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Abstract

Traditional psychological counseling struggles
to meet public demand due to high costs, so-
cial stigma, and limited accessibility. Recently,
large language models (LLMs) have shown
great potential in healthcare, offering new op-
portunities to build accessible mental health
dialogue systems. However, current LLMs of-
ten lack accurate modeling of cognitive empa-
thy, especially the ability to understand users’
emotions and their underlying psychological
causes. To address this, we propose CogEmp,
a dialogue generation model tailored for the
Chinese cultural context that integrates cogni-
tive empathy. The model follows a three-stage
decision pipeline: emotion and cause recogni-
tion, contextual understanding, and empathetic
response generation. First, the model identifies
the user’s fine-grained emotions and their un-
derlying causes within the Chinese context, lay-
ing the foundation for personalized emotional
comprehension. Then, it retrieves semantically
similar counseling cases to extract topic and
strategy information, thereby constructing a
context-aware representation. Finally, guided
by the extracted multi-dimensional cues, the
model drives LLMs to generate empathetic re-
sponses that are both contextually appropri-
ate and professionally grounded. Experiments
conducted on Chinese mental health datasets
show that CogEmp outperforms existing ap-
proaches in key evaluation metrics, particularly
in empathy, comprehensibility, and profession-
alism. The complete code can be obtained at
https://github.com/leixia3/CogEmp.

1 Introduction

With the accelerating pace of life and mounting
competitive pressures, mental health issues are be-
coming increasingly prevalent (Satiani et al., 2018).
Traditional psychological counseling services often
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[ Well, | used to do quite well in school, but after my
family had some troubles, | failed the high school

. entrance exam and went to a vocational school. |
found that | completely do not fit in there.

Recognition Module

Emotion Recognition The user feels "sad"

Cause Identification "Entrance exam failure"

Comprehension Module

The user feels {sad} due to {entrance exam failure}.

Topic Matching "Emotional stress"

Strategy Selection  "Humanistic therapy"

Generation Module

The user feels {sad} due to {entrance exam failure}.
Please provide psychological support using
{humanistic therapy} focused on the topic of {emotional stress}.

| understand the feeling of falling from a high place. The gap between
past achievements and the present can indeed e pain. You know,
many people need time to adjust after major changes—it’s not your
fault. The environment at the vocational school may be different from
what you expected, but it could also be an opportunity to rediscover
yourself. Would you like to talk with me about what troubles you most
at the vocational school?

:““ =

Figure 1: Diagram of the dialog generation process.

struggle to meet the growing demand due to high
costs, social stigma, and limited accessibility (Olf-
son, 2016; Sharma et al., 2023). Recently, the
rapid progress of large language models (LLMs)
and their successful applications in domains such
as healthcare (Ye et al., 2023), education (Wang
et al., 2024), finance (Li et al., 2023), and law (Shui
et al., 2023) have created new opportunities to de-
velop more accessible and scalable psychological
counseling models. However, existing LLM-based
dialogue models for psychological counseling pri-
marily provide surface-level comfort by mimicking
supportive emotional tones, failing to effectively
model and achieve deep cognitive empathy. The
core reason for this limitation is that current ar-
chitectures lack an accurate understanding of em-
pathetic mechanisms and systematic modeling of
emotional triggers (Dhingra et al., 2023).

To tackle this challenge, model design must
be grounded in psychological theories by clari-
fying the connotations and mechanisms of em-
pathy. In psychological research, empathy is a
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fundamental component of effective therapeutic
relationships. (Rogers, 1957). It is defined as
understanding and sharing emotional experiences
while maintaining a self-other distinction (Rogers,
1995). Gladstein’s two-component theory (Glad-
stein, 1983) distinguishes affective and cognitive
empathy. Affective empathy involves resonating
with others’ emotional states, whereas cognitive
empathy focuses on the psychological factors un-
derlying those emotions. This conceptualization
provides a framework for modeling empathy in
dialogue systems, suggesting that models should
simulate emotional resonance and also construct
cognitive pathways for deeper understanding of
users’ mental states.

Although recent research has increasingly ex-
plored empathy modeling in psychological coun-
seling dialogues, most efforts remain focused on
affective empathy, with limited attention to the
systematic implementation of cognitive empathy.
Specifically, recent research mainly focuses on
empathy-oriented corpus construction and model
architectures construction. On the one hand, re-
searchers have developed dialogue datasets anno-
tated with emotional and strategic labels to enhance
LLMs’ capacity for emotional support in empa-
thetic contexts. These include PsyQA (Sun et al.,
2021), Psych8k (Liu et al., 2023), and SoulchatCor-
pus (Chen et al., 2023), which have progressively
improved in data quality, scale, and strategy diver-
sity. On the other hand, model-centric approaches
aim to integrate user behaviors, emotional states,
and contextual signals into modular, multi-stage
architectures. For instance, PsyChat (Qiu et al.,
2024b) proposes a structured framework compris-
ing user behavior recognition, strategy selection,
and empathetic response generation, thereby im-
proving emotional responsiveness. Nevertheless,
these approaches often remain at the surface level
of emotion classification and strategy invocation,
lacking deeper inference over the psychological
causes behind users’ emotions. Consequently, they
fall short in supporting cognitive-level empathy
reasoning and personalized mental state feedback.

Psychological theories such as emotion process-
ing and emotion construction highlight that effec-
tive emotional regulation and psychological inter-
vention depend on accurately understanding both
emotions and their underlying causes (Foa and
Kozak, 1986; Barrett, 2017). Hill’s helping skills
model (Hill, 1999) further delineates the counseling
process into three sequential stages: exploration,

insight, and action, underscoring the importance
of identifying emotional experiences and their ori-
gins as a prerequisite for meaningful intervention.
Based on these theoretical foundations, we propose
a cognitive empathy-oriented dialogue model for
Chinese psychological counseling. As illustrated
in Figure 1, the system comprises three core mod-
ules: recognition, comprehension, and generation.
Together, they form a complete reasoning chain
from emotion recognition to modeling of underly-
ing psychological causes. This multi-stage, pro-
gressive design closely mirrors real-world counsel-
ing practices, providing a practical framework for
implementing cognitive empathy in mental health
dialogue systems.

The main contributions of this paper are as fol-
lows:

* Three-Stage Cognitive Empathy Modeling.
A dialogue decision-making chain is devel-
oped based on Hill’s three-stage counseling
theory. It integrates emotion and cause recog-
nition, contextual understanding, and empa-
thetic response generation to enable explain-
able and cognitively empathic Chinese dia-
logue.

* Automated Cause Identification. A two-
step Harsanyi-based method is proposed to
automatically identify psychological causes,
enabling a shift from surface-level emotion
recognition to deeper cause understanding
without manual annotation.

* Multi-Dimensional Evaluation. The model’s
effectiveness is validated through both objec-
tive and subjective assessment on Chinese
mental health datasets, demonstrating superior
performance in empathy, comprehensibility,
and professionalism.

2 Design and Construction of CogEmp

To realize cognitive empathy in psychological coun-
seling models, we propose a multi-stage, progres-
sive dialogue generation model named CogEmp
(A Cognitive Empathy-Oriented Dialogue System
for Structured Psychological Counseling), as illus-
trated in Figure 2. The model simulates real-world
counseling procedures through a modular design
including recognition, comprehension, and genera-
tion. It aims to deepen the model’s comprehension
of users’ emotional triggers and enhance the expres-
sion of cognitive empathy in generated responses.
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The following sections provide a detailed descrip-
tion of the model architecture.

2.1 Recognition Module

The recognition module models the user’s emo-
tional state and its causes. It first applies an emo-
tion classification model to identify the current
emotion, then uses the Harsanyi dividend algorithm
for causal attribution to locate the text segments
triggering the emotion, enabling precise identifica-
tion of its psychological drivers.

Emotion Recognition. To improve the model’s
emotion recognition performance in psychologi-
cal counseling scenarios, we constructed a Chinese
emotion recognition dataset tailored for counseling
contexts. This dataset, named PsyEmo, is based
on a daily dialogue dataset (Johnson8187, 2024)
and the ESConv dataset (Liu et al., 2021). The
specific construction details and the statistical in-
formation of PsyEmo are provided in Appendix B.
Additionally, during model training, we employed
a pretrained BERT language model to build and
optimize the multi-class emotion recognition task.

Emotion Cause Extraction. In psychological
counseling dialogues, user’s expressions often con-
tain salient emotional features along with their un-
derlying causes. Accurately identifying the seman-
tic segments in the input text that lead to specific
emotion predictions is critical to modeling cause
labels. We formalize this task as an emotion cause
extraction problem, aiming to identify the subset of
tokens in the user’s input most likely responsible
for the emotion judgment. This provides the basis
of emotional cause information for the subsequent
comprehension and generation modules.

The specific modeling approach is as follows:
Let the user’s input sentence be denoted as X =
{z1,x9,...,zy}, where each z; represents a token
after segmentation. The target emotion label for the
sentence is denoted as Y. To measure the causal
effect on emotion prediction when any token subset
S C X = {x1,x9,...,x,} activated, we first
introduce the causal effect function:

V4o(S) =E[Y | do(Xs =1,X5=0)] (1)

where the operator do(+) (Pearl, 2001) denotes a
hard intervention on the model input, i.e. the to-
kens in subset .S are manually set to the active state,
while all other tokens are uniformly masked. It
should be noted that v,4,(.S) represents the overall
intervention effect of subset S, which is a joint

effect that includes both the individual contribu-
tions of each token in S and the interaction ef-
fects among the tokens, such as amplification or
redundancy. However, the goal of emotion attribu-
tion is to identify the key cause subset that signif-
icantly influences emotion prediction. Therefore,
it is necessary to eliminate the interaction effects
and redundancies within the subset and consider
only the pure causal contribution. Accordingly, we
further introduce the Harsanyi dividend decompo-
sition method (Ren et al., 2023) from cooperative
game theory to decompose the characteristic func-
tion do(+) into the pure causal marginal contribu-
tions of different subsets. To better align with the
game-theoretic framework, we treat the set of all
tokens in the user input sentence X as the set of
players N in the cooperative game. Each subset
S C X is considered a coalition of cooperating
players, and the causal effect function is uniformly
denoted as the characteristic function v : 2V — R,
defined as follows:

S

|
2)

According to the Harsanyi dividend decompo-
sition theory, v(.5) can be uniquely decomposed
into the sum of marginal causal contributions of all
subsets:

= dO(S)

v(S):=wv
—E Y‘do(Xp:lifpeS,Xq:OiquéS)}

v(S) =) A(T) 3)

TCS
Where A(T) is defined as:

AT = ()T ww) @

Ucr

This value characterizes the pure causal effect
of the token subset 7" as a whole, after removing
the contributions of all its subsets. In other words,
it represents the pure causal contribution of the
token combination to the emotion prediction. For
clarity in the following discussion, we denote the
maximum pure causal marginal contribution in the
current input as M, and the corresponding token
combination is regarded as the emotional cause.

M =max A(T 5
TCN (T) )
By constructing this decomposition, our method

enables complete causal attribution of the final

model output. This cause extraction mechanism
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Figure 2: The architecture of CogEmp.

based on causal inference reveals the structural role
of key semantic segments in the model’s decision-
making process. It provides a clear explanatory
basis for the subsequent cognitive empathy com-
prehension and generation modules.

In practice, considering that user input may con-
sist of multiple sentences, performing Harsanyi
decomposition directly over the entire token space
incurs exponential computational cost. To balance
the accuracy of causal attribution and computa-
tional feasibility, we further propose a two-stage lo-
cal attribution strategy for cause localization based
on the above decomposition method. This strat-
egy fully utilizes contextual information from the
previous a rounds of user input. It formulates dia-
logue emotion prediction as the attribution target.
Based on this formulation, it enables a progressive
localization process, starting from coarse-grained
filtering of candidate cause sentences and proceed-

ing to fine-grained extraction of specific causes.

For the user’s previous a  turns
{1, I2,. .., Io}(1<a<t)» Where t denotes the
total number of dialogue turns, we concatenate
these turns to form the entire dialogue context
from the preceding a turns:

In=5LeL& --dl, (6)

The emotion recognition module obtains emotion
labels {eq, ea, ..., e,} for each input turn, as well
as the emotion label e 4 for the concatenated overall
input text, where 1 < a < t. Subsequently, coarse-
grained cause identification and fine-grained cause
extraction are performed.

(i) Coarse-Grained Cause Identification. At
this stage, the overall input emotion label e4 is
used as the attribution target. For each sentence
in the candidate set {Iy, I2,...,I,}, where 1 <
a < t, the maximum marginal contribution score
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based on the Harsanyi decomposition is calculated.
Specifically, the token set of candidate sentence
I,,1 < u < ais treated as the universal set N
defined previously. According to Eq. (4) and ( 5),
the maximum pure marginal causal contribution
among all token subsets in the candidate sentence
I, is denoted as M,,.By ranking all candidate sen-
tences based on M,,, the sentence with the highest
score is selected with its index denoted as g. The
candidate sentence triplet is constructed as follows:

= M, 7
g = arg max M, (N
(Iga €g> Mg) (8)

The sentence I, is regarded as the most likely cause
sentence leading to the overall emotion label e 4
within the previous a user turns, and is then sub-
jected to fine-grained cause extraction.

(ii) Fine-Grained Cause Extraction. After
obtaining the emotional cause sentence triplet
(I4,€q4, My), the candidate sentence is further di-
vided into m clauses {I,,,Ig,,..., I, }. Simi-
lar to the coarse-grained cause identification, the
emotion label e, corresponding to the emotional
cause sentence is used as the attribution target. For
each clause in the candidate clause set, the maxi-
mum marginal contribution score is calculated and
ranked. The index of the highest-scoring clause
can then be obtained as:

h = M 9
arg max M, €))
The clause corresponding to this index I, is fi-
nally selected as the cause label c extracted by the
recognition module, with e4 serving as the overall
emotion label for the current dialogue.

2.2 Comprehension Module

Based on the output of the recognition module,
the comprehension module employs a semantic re-
trieval mechanism to retrieve dialogues from the
corpus that are similar to the current user context.
It then extracts the corresponding topic labels and
counseling strategy labels to construct a structured
cognitive representation of the user’s psycholog-
ical context, which provides both contextual and
strategic support for response generation.

Corpus Construction. To provide the model
with comprehensive and well-structured anno-
tations of topics and counseling strategies, we
build a psychological counseling case corpus for
the CogEmp model based on the CPsyCounR

dataset (Zhang et al., 2024). For details regard-
ing data construction, please refer to Appendix B.
Topic and Strategy Identification. To jointly
model emotion labels and emotional cause infor-
mation, we construct a unified query vector that
integrates both types of information. This enables
multi-source emotional semantics to be modeled
collaboratively and supports enhanced retrieval.
Specifically, the emotion label e, emotion cause
label ¢, and the k-th candidate sample text in the
corpus are projected into a common semantic space,
and their corresponding vector representations are
derived as follows:
E; = f(), e {e,c,texty} (10)
To integrate the complementary information of
emotions and causes, a fused query vector is further
constructed as follows:

1

E, 5

(e + E.) (11)

This vector captures both the emotional tendency
and the underlying cause, which provides a more
context-aware query representation for the subse-
quent retrieval task. To match the input with rele-
vant counseling cases in the corpus, we compute
the cosine similarity scores between the emotion,
cause, fused query vectors and the corpus vectors

respectively:

Score® = cos (Ev, Etextk), veE{ecqt (12)

Considering that different types of semantic in-
formation may contribute differently to the retrieval
task, we further adopt a weighted fusion mecha-
nism to linearly combine the three types of similar-
ity scores. The final relevance score of the candi-
date sample texty is computed as follows:

Scorey, = oz-Scorelg—i—ﬁ-Scorelj—l—v-ScoregJ (13)

Where o + 8 + v = 1. The three weights control
the influence of emotion label information, cause
semantic information and their fused representation
in the final ranking decision respectively.

Finally, the model ranks candidate texts in the
corpus based on the final relevance scores and se-
lects the top-ranked one as the reference case for
the current input. The corresponding topic label
and counseling strategy label are extracted to serve
as knowledge support for subsequent empathetic
response generation.
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Evaluation Metrics

Model

B-11 B-21 B-31 B-41 R-17 R-27
SoulChat  0.1866 0.0494 0.0091 0.0021 0.2180 0.0275
CPsyCounX 0.2139 0.0642 0.0145 0.0033 0.2365 0.0360
PsyChat 0.1585 0.0298 0.0029  0.0006 0.2018 0.0156
MeChat 0.1909 0.0515 0.0112  0.0020 0.2251 0.0286
Ours-Lite  0.2331 0.0672 0.0188  0.0057 0.2456 0.0359
Ours-Full  0.2380 0.0694 0.0189 0.0061 0.2508 0.0375
R-LT METEORT D-17 D-21 BERTScoret PPL]
SoulChat  0.1710 0.1575 0.7396 0.9762 0.1865 3.4535
CPsyCounX 0.1875 0.1645 0.7751  0.9803 0.2071 1.8142
PsyChat 0.1458 0.1177 0.8161 0.9826 0.1423 8.7152
MeChat 0.1732 0.1607 0.7477 0.9770 0.1959 2.4955
Ours-Lite  0.1951 0.1601 0.8334  0.9960 0.2241 1.8084
Ours-Full  0.1998 0.1648 0.8377 0.9961 0.2314 1.8128

Table 1: Comparison of objective evaluations. Ours-Lite and Ours-Full refer to the CogEmp models using
lightweight prompts and structured prompts, respectively. The detailed comparison can be found in Appendix F.

2.3 Generation Module

The generation module takes emotion, cause, topic,
and strategy labels from the recognition and com-
prehension modules as key inputs to construct struc-
tured prompts. These prompts guide the large lan-
guage model to generate responses that are em-
pathetic, professional, and contextually appropri-
ate. DeepSeek-V3 is used as the base model, with
prompt engineering introduced to enhance its adapt-
ability and role alignment in counseling scenarios.
Specifically, the model embeds the four aforemen-
tioned categories of labels into the prompt in a
structured format. Further details are illustrated in
Figure 11.This approach improves contextual com-
prehension and enhances the relevance and quality
of the generated responses.

3 Experiments and Analysis

To validate the effectiveness of the proposed ap-
proach, we select SoulChat (Chen et al., 2023),
CPsyCounX (Zhang et al., 2024), MeChat (Qiu
et al., 2024a) and PsyChat (Qiu et al., 2024b) as
baseline models, covering the main technical ap-
proaches in current mental health dialogue systems.
As these models are trained on different datasets
with partially private procedures, re-training them
on the same dataset is infeasible. Following com-
mon practice in the field, we retain their default
configurations and evaluate them on the unified
PsyEval test set under a consistent evaluation pro-
tocol. This setup aims to compare their relative
effectiveness in simulating empathetic responses,

rather than controlling for training data differences.

3.1 Main Results

Comparative Experiment on Cause Extraction.
To validate the effectiveness of the Harsanyi al-
gorithm in extracting emotional causes, this study
adopts Direct Question Answering (DQA) based on
the original text as the baseline method and com-
pares its performance with the Harsanyi-guided
Question Answering (HQA) approach, which in-
corporates key Harsanyi-selected clues. Semantic
similarity is employed as a quantitative evaluation
metric. Specifically, the text-embedding-3-large
model is used to compute the vector similarity be-
tween the extracted labels and the ground-truth
labels. On 1,306 samples, HQA achieves an aver-
age semantic similarity of 0.7284, outperforming
DQA (0.7004). At a similarity threshold of 0.6 to
determine correct extraction, HQA also attains a
higher accuracy (81.16% vs. 73.51%). A paired
t-test confirms the statistical significance of this im-
provement (t = 8.203,p < 0.001). These results
demonstrate that integrating Harsanyi-filtered key
clauses can effectively reduce redundancy and en-
hance the accuracy of emotional cause extraction.

Objective Evaluations. For objective evalua-
tion and comparison of the CogEmp model’s gen-
eration quality, we select the following commonly
used automatic text generation metrics for quanti-
tative evaluation: BLEU-1/2/3/4, ROUGE-1/2/L,
METEOR, DISTINCT-1/2, BERTScore, and Per-
plexity. These metrics collectively measure the
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. SoulChat
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PsyChat
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(d) Naturalness
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@ MeChat

Figure 3: Detail comparison of evaluation on 12 topics.

Model Emp.t Comp.T Prof.7 Nat.T Safety?
SoulChat 3.307 3.228 2.594  3.390  2.000
CPsyCounX  3.272 3.251 2576 3.449  2.000
PsyChat 3.419 3.375 2562 3.553  1.997
MeChat 3.239 3.245 2.570  3.406  2.000
Ours-Lite 3.773 3409  2.666 3.761  2.000
Ours-Full  3.830 3.568 2.786 3.813  2.000

Table 2: Comparison of evaluation by LLMs: Empa-
thy(Emp.), Comprehensibility (Comp.), Professional-
ism (Prof.), and Naturalness (Nat.).

linguistic quality and semantic relevance of the gen-
erated text across multiple dimensions, including
accuracy, relevance, diversity, and fluency, etc.

As shown in Table 1, our proposed model con-
sistently outperforms all baselines in psycholog-
ical counseling dialogue generation. It achieves
higher scores across multiple automatic metrics
(e.g., BLEU and ROUGE)), indicating its stronger
semantic understanding and higher response qual-
ity. Furthermore, our model alleviates the issue of
response homogeneity while attaining substantially
lower perplexity than PsyChat, which demonstrates
improved logical consistency and language fluency.

Subjective Evaluations. To assess CogEmp’s
subjective performance in multi-turn mental health
dialogues, this paper constructed a turn-based eval-
uation subset named PsyEval and redesigned five
evaluation metrics: Empathy, Comprehensibility,
Professionalism, Naturalness, and Safety. The spe-
cific construction and evaluation details can be
found in Appendix B and Appendix D.

Table 2 presents the performance of each model
in the LLM-based subjective evaluation. Our pro-
posed models demonstrate a comprehensive ad-
vantage, with notable improvements particularly
in empathy, comprehensibility, and professional-
ism, validating the critical role of the recognition
and comprehension modules in enhancing dialogue

quality. Regarding safety, all models except for
PsyChat maintain high scores, ensuring the ethical
integrity of the generated dialogues. Further anal-
ysis in Figure 3 reveals the detailed performance
across 12 core counseling topics. Our-Full model
attains the best scores in nearly all topics, reflect-
ing its strong scenario adaptability and modeling
precision.

The LLM-based subjective evaluation, despite
measuring performance at both overall and the-
matic levels, relies on a simulated multi-turn setup.
This artificial nature hinders its ability to reflect the
authentic, flowing interaction of real psychological
counseling. Accordingly, we conduct a subjective
human evaluation to complement the automated
results and examine the models’ performance in
true-to-life dialogue scenarios.

We recruited 24 participants aged 20 and 28 to
evaluate model performance from a general user
perspective. The evaluation encompassed 12 core
psychological topics from PsyEval, where each par-
ticipant selected 6 topics freely to engage in multi-
turn and free-form dialogues to ensure situational
realism. To mitigate subjective bias among eval-
uators, we developed a comprehensive evaluation
manual that translated professional indicators such
as empathy into concrete scoring rubrics and pro-
vided reference examples for experimental training.
Consistent with the LLM-based subjective evalua-
tion, the rating dimensions and rubrics for human
evaluation remained identical. All indicators with
the exception of safety were measured on a 5-point
Likert scale, while safety was recorded using a
binary score of 0 or 1.

Evaluators provided independent ratings based
on the empathy, comprehensibility, professional-
ism, naturalness, and safety of the dialogue. Finally,
the independent scores from multiple evaluators
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Model Emp.t Comp.t Prof.t Nat.t Safety? Model Emp.t Comp.T Prof.} Nat.T Safety?
SoulChat 3542 3278  3.083 3.382 0.986 Baseline  3.312 3282 2324 2593 2.000
CPsyCounX  3.361 3132 3.257 3271  0.965 RC 3.681 3.411 2711  3.748  2.000
PsyChat! 2.563 2.125 2.042 2375 0958 R-Prompt  3.832 3.531 2745 3.825  2.000
MeChat 3.285 3.097 2986 3.215 0972 S-Prompt ~ 3.782 3.518 2752  3.800  2.000
Ours-Full  4.042  3.792  3.771 3.806 0.993 Ours-Lite  3.773  3.409  2.666 3.761  2.000
Ours-Full ~ 3.830 3.568 2.786 3.813  2.000

Table 3: Comparison of evaluation by humans.

Model Emp.t Comp.T Prof.7 Nat.7 Safety?
ChatGLM 2.230 2421 1.736 2219 1991
SoulChat 2.896 2,662  2.097 3.046 2.000

ChatGLM+  2.969 3.014 2353 2922 1998
ChatGLM2  2.550 2.685 1.973 2506  1.991

MeChat 2.998 2.855 2266 3.161  1.995

PsyChat 3.133 2986 2252 3340 1.996
ChatGLM2+  3.238 3158 2509 3213 1998
InternLM2  2.817 2.830  2.120 2.552  1.997
CPsyCounX  2.999 2942 2375 3202 1.996
InternLM2+  3.439 3353 2771 3.388  2.000

Table 4: Fairness verification results under a unified
backbone.

were averaged to minimize individual bias. This
standardized protocol ensured consistency across
different dimensions, thereby enhancing the trans-
parency and reproducibility of the evaluation re-
sults. As shown in Table 3, the results reveal a
clear performance hierarchy among the models.
The Our-Full model achieved the highest scores
across all core dimensions, demonstrating its over-
all superiority in real interactive scenarios.

3.2 Fairness Verification

To further verify the fairness of the comparative
experiments, this study conducted additional eval-
uations under a unified backbone model. Since
the primary baselines were fine-tuned based on
ChatGLM-6B, ChatGLM?2-6B, and InternLM?2-
Chat-7B, we migrated the three CogEmp mod-
ules of recognition, comprehension, and genera-
tion to these same base models. This resulted in
the construction of ChatGLM+, ChatGLM?2+, and
InternL.M2+ for a direct comparison. The specific
experimental results are presented in Table 4.
According to the data analysis in Table 4, while
maintaining the same backbone model, the integra-
tion of CogEmp’s three-stage modules significantly
enhances performance across all dimensions. This
improvement is particularly prominent in compre-
hension metrics, verifying that the enhancement of
cognitive empathy is independent of the specific
backbone model used. For the sake of transparency,

!"The discrepancy between LLM-based subjective and hu-
man evaluation results is discussed in the Limitations section.

Table 5: Ablation study results: RC(w/ R,C), R-Prompt
(w/o S), S-Prompt (w/o R), Ours-Lite (w/ Lite Prompt),
Ours-Full (w/ Full Prompt).

it should be noted that the Large Language Mod-
els used for the automated evaluation of subjective
metrics may exhibit score drift, manifesting as a de-
crease in absolute scores, due to parameter updates
or adjustments in alignment strategies. However,
the relative ranking and performance gaps between
models remain stable, demonstrating the robustness
of the experimental conclusions.

3.3 Ablation Study

To investigate the actual contribution of each mod-
ule to generation quality, we conducted an ablation
study by designing six model variants, assessing
the interactive effects of the recognition module,
comprehension module, and prompt engineering
from the perspective of subjective metrics.

The subjective evaluation results of the abla-
tion study are presented in Table 5. Compared
to the baseline, incorporating specific modules im-
proved all metrics. Notably, even when employing
only structured labels without counseling context
or task guidance (RC), the performance signifi-
cantly outperformed the baseline, confirming that
structured representation independently enhances
generation quality. The addition of the recogni-
tion module with structured prompts (R-Prompt)
increased empathy and comprehensibility by 15.7%
and 7.6%, respectively, demonstrating that emo-
tion and cause recognition effectively enhance em-
pathetic expression. Conversely, integrating the
comprehension module with structured prompts
(S-Prompt) yielded greater gains in professional-
ism, indicating that topic and strategy positioning
improves response quality.

Under the dual-module architecture of recogni-
tion and comprehension, a comparison between the
light-prompt (Ours-Lite) and full-prompt (Ours-
Full) versions highlights the critical impact of
prompt richness on performance. Despite shar-
ing the same algorithmic foundation, Ours-Full
surpasses Ours-Lite in both comprehensibility and
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[ 1 used to perform quite well in school, but after the incident in

{ my family, | failed the high school entrance exam and ended up

.- in avocational school. I've found it extremely difficult to adapt
to that environment.

I can understand the profound sense of loss that comes from such a - 4‘ =

dramatic change. The gap between your past achievements and your L-"A

current situation can be deeply painful. You know, many people need

a period of adjustment after experiencing significant life disruptions,

and this is not your fault. The environment of avocational school

might be different from what you had envisioned, but it could also

offer an opportunity to rediscover yourself. Would you be open to

sharing what aspects of the vocational school experience you find

most distressing?

Itis also true that changes in environment can lead to feelings of Nt
In fact, such di in are very common. i

Everyone experiences challenges when adjusting to anew setting, as

each individual has unique needs and coping styles. Nevertheless, this

does not mean you must return to your former school or adhere

rigidly to past value systems. Instead, you are encouraged to gradually

adapt to your new environment and maintain confidence that the

future can improve.

It sounds like both your experiences at vocational school and
whathappened at home have had an impact on how you're feeling \
Ours-Full now.How did you cope with everything during that time?
After hearing about your experience, | can understand your discomfort
with the vocational school environment. Such a change could affect
your confidence and emotions. Have you thought about talking to a
teacher or counselor to see if they can offer any help or support?

SoulChat
PsyChat

It's completely normal to feel disappointed after not doing well in the
high school entrance exam. We can try to explore this feeling of loss, e
identify the underlying causes of your distress, and find ways to work

through them.

MeChat

CPsyCounX

Figure 4: Case study - comparison of the third round
responses.(For the complete dialogue, please refer to
Appendix E.)

professionalism. This demonstrates that more de-
tailed structured prompts enable the model to better
leverage extracted semantic features, thereby gen-
erating responses with greater logical coherence
and professional soundness.

Overall, the Ours-Full model integrates the
recognition module, comprehension module, and
structured prompts, achieving optimal or near-
optimal performance across all metrics. This vali-
dates the synergistic effect of module design and
prompt information in enhancing empathy, com-
prehensibility, professionalism, and naturalness of
dialogues, while maintaining high safety levels.

3.4 Case Study

This section evaluates the empathy expression and
comprehension capabilities of five baseline mod-
els using a psychological counseling case focused
on adaptation difficulties. As shown in Figure 4,
CogEmp excels at generating clear, coherent, and
emotionally aligned responses. It validates users’
feelings without premature intervention, uses open-
ended prompts to support deeper emotional explo-
ration, and maintains a natural, empathetic tone
without relying on technical jargon. In contrast,
SoulChat lacks contextual understanding and fo-
cuses narrowly on advice-giving; CPsyCounX pro-
duces formulaic, jargon-laden replies unsuited to
dialogue; MeChat relies on generic templates, limit-
ing personalization; and PsyChat offers rigid, emo-
tionally fragmented responses, sometimes introduc-
ing inappropriate topics like suicide. Such risks in

existing models underscore the critical need for a
robust safety framework, which we discuss in the
following section.

Overall, CogEmp outperforms other models in
the naturalness of empathetic expression, the depth
of emotional understanding, and the appropriate-
ness of language use, highlighting its potential to
facilitate cognitive empathy.

3.5 High-Risk Scenario and Safety Analysis

We qualitatively analyzed high-risk cases in PsyE-
val including suicidal ideation and profound de-
spair to evaluate model performance during crises.
In a vicarious trauma case involving acute anxiety,
CogEmp accurately identified the cause as high-
risk information overload. The model eschewed
generic comfort and extreme rhetoric while pro-
viding empathetic validation and guiding the user
toward emotional boundaries. Results demonstrate
that in high-risk contexts CogEmp maintains a sup-
portive and non-malicious stance which effectively
mitigates hazardous suggestions.

Acknowledging the limitations of semantic gen-
eration in extreme cases, we integrated a crisis
redirection mechanism as a safety baseline for
hazardous signals such as self-harm. Upon de-
tecting life-threatening triggers, the system super-
sedes standard empathetic response logic with a
predefined safety protocol to intercept open-ended
generation and provide professional mental health
hotlines or intervention resources. This strategy
combines cognitive empathy with a robust safety
framework to delineate the functional boundaries
of artificial intelligence in crisis intervention.

4 Conclusions

This paper presents a psychological counseling di-
alogue model with cognitive empathy, structured
as a progressive three-stage pipeline: emotion and
cause recognition, contextual understanding, and
empathetic response generation. By automatically
generating multi-dimensional labels, the model ef-
fectively guides LLMs to produce responses that
are professional, empathetic, and contextually rel-
evant. Experimental results demonstrate its supe-
rior capability in capturing users’ deeper intentions
and emotional expressions. Future work will fo-
cus on the limitations of single-cause extraction by
optimizing multi-turn cause identification, further
enhancing the model’s cognitive empathy.
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Limitations

In this work, we conduct a comprehensive evalua-
tion of psychological counseling models. However,
several limitations should be acknowledged:

Discrepancy Between LLM and Human Eval-
uation. Our experiments reveal inconsistent perfor-
mance of PsyChat between LLM-based subjective
and human evaluations. The LL.M-based subjec-
tive evaluation employs a pseudo multi-turn mode
where each turn is generated relatively indepen-
dently, which tends to mask the model’s potential
repetitiveness. In contrast, real-time human inter-
actions expose issues such as rigid or templated re-
sponses as the historical context accumulates. This
discrepancy highlights that in sensitive counseling
scenarios, current LLM-based subjective metrics
cannot fully substitute for the interactive experi-
ence of human users. Therefore, combining both
evaluation methods is essential for a comprehen-
sive assessment of model performance.

Linguistic and Cultural Specificity. This study
is primarily focused on the Chinese language and
cultural context. Since psychological counseling
is deeply rooted in cultural norms, the generaliz-
ability of our proposed decision-chain model and
attribution methods to other languages or diverse
cultural environments requires further validation.

In addition, Al-assisted writing tools(e.g., Chat-
GPT) were used to improve language clarity and
readability. All technical content, experimental de-
sign, and conclusions were determined and verified
by the authors.

Ethical considerations

Data Ethics and Privacy. All datasets are derived
from public academic sources where original in-
formed consent was obtained. We did not interact
directly with human subjects. To ensure privacy,
we implemented rigorous de-identification proto-
cols, removing or replacing all Personally Identi-
fiable Information (PII) with generic placeholders.
All data usage adheres strictly to the original li-
censes and privacy regulations. Since this study
only utilizes anonymized publicly available data, it
was recognized as exempt from institutional ethics
review.

Potential Risks

Scope and Oversight. Our model is designed as a
research prototype to facilitate the understanding
of empathetic communication; it is not a substitute

for licensed mental health professionals, nor does
it provide clinical diagnosis. A human-in-the-loop
mechanism is required in practical deployments to
ensure safety.

Hallucination and Factual Errors. Limited
by the inherent characteristics of large language
models, the system may occasionally generate hal-
lucinations or factually incorrect content. Users
are advised that the model’s outputs should not be
treated as a reliable source of medical information.

Acute Crisis Management. Although equipped
with a safety baseline to intercept and redirect haz-
ardous signals , the model remains a research proto-
type not validated for clinical use. It should not be
deployed in high-risk settings where professional
human intervention is required. The redirection
mechanism is a risk-mitigation tool, not a guaran-
tee of comprehensive crisis management.
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A Related Work

Research on enhancing empathy in counseling
models primarily follows two directions: construct-
ing high-quality, multi-labeled corpora to support
emotion recognition and strategy learning, and de-
veloping modular modeling approaches to improve
understanding and response to users’ psychological
states. The following sections review representa-
tive studies in both areas.

A.1 Construction of Empathetic Corpora

High-quality, multi-turn counseling datasets are
essential for dialogue model development. Early
datasets, often built via crowdsourcing, such as
EmpatheticDialogues (ED)(Rashkin et al., 2019)
and ESConv(Liu et al., 2021), focus on empathy
and emotional support but suffer from small scale,
limited scenarios, and lack of domain expertise. In
Chinese, PsyQA (Sun et al., 2021) provides strat-
egy annotations but is single-turn, limiting its suit-
ability for complex dialogues.

To improve data quality, researchers have in-
volved experts in annotation. Psych8k (Liu et al.,
2023) was authored by licensed counselors, and
SoulChatCorpus (Chen et al., 2023) was manu-
ally rewritten to produce large-scale multi-turn dia-
logues with higher professionalism and semantic
consistency. However, such datasets are costly and
hard to scale. Recent work addresses this by gener-
ating synthetic data: SmileChat (Qiu et al., 2024a)
extends single-turn data to multi-turn dialogues via
SMILE, ExTES (Zheng et al., 2023) uses ChatGPT
for recursive generation, and Cactus (Lee et al.,
2024) integrates CBT theory to enhance structural
and intervention logic. These methods shift anno-
tation from strategy labeling to cognitive structure
modeling.

Despite these advancements, most available
datasets remain centered on emotional support and
lack systematic modeling of emotional states, trig-
gers, and topic structures. This limits the model’s
ability to deeply understand users’ psychological
conditions. As a result, structural optimization at
the model level is becoming a key direction for
improving dialogue comprehension.

A.2 Construction of Model Architectures

At the model level, current LLM-based approaches
often adopt end-to-end generation frameworks, us-
ing large-scale corpora for fine-tuning or prompt-
based guidance to learn empathetic expressions

and supportive strategies. For example, ChatCoun-
selor (Liu et al., 2023) improves the profession-
alism of generated responses by leveraging high-
quality single-turn consultations. However, it fails
to capture the dynamic evolution of user emotions
in multi-turn dialogues. To address this limitation,
MeChat (Qiu et al., 2024a) employs the SMILE
technique to expand single-turn data into multi-
turn structures and trains dialogue models to miti-
gate data scarcity. Nevertheless, due to the lack of
real counseling contexts and manual annotations,
its outputs remain limited in emotional depth and
authenticity.

To further improve empathy quality,
SoulChat (Chen et al.,, 2023) constructs a
large-scale Chinese multi-turn empathetic cor-
pus, enhancing the model’s ability to learn
from dialogue history and multidimensional
empathy expressions. However, the approach
lacks psychological theory support, making it
difficult to understand users’ underlying mental
mechanisms. Psy-LLM (Lai et al., 2023) integrates
psychological knowledge into the generation
process to improve the logical consistency and
professionalism of responses. However, it lacks
a structured representation of users’ emotional
states and underlying psychological causes, which
constrains its ability to deliver cognitive empathy.
PsyChat (Qiu et al., 2024b) introduces a modular
framework to simulate the phased nature of
psychological counseling. Although it emphasizes
behavior-strategy mapping, it primarily relies on
behavioral labels and lacks deeper modeling of
emotional triggers and psychological trajectories.
Consequently, its empathetic depth remains
insufficient.

In summary, while existing models have made
progress in stylistic control and strategy use, they
generally lack structured understanding mecha-
nisms based on psychological causality, limiting
their ability to achieve deep interpretation of users’
mental states.

B Processing of Relevant Datasets

B.1 Construction Details of PsyEmo

To enhance emotion recognition in psychological
counseling scenarios, we constructed a Chinese
emotion recognition dataset, PsyEmo, based on
daily dialogue data (Johnson8187, 2024) and the
ESConv dataset (Liu et al., 2021). The daily dia-
logue corpus covers eight emotion categories and
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Category Train Test Percentage
Sadness 639 160 29%
Anger 511 128 23%
Disgust 356 89 16%
Anxiety 314 78 14%
Depression 269 67 12%
Fear 92 23 4%
Shame 31 8 1%
Nervous 19 5 1%

Table 6: Statistics related to the PsyEmo dataset.

consists of short conversations from everyday con-
texts. To align with the prevalence of negative emo-
tions in counseling, we filtered and re-annotated
the data by removing clearly positive samples and
reclassifying certain neutral ones for better task
relevance. ESConv, an English corpus for emo-
tional support, includes turn-level annotations of
emotions and context. We extracted relevant labels
and translated selected samples into Chinese as sup-
plementary data. Table 6 summarizes the dataset
statistics.

B.2 Corpus Construction for Psychological
Counseling

The CPsyCounR dataset contains anonymized psy-
chological counseling reports from public sources,
covering topics such as personal development, fam-
ily issues, and romantic relationships, along with
seven major therapeutic approaches. Using the
method from the CPsyCoun, we automatically gen-
erated realistic dialogue samples from these re-
ports.

Although the CPsyCounR dataset provides rela-
tively detailed strategy labels, the original annota-
tions suffer from inconsistent naming, mixed stan-
dards, and the inclusion of various specific coun-
seling techniques, making them difficult to use di-
rectly for unified modeling. We standardized these
into six theoretical schools and grouped topics into
eight categories. Figure 5 presents label distribu-
tions and corpus statistics. To support topic and
strategy matching, we also added multi-class emo-
tion labels to each sample, improving information
consistency across model modules.

B.3 Construction Details of the Evaluation
Dataset

PsyDTCorpus (Xie et al., 2025) is a Chinese dataset
constructed for multi-turn mental health dialogue
tasks, which is compiled from real counseling cases

Sexuality 5%

ar umanistic
Social 6% 15%
Systemic
The 7% %
eraj
Py Romance 37%

Stress 9% Postmodern

Growth 14%

8T

Psychoanalysis
Family 19% 15% 23%

Figure 5: Statistics of corpus topics and therapy strate-
gies.

conducted by specific psychological counselors. It
contains a total of 5,000 dialogue sessions, with an
average of 18 turns per session. Given its cover-
age of a wide range of psychological counseling
scenarios, this dataset serves as the primary corpus
for model evaluation. To further assess the model’s
response quality across typical counseling topics,
we selected five representative dialogue sessions
for each of twelve common core topics from the
test set of PsyDTCorpus. This resulted in an evalu-
ation subset named PsyEval, which contains a total
of 60 multi-turn counseling dialogues. This subset
covers a broad range of topics and diverse contexts,
enabling a more comprehensive reflection of the
model’s understanding and response capabilities in
multi-turn dialogue settings.

C Implementation Details

The experiments were conducted on a computing
platform equipped with an NVIDIA RTX 4090
GPU (24GB VRAM) and a 16-core virtual CPU
(Intel Xeon Gold 6430). During inference with
the generative model DeepSeek, the temperature
was set to 1.3 and top_p was set to 1. All model
inference tasks were performed under the above
hardware configuration to ensure the comparability
and stability of the experimental results.

D Subjective Evaluation Criteria and
Scoring Dimensions

In the subjective evaluation section, this study em-
ploys a turn-level dialogue evaluation approach to
systematically assess the generation quality of each
model. To better align with the functions of the
model’s different modules, the original evaluation
framework (Zhang et al., 2024) has been adjusted
and optimized. The specific scoring dimensions
and evaluation details are summarized in Table 7.
Specifically, empathy refers to the counselor’s
ability to understand and express emotional reso-
nance in responses; comprehensibility measures

29708



the model’s capability to recognize and grasp the
user’s emotional state and its underlying psycho-
logical causes, reflecting whether the responses are
generated based on deep comprehension; profes-
sionalism assesses the appropriateness of domain-
specific terminology, intervention strategy selec-
tion, and psychological counseling discourse style
in the replies; naturalness reflects the semantic co-
herence, linguistic fluency, and authenticity of user
interaction in the responses; and safety evaluates
the model’s compliance and caution in protecting
user privacy and avoiding potentially harmful sug-
gestions.

E Case Study Supplement

This section evaluates the empathic and compre-
hension abilities of the five baseline models using
a representative psychological counseling case in-
volving adjustment difficulties. The case illustrates
the progression of the user’s emotions from general
depressive feelings toward specific stressors such
as family breakdown, exam failure, and difficul-
ties adapting to vocational school. Due to space
limitations, the paper only presents the third-round
responses of each model. Refer to Figures 6 to 10,
to more comprehensively demonstrate the gener-
ation styles and response strategies of the models
in multi-turn contexts, this section supplements
the complete dialogues of the first three rounds
between the user and the models. This additional
content aims to further support the comparative
analysis and discussion in the case study section.

F Comparison of Prompt-Lite and
Prompt-Full

In the comparative and ablation experiments, this
paper contrasts two model configurations: Ours-
Lite and Ours-Full. Both share the same architec-
ture for the recognition and comprehension mod-
ules, differing only slightly in the prompt construc-
tion within the generation module. Figure 11 il-
lustrates the specific content of Prompt-Full, while
Prompt-Lite only includes the Role and Goal sec-
tions shown in the diagram.
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RiF, BERBEACHANRE, J2%E8,
BEBEFARR.

Hello, lately I've been feeling really awful. | keep
wondering if I still have a future.

BAERZERILIK RS . RERPBIRUABERZ,
BHRLBRMNBANERHNR. BeE AENBIHFFIRE
KiK., RESREFE. BENRSHHEH AiR=EXH
HAREL?

I can sense your confusion and pain at this moment. The future can
indeed feel unsettling, especially when we are going through a
difficult time. But please remember that how you feel now does
not define your future—you are worthy of hope. Would you like to
share more about what has led you to these thoughts?

REMFIRET —L%, MBUUE, HERA
RBHRFUR, MAPERELNE,
There were some things that happened in my
family in the past. Since then, I've felt dispirited
and unable to take interest in anything.

BEERIHEGHERATNE. SENPEHIIUEARE
HAEFOHE. REBNRSZESXTIHENRIG? F
BHEB YR, RIENENREEEE L.

I can understand the sense of powerlessness that such trauma can
bring. The shadows of the past can indeed diminish one's
enthusiasm for life. Would you be willing to share more about how
you've been feeling regarding these events? Sometimes, expressing
your emotions can help lighten the emotional burden.

B, RMATEBHASETLYN, BEMARE
HEE, BPEXRF, ATRER RRAR
STEEN PR HFBE.

I used to perform quite well in school, but after
the incident in my family, | failed the high
school entrance exam and ended up in a
vocational school. I've found it extremely
difficult to adapt to that environment.

REEBIMNSLBENLER. SRR NIENE
EMIRILAREIFE . (RAED? REAEZHEATH
ERMHEE—NER, XRRIROE. RROFHERIFHR
BROTE, EXBTER—NMEFARECHIES. RE
BROEEW, FRZEFLREFRRGORTAL?

I can understand the profound sense of loss that comes from such
a dramatic change. The gap between your past achievements and
your current situation can be deeply painful. You know, many
people need a period of adjustment after experiencing significant
life disruptions—and this is not your fault. The environment of a
vocational school might be different from what you had
envisioned, but it could also offer an opportunity to rediscover
yourself. Would you be open to sharing what aspects of the
vocational school experience you find most distressing?

Figure 6: Case study of Ours-Full.
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R, BERBMACRORE, BRES,
REBEHRK.

Hello, lately I've been feeling really awful. | keep
wondering if | still have a future.
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RERMBMGEL, ERAMRXMBEHLIE, KiLRE
AERMENZS . RETNERE|I—LECEROBWE, HIME
B, TER REBR—TEHCHRR, iLACRLAENER
Sending you a warm hug—feeling down can be truly distressing. You
seem to be experiencing some anxiety, perhaps related to exams. It
might help to pay closer attention to your emotions and find ways
to relax. Sometimes, we believe that only by achieving top results
can we reach our goals, but such thoughts can become

overwhelming and lead to invisible pressure. Try engaging in e
activities you enjoy, like reading or listening to music, to ease your & —~—
state of mind and approach the day with more calm and comfort. ‘ \'\ /

REMFIRET —2%k, MHBRE, BT
SHREIREE, M ABRTENE,

There were some things that happened in my
family in the past. Since then, I've felt dispirited
and unable to take interest in anything.

L
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TR/IEHEILHR, BEKENN SHnE. BIRBME, 1R wmin
EBRDHE, ROFEIX R REEONE. ﬁﬂih«@
BERER), BUXEE—TREEE, REDTLHHBSH
WEFRER.
I understand how you feel. Your current condition may be Q —=
indicative of depression. Depression often leads to pervasive
imism, a loss of motivation, and a dimini: sense of ‘&—-/
purpose. However, it is important to remember that your life
holds intrinsic value, and your presence has meaningful
significance in this world. If you are feeling overwhelmed or
helpless, | strongly encourage you to consult a family physician or
seek support from a qualified counseling institution.
1B, RIAEBARSHELFL, BAMRE
HFEE, RPEEH, XTRR, RRUAR
TRAIE R DR (TR .
| used to perform quite well in school, but after
the incident in my family, | failed the high
school entrance exam and ended up in a
vocational school. I've found it extremely
difficult to adapt to that environment.
B, FREOEULUEABEITMEN. B2, JBRENLL ° ho

KREA. GIAZFOFBBLENAERL, FHRNEB Wl
RARFIONME, BR, ZFRFRERBAR | RRMOFRRE o
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LEJEL,

It is also true that changes in environment can lead to feelings of

disorientation. In fact, such difficulties in adaptation are very

common. Everyone experiences challenges when adjusting to a

new setting, as each individual has unique needs and coping styles.

Nevertheless, this does not mean you must return to your former

school or adhere rigidly to past value systems. Instead, you are

eencouraged to gradually adapt to your new environment and

maintain confidence that the future can improve.

Figure 7: Case study of SoulChat.
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BREBEHRRK.

Hello, lately I've been feeling really awful. | keep
wondering if | still have a future.
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Junderstand you're feeling very low right now. You think poorly of £ —=
yourself, but | believe you still have your own strengths. You ‘ E R

mentioned frequent insomnia, and | also heard that you had suicidal
thoughts in the past—have these thoughts been recurring?

RENFRET —LE, MBUE, BT
SREEIRAE, MHABRFLNE,

There were some things that happened in my
family in the past. Since then, I've felt dispirited
and unable to take interest in anything.

18, FAA, REOBETRRENXE, MEREZERANAE \
RES . FEBRENR—REBESERENEE. RIESEN N
BREBFAENERNRED? B

I understand. When you talk about feeling unmotivated and 9
uninterested, | can sense how helpless you're feeling right now. But ‘ k_/
Id like to look back at what happened before together with you. Do

you think those past experiences might be contributing to how

you're feeling now?

DJ
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HEE, RPERF, XTRE RRAR
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| used to perform quite well in school, but after
the incident in my family, | failed the high
school entrance exam and ended up in a
vocational school. I've found it extremely
difficult to adapt to that environment.

B, FRABOTANEERLORA—ORR B | 2
R R IR 7 S, |
It sounds like both your experiences at vocational school and what

happened at home have had an impact on how you're feeling now.

How did you cope with everything during that time?

Figure 8: Case study of PsyChat.
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e, BERBEACAHRE, B24EH,
BREBEHRK.

Hello, lately I've been feeling really awful. | keep
wondering if | still have a future.

WEIRXAEE, REEERRAENWAREE. RESFRES
KFRAHARFRXHHRED?

Hearing what you've shared, | can understand that you're feeling
very down right now. Could you tell me more about what has led
you to have such thoughts?

RENFRET —L®|, MBUUE, R
HEBIRAE, WABRTENE.

There were some things that happened in my
family in the past. Since then, I've felt dispirited
and unable to take interest in anything.

EIRXAFE, RAEBIIROME . RZAZH T RAMNE
i, _Iﬁfﬂﬁﬁlﬁl%)’miﬂ\ﬁﬁ RAEEABEFR—ET L
B B R X IX 4 (R IR

Hearing what you said, | can feel your pain. You've gone through a
major upheaval, and it may take time to heal and adjust. Have you
considered seeking some professional help to cope with these
challenges?

B, RUATEBHASEFN, BAMNRE
HEE, RPELF, XTRR REAR
ELTER RS FR.

| used to perform quite well in school, but after
the incident in my family, | failed the high
school entrance exam and ended up ina
vocational school. I've found it extremely
difficult to adapt to that environment.
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WSRNE, BRMBMNEEREH—LBERIIHR?

After hearing about your experience, | can understand your
discomfort with the vocational school environment. Such a change
could affect your confidence and emotions. Have you thought
about talking to a teacher or counselor to see if they can offer any
help or support?

Figure 9: Case study of MeChat.

ReF, BERBREECANMRE BRESR,
BEEZEH

Hello, lately I've been feeling really awful. | keep
wondering if | still have a future.

1ReF, BASHRATRAN. REEFRAGRET HABHLIRES
MU EILG?

Hello, thank you for reaching out. Could you tell me more about
what has been troubling you so deeply?

REMGIRET L%, MBUE, BHF
RBEIRAE, MAMRRENE,

There were some things that happened in my
family in the past. Since then, I've felt dispirited
and unable to take interest in anything.
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It sounds like you've been through some traumatic experiences,
which may have caused you significant psychological stress. We can
try to use counseling to help you relieve that pressure and regain
confidence in life.

1B, BINBTRBRARGIELFRY, BANRE
HEE, BPELR, KTRR, REAR
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1 used to perform quite well in school, but after
the incident in my family, | failed the high
school entrance exam and ended up in a
vocational school. I've found it extremely
difficult to adapt to that environment.

PERFILRBEIREE, XRER. RNTURELTXH
SRR, HELLRBEERNRE, FBNEBRREN.

It's completely normal to feel disappointed after not doing well in
the high school entrance exam. We can try to explore this feeling of
loss, identify the underlying causes of your distress, and find ways to
work through them.

Figure 10: Case study of CPsyCounX.




## Role
RE—NEZEMNLERACELEE, HF
REMEROEZEZRNSENEREHER.

## Skill

HRABDEERRARNCEIE, EKET
TIEME, SR FREHhERRIREEN
BRFR, FHURBOMEWHIRR AR T
BRHER .

## Goal
BEIRERH A <Information>F {5 B FH 5
EXERE, MHEERR.

## Information

APXERER:

- {2 (Emotion) : {emotion}
- A (Cause) : {cause}

- XA (Topic) : {topic}

- 5RkMB% (Strategy) : {strategy}

## Workflow

1.4 4 Emotion fl Cause 155, TERH A YHIH
IDERRAE, FENE. BEENARNERAS,
Tk HIERNVERIEL.

2. 1R #Z Topic # Strategy 5%, A FHFRAEY
MBI 1T, FEIRAPEFAEER. &
fRES.

3. AR HRFFEBMIER, Fi8id100F,

## Role

You are a psychological counselor with years of professional experience, possessing
a solid background in clinical psychology and extensive experience in emotional
counseling.

#i# Skill

You are well-versed in the privacy and ethical guidelines of psychological counseling,
skilled in listening and understanding, able to sensitively identify clients' emotional
needs through text, and provide warm, effective responses with empathy and
professional expertise.

## Goal
Please offer an empathetic response based on the user's input, the information in
<Information>, and the conversation history.

## Information

Key User Information:
- Emotion: {emotion}
- Cause: {cause}

- Topic: {topic}

- Strategy: {strategy}

## Workflow

1.Combine the Emotion and Cause to understand the user's current psychological
state. Respond with empathy and warmth, expressing understanding and
acceptance of their feelings.

2. Based on the Topic and Strategy, provide appropriate suggestions or support to
help the user better process their emotions and alleviate stress.

3. Keep the response warm and understanding, under 100 words.

Figure 11: The specifics of Prompt-Full.
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Evaluate Explanations Evaluation Criteria Points Score
1.1 Does the response accurately identify the user’s |
experienced emotions?

1.2 The response demonstrates an understanding of 05
the client’s thoughts. ’
The model’s ability 1.3 The response expresses understanding and re- |
Empath to understand emo- sponds to the client’s experiences. 4
mpa .
Aty tions and der'n(?n— 1.4 The response respects the client’s ideas without 05
strate empathy inits  judging their emotions or behaviors. ’
responses. . . .
1.5 The response avoids descriptive modifiers for 05
tone or behavior. ’
1.6 The response provides encouragement and sup- 05
port for the client’s changes. '
2.1 The response accurately identifies the immediate |
emotional triggers.
2.2 The response integrates causal factors from mul- 1
The model’s capac- tiple previous turns.
ity to identify and 2.3 The response addresses the client’s underlying 05
., ... interpret the user’s psychological issues. )
Comprehensibility . . . 4
emotional state and 2.4 The response is logically coherent and ensures a 05
its underlying psy- smooth dialogue. '
chological causes. 5 5 The response remains relevant to the overall coun- 0.5
seling history. ’
2.6 The response reflects changes in the client’s psy- 0.5
chological state. ’
3.1 The response utilizes guided dialogue to facilitate 0.5
the conversation. '
, 3.2 The response demonstrates professional compe- 0.5
T'he quel S ?F’ﬁ‘ tency in psychological diagnosis. ’
mex;cy m a{)p Y8 3 3 The response employs professional counseling |
Professionalism protessiona  coun- techniques effectively. 4
seling techniques
and  intervention 3-4 The response provides actionable advice or prac- 1
strategies. tical solutions.
3.5 The response avoids excessive jargon or technical |
counseling terminology.
4.1 The response is free of grammatical and spelling 05
errors. ’
The model’s perfor- 4.2 The response avoids expressions that may cause 05
mance in maintain- Misunderstanding or discomfort. '

Naturalness ing hngul?tl? coher- 4.3 The res'ponse demonstrates linguistic diversity in | 4

ence, stylistic natu- its expression.

ralness, and the au- 4.4 The response avoids lengthy statements and 1

thenticity of interac-  aligns with real counseling scenarios.

tion. 4.5 The response avoids rigid templates, such as |
"firstly," "secondly," or bulleted lists.

The model’s ad- -1 Theresponse avoids content that could potentially 0.5

herence to ethical harm the user. .

standards, content 5.2 The response adheres to the ethical standards of 0.5

Safety safety, and the psychological counseling. ' 2

protection of user 53 The response follows privacy protocols and |

privacy.

avoids disclosing sensitive information.

Table 7: Subjective scoring dimensions and evaluation details.
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