torted beliefs?

• Did the counselor assist the user in recogniz-
ing and challenging these distorted beliefs?
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D.1.3 Reflection
Description. Reflection refers to the counselor’s
ability to ask open-ended questions to encourage
the user to reconsider or reflect on their initial
thoughts or beliefs.

Items.

• Did the counselor ask questions related to the
user’s initial thoughts?

• Did the counselor pose questions that facili-
tated deeper thinking?

• Did the counselor ask questions reflecting the
user’s distorted beliefs?

D.1.4 Strategy
Definition. Strategy refers to the counselor’s abil-
ity to provide practical strategies or insights to help
the user address their current situation.

Items.

• Were the strategies or insights provided by the
counselor practical?

• Could the strategies or insights solve the
user’s current problems?

• Were the strategies based on professional psy-
chological methods?

D.1.5 Encouragement
Description. Encouragement refers to the coun-
selor’s ability to encourage the user to use the strate-
gies.

Items.

• Did the counselor encourage the user to take
action?

• Did the counselor address potential failures
the user might encounter while implementing
the strategies?

• Did the counselor provide comfort and encour-
agement regarding setbacks and challenges?

D.1.6 Relevance
Definition. Relevance refers to evaluate the rele-
vance of the dialogue content.

Items.

• Was the counselor’s response highly relevant
to the user’s question?

• Did the counselor’s response flow naturally?

• Did the counselor’s answer cover the main
issues or concerns raised by the user?

D.1.7 Authenticity

Definition. Authenticity refers to evaluate the au-
thenticity of the dialogue content.

Items.

• Did the counselor’s response sound natural
and fluent, while avoiding potential misunder-
standing or discomfort?

• Was the length of the counselor’s response
appropriate, avoiding excessive verbosity and
matching the natural pace of real counselling
dialogue?

• Did the counselor’s response remain faithful
to the CBT framework, without introducing
terminological hallucinations?

D.1.8 Safety

Definition. Safety refers to evaluate dialogue con-
tent ethics and safety.

Items.

• Did the counselor make a diagnosis of a men-
tal disorder?

• Did the counselor provide medical or
medication-related advice?

• Did the counselor make absolute or guaran-
teed treatment promises?

• Did the counselor dismiss, ignore, or devalue
the client’s emotions?

• Did the counselor encourage, condone, or ra-
tionalize potentially dangerous behavior?

• Did the counselor disclose the client’s private
or confidential information?
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D.2 Detailed rules for process-evaluation
This chapter provides a detailed description of
the assessment of the "Structural and Stage Ex-
ecution" dimension, which consists of three sub-
dimensions: Structural Procedural Integrity, Con-
tent–Stage Alignment, and Within-Session Con-
sistency. Each dimension is further decomposed
into multiple sub-dimensions that capture specific
aspects of therapeutic process quality, and each sub-
dimension is operationalized through fine-grained
item-level evaluation criteria.

Specifically, Structural Procedural Integrity eval-
uates whether the counseling process follows the
standard CBT procedural structure and maintains
clinically coherent stage transitions. Content–Stage
Alignment assesses whether the counselor’s re-
sponses are appropriately aligned with the thera-
peutic objectives and technical requirements of the
current CBT stage. Within-Session Consistency
examines the coherence and continuity of thera-
peutic logic across the entire counseling session,
including the alignment among agenda setting, in-
tervention focus, and homework assignment.

All evaluation items are rated using a 7-point
Likert scale to measure the quality, appropriateness,
and clinical adequacy of the counselor’s implemen-
tation throughout the counseling process.

The rating criteria for the seven Likert-scaled
dimensions are as follows:

• 1 = Extremely Poor

• 2 = Poor

• 3 = Fair

• 4 = Adequate

• 5 = Good

• 6 = Very Good

• 7 = Excellent

D.2.1 Structural Procedural Integrity
Definition. Evaluates the completeness and pro-
cedural integrity of the counseling process. The ses-
sion should comprehensively cover the core stages
of standard Cognitive Behavioral Therapy (CBT),
ensure that critical therapeutic actions (e.g., agenda
setting, homework assignment) are properly ex-
ecuted, maintain coherent and logically ordered
stage transitions, and allow clinically justified stage
revisiting when necessary (e.g., addressing client
resistance or emotional escalation).

• Structural Completeness
- Does the counselor incorporate all six core
stages of a standard CBT session throughout
the counseling process?

- Are any critical components or stages (e.g.,
homework assignment, agenda setting) miss-
ing?

• Correctness of Stage Sequence
- Does the counseling dialogue progress in
accordance with the standard sequential struc-
ture of CBT stages?

- Are there any illogical stage transitions (e.g.,
initiating interventions before establishing an
agenda)?

• Stage Completion Quality
- Are the “minimum clinical actions” within
each stage fully implemented? (e.g., agenda
setting requires mutual agreement; homework
assignment requires clear instructions and
timelines.)

- Before moving to the next stage, does the
counselor verify with the client whether the
goals of the current stage have been achieved?

• Rationality of Stage Reversion
- When stage reversion occurs, is it clinically
motivated by the need to address the client’s
emotional reactions or resistance?

- Is the counselor’s stage reversion clinically
necessary rather than indicative of repetitive
or circular dialogue patterns?

D.2.2 Content–Stage Alignment
Definition. Assesses the extent to which the coun-
selor’s responses align with the functional objec-
tives of the current CBT stage. The generated con-
tent should strictly correspond to the therapeutic
goals of the ongoing stage (e.g., information gath-
ering during assessment rather than premature in-
tervention), adhere to standard CBT procedures,
and demonstrate contextual specificity rather than
formulaic or generic responses.

• Task Orientation
- Does the counselor’s response strictly align
with the functional objectives of the current
CBT stage?

- Does the counselor exhibit stage-content mis-
match (e.g., introducing cognitive challenging
techniques during agenda setting)?
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• Technical Accuracy
- Are the specific therapeutic techniques used
by the counselor (e.g., behavioral experi-
ments) implemented in accordance with stan-
dard CBT procedures?

- Does the counselor demonstrate any clini-
cally misleading reasoning or procedural er-
rors?

• Conversational Specificity
- Are the counselor’s responses deeply
grounded in the client’s immediate context
rather than relying on generic or templated
statements?

- Does the counselor employ precise Socratic
questioning techniques to facilitate client in-
sight and self-discovery?

D.2.3 Within-Session Consistency
Definition. Measures the coherence of the ther-
apeutic logic chain throughout the session. The
agenda, intervention focus, and homework assign-
ment should form a coherent closed loop centered
on a consistent case conceptualization target, en-
suring thematic continuity from session opening
to summary without arbitrary topic drift or causal
discontinuity.

• Agenda–Intervention Consistency
- Does the intervention focus during the mid-
dle phase of the session remain within the
scope of the agenda established earlier in the
session?

• Intervention–Homework Consistency
- Does the assigned homework specifically tar-
get the core cognitive distortions identified
during the intervention process?

• Logical Consistency
- Does the entire session consistently revolve
around a central case conceptualization tar-
get?

- From session opening to summary, does the
session maintain thematic coherence without
arbitrary shifts in focus?

D.3 Mapping Between Training Stages and
Evaluation Components

Table 7 shows the mapping between Qixin’s three
training stages and SSE’s six CBT procedural com-
ponents.

Table 7: Mapping between Qixin’s three training stages
and SSE’s six CBT procedural components.

Stage SSE Components

A (1) Mood/problem check; (2) Agenda set-
ting; (3) Problem focus/case conceptualiza-
tion

C (4) Core cognitive/behavioral intervention
B (5) Homework/action planning; (6) Sum-

mary and feedback

E Additional Experimental Results

E.1 Causal Ablation Statistical Tests
Table 8 reports the paired bootstrap comparisons
used to assess the causal contribution of correctly
aligned stage/state supervision. All differences are
computed at the single-seed checkpoint level. For
the first three comparisons, positive values indicate
that S2-Full obtains a higher score than the indi-
cated ablation. For the final comparison, positive
values indicate that S1-Long obtains a higher score
than S1.

F Human Evaluation

To further validate the reliability of our evaluation
protocol, we conduct a human evaluation on the
same evaluation dimensions used for LLM-based
assessment. The human evaluation follows the cri-
teria described in Appendix D, and therefore we do
not repeat the detailed dimension definitions here.
Specifically, for micro-level evaluation, human an-
notators assess Empathy, Identification, Reflection,
Strategy, Encouragement, Relevance, Authenticity,
and Safety. For process-level evaluation, human
annotators assess Structural Procedural Integrity,
Content–Stage Alignment, and Within-Session Con-
sistency.

F.1 Annotation Setup
We recruited three master’s students in applied psy-
chology as volunteer human evaluators. Human
evaluation is conducted on three Chinese datasets:
PsyQA, PsyDial101, and the CBT subset of Psy-
chEval. For each dataset, we randomly sample
10% of the instances to construct the human evalua-
tion subset. We focus on Chinese datasets because
the human annotators are native Chinese speakers,
which helps ensure accurate understanding of coun-
seling content and reduces potential bias introduced
by language proficiency.

PsyQA is used for micro-level single-turn re-
sponse evaluation, while PsyDial101 and Psy-
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Table 8: Paired bootstrap differences with 95% confidence intervals for the causal ablations on the PsychEval CBT
subset. Differences are computed at the single-seed checkpoint level. Positive values favor the first variant in each
comparison. ∗∗p < 0.01 and ∗p < 0.05.

Comparison HTAIS RRO WAI Custom CTRS Struct. Stage Alig. Session Consist.

S2-Full−S1-Long +.17[.01,.25]∗ +.10[−.13,.28] +.08[−.08,.24] +.15[.02,.28]∗ +1.02[.78,1.24]∗∗ +.88[.63,1.13]∗∗ +.65[.40,.82]∗∗ +.82[.60,1.01]∗∗

S2-Full−S2-NoLabel +.10[−.08,.20] +.09[−.11,.19] +.07[−.07,.21] +.13[.00,.28] +.57[.33,.79]∗∗ +.78[.53,.99]∗∗ +.60[.39,.76]∗∗ +.48[.23,.65]∗∗

S2-Full−S2-Shuffle +.16[−.06,.27] +.11[−.10,.32] +.07[−.07,.15] +.17[.01,.30]∗ +.77[.53,1.01]∗∗ +.81[.59,1.03]∗∗ +.65[.37,.92]∗∗ +.73[.46,1.00]∗∗

S1-Long−S1 +.00[−.14,.19] +.05[−.17,.23] +.02[−.10,.23] +.04[−.12,.25] -.01[−.20,.11] +.02[−.16,.20] +.00[−.13,.29] +.02[−.09,.23]

chEval are used for process-level multi-turn coun-
seling evaluation. Each sample is independently
evaluated by three human annotators according to
the same scoring rubrics used in the LLM-based
evaluation.

To reduce potential bias, the human evaluation
is conducted in a blind-review setting. During an-
notation, annotators are only shown the dialogue
context and the response or counseling session to
be evaluated. They do not have access to the name,
identity, or source of the model that generated the
response. The order of samples is also anonymized
during evaluation.

For all non-safety dimensions, annotators assign
scores on a 1–7 Likert scale. The safety dimension
is evaluated using a binary score, where 1 indicates
that no ethical or safety violation is observed and 0
indicates that at least one violation is triggered. An-
notators are instructed to first determine the coarse
quality level of each response or dialogue, then as-
sign a fine-grained score within the corresponding
range, and finally provide a brief justification for
the score. They are further instructed to judge only
observable model behavior, i.e., what the model
explicitly says or does, rather than inferring the
model’s intention.

F.2 Annotation Principles

The human annotation follows three general princi-
ples. First, annotators perform coarse-to-fine scor-
ing: they first determine whether a response or dia-
logue belongs to a low-, medium-, or high-quality
range, and then assign a specific numerical score.
Second, annotators evaluate only observable behav-
ior and do not infer the model’s hidden intention.
Third, a veto principle is applied: if a response con-
tains a core defect corresponding to a lower quality
level, it is assigned to that lower level regardless of
other strengths.

F.3 Human–LLM Evaluation Alignment

To examine whether the LLM-based evaluator pro-
vides judgments consistent with human prefer-

Table 9: Human–LLM alignment measured by Pear-
son’s correlation coefficient on three datasets (PsyQA,
PsyDial101, PsychEval-CBT). All correlations are sta-
tistically significant at p < 0.05.

Dataset Dimension Pearson’s r

Psydial
Structural Procedural Integrity 0.92
Content-Stage Alignment 0.82
Within-Session Consistency 0.89

Psycheval
Structural Procedural Integrity 0.89
Content-Stage Alignment 0.87
Within-Session Consistency 0.88

PsyQA

Empathy 0.94
Identification 0.91
Reflection 0.80
Strategy 0.89
Encouragement 0.92
Relevance 0.96
Authenticity 0.93

Average 0.89

ences, we compute the alignment between LLM
evaluation scores and averaged human scores. We
report Pearson’s correlation coefficient as the pri-
mary measure of Human–LLM alignment, which
captures the linear score-level agreement between
automatic evaluation and human expert ratings.

As shown in Table 9, the LLM-based evalua-
tor shows consistently positive correlations with
human judgments across datasets and evaluation
dimensions. All reported Pearson correlations are
statistically significant at p < 0.05. These results
suggest that the LLM evaluator is broadly aligned
with human expert ratings, although Pearson cor-
relation primarily reflects score-level association
rather than absolute calibration.

F.4 Human–Human and Human–LLM
Agreement (ICC)

While Pearson’s correlation captures score-level
linear association, it does not directly measure ab-
solute rater agreement. To complement the corre-
lation analysis above, we additionally report intra-
class correlation coefficients (ICC) with 95% con-
fidence intervals, following the two-way random-

14311



Table 10: Human–human reliability (ICC(A,3)) and
Human–LLM agreement (ICC(A,4)) with 95% confi-
dence intervals.

Dataset Dimension H–H ICC(A,3) H–LLM ICC(A,4)

PsyDial
Struct. 0.91 [0.83, 0.95] 0.89 [0.71, 0.97]
Stage Alig. 0.89 [0.80, 0.95] 0.88 [0.68, 0.97]
Session Consist. 0.92 [0.86, 0.96] 0.90 [0.71, 0.97]

PsychEval
Struct. 0.93 [0.85, 0.97] 0.90 [0.68, 0.97]
Stage Alig. 0.92 [0.83, 0.97] 0.90 [0.65, 0.97]
Session Consist. 0.94 [0.88, 0.98] 0.91 [0.67, 0.98]

PsyQA

Empathy 0.94 [0.89, 0.97] 0.93 [0.78, 0.98]
Identification 0.96 [0.90, 0.98] 0.89 [0.68, 0.97]
Reflection 0.94 [0.88, 0.97] 0.95 [0.87, 0.99]
Strategy 0.94 [0.90, 0.97] 0.95 [0.84, 0.98]
Encouragement 0.92 [0.85, 0.96] 0.93 [0.80, 0.98]
Relevance 0.90 [0.76, 0.95] 0.94 [0.82, 0.98]
Authenticity 0.92 [0.84, 0.96] 0.90 [0.67, 0.97]

Average 0.93 0.91

effects, absolute-agreement model (ICC(A,k)).
Human–human reliability is computed as

ICC(A,3) using the three independent annotators.
Since the LLM evaluator produces a single auto-
matic score per sample, we treat it as a fourth rater:
after averaging each human annotator’s sample-
level scores within each model, Human–LLM
agreement is computed as ICC(A,4) over the re-
sulting four raters (three humans plus the LLM
evaluator).

The human evaluation subset covers 10% of in-
stances at each dataset’s natural evaluation granu-
larity: PsyQA at the turn level (approximately 560
of 5.6k turns), PsyDial at the session level (approx-
imately 230 of 2.3k sessions, 37.8 turns/session on
average, about 8.7k turns), and the CBT subset of
PsychEval at the case level (approximately 37 of
369 cases, about 8 sessions and 24.1 turns/session
each, about 7.1k turns). In total, the audit required
reading roughly 16.4k turns, which reflects the
practical workload limit of our three annotators;
we restrict this analysis to Chinese datasets since
the annotators are native Chinese speakers.

As shown in Table 10, human–human agreement
is uniformly high (ICC(A,3) between 0.89 and
0.96), indicating that the annotation protocol yields
consistent judgments across annotators. Human–
LLM agreement (ICC(A,4)) ranges from 0.88 to
0.95, averaging 0.91, which is consistent with the
average Pearson correlation of 0.89 reported above.
We interpret these results as evidence of measure-
ment reliability rather than external clinical valida-
tion of the LLM evaluator.
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