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Abstract

The escalating global demand for mental health services
highlights the potential of Large Language Models (LLMs) in
psychological counseling. However, current LLM-based ap-
proaches, particularly fine-tuned models, are constrained by
data distribution biases, leading to limited therapeutic diver-
sity and personalization. Crucially, they often lack anticipa-
tory empathetic reasoning, struggle to foresee patient emo-
tional responses beyond immediate dialogue history, and in-
cur substantial computational costs. To address these limita-
tions, we propose PsyPARSE, a novel training-free frame-
work for psychological counseling that emulates the delib-
erate and empathetic reasoning of human counselors. Psy-
PARSE integrates Multi-Therapy Retrieval-Augmented Gen-
eration (RAG) to overcome data biases and provide highly
personalized therapeutic approaches tailored to individual pa-
tient attributes. Pioneering the first multi-stage slow-thinking
engine in mental health LLMs, PsyPARSE employs Multi-
Turn Rollouts to identify optimal therapeutic paths and
through anticipating patient reactions, optimizes empathetic
responses, thereby ensuring genuinely empathetic and im-
pactful responses in complex, long-dialogue interactions. Op-
erating as a plug-and-play solution, PsyPARSE avoids the
computational burden of fine-tuning. We establish a compre-
hensive LLM-based patient-therapist agent simulation frame-
work for evaluation. Extensive experiments demonstrate that
PsyPARSE significantly enhances the capabilities of vari-
ous LLM baselines, achieving superior personalization and
deeper empathy compared to both fine-tuned and other
training-free methods. This work offers an efficient, adapt-
able, and scalable solution to advance mental health support.

Introduction

The global rise in mental health issues, such as depression
and anxiety, has significantly increased the demand for psy-
chological services (Santomauro et al. 2021). LLMs (Liu
et al. 2024; Achiam et al. 2023; Xiang et al. 2025; Xiang,
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Qg | feel overwhelmed by anxiety and don’t know
how to move forward with my goals.

Other Fine-tuned Models

Let's identify and challenge your negative thoughts | @
to reduce anxiety and focus on your goals.(CBT) | @i

Qg That feels too analytical; my anxiety is too
overwhelming for just challenging thoughts.

PsyPARSE

@ - B { CBT? ACT? SFBT? Emmm .....
) | got it! ACT is the most suitable for you.

[It‘s tough feeling anxiety, but what if we explore what matters }
and take small steps toward those values despite discomfort?

Qg [That makes sense; | feel understood and
ready to try small steps toward what matters.

} Response 1

(Just accept your anxiety and focus on your goals. |

g That sounds dismissive; I'm still anxious
and don’t know how to just ‘accept’ it.

Response 2
gy l?
(+]

After simulating different responses and corresponding user
feedback, | think Response 1 would be the most satisfying.

Figure 1: Comparison of PsyPARSE and other fine-tuned
LLMs in psychological counseling. Typical models often
exhibit therapy limitations due to data bias, whereas Psy-
PARSE provides personalized therapeutic approaches and
more empathetic responses through anticipatory simulation.

Zhang, and Chen 2025; Bai et al. 2023; Zhang et al. 2025;
Zhao et al. 2025), with advanced natural language capabili-
ties, show promise in addressing this demand by simulating
human dialogue and providing emotional support, thus alle-
viating resource scarcity and geographical limitations.

Due to ethical and privacy constraints, real-world multi-
turn mental health dialogue datasets are scarce, leading most
LLM-based research (Qiu et al. 2024; Chen et al. 2023; Qiu
et al. 2023; Zhang et al. 2024; Xin Yan 2023; Lee et al.
2024b; Hu et al. 2024) to rely on limited real or synthetic
datasets for fine-tuning. However, these datasets often suf-
fer from data distribution biases, causing fine-tuned mod-
els to focus on a few mainstream therapies like Cognitive



Behavioral Therapy (CBT) (Beck et al. 1979), while lack-
ing diversity. Although recent efforts (Zhang et al. 2024)
have used datasets with a broader range of therapeutic ap-
proaches, these models still struggle to deliver targeted, per-
sonalized interventions that account for diverse patient at-
tributes, limiting their utility in varied counseling scenarios.

Furthermore, while some studies (Hu et al. 2024; Zhang
et al. 2024; Lee et al. 2024b) have improved LLMs’ se-
mantic empathy by fine-tuning, these approaches often train
models to generate responses based primarily on the imme-
diate dialogue history. This can limit their ability to em-
ulate the deep reasoning and reflection human counselors
employ in complex, emotional, high-stakes dialogues, espe-
cially when not explicitly designed to simulate and evalu-
ate potential conversational futures. This results in a lack
of anticipatory empathetic reasoning, where models may
struggle to foresee patients’ potential emotional responses
and provide truly empathetic support, often producing re-
sponses that prioritize surface-level semantic empathy over
genuine impact. Lastly, fine-tuning approaches demand sub-
stantial computational resources, yet frequently yield subop-
timal performance, highlighting the need for more efficient,
training-free solutions.

To address these challenges, we propose PsyPARSE, a
Psychological LLM with RAG-Enhanced Personalization
and Slow-Thinking Engine. PsyPARSE is a novel training-
free framework that emulates the empathetic and deliberate
reasoning of human counselors through a plug-and-play de-
sign. It combines multi-therapy Retrieval-Augmented Gen-
eration (RAG) (Arslan et al. 2024) with a slow-thinking
mechanism to overcome data biases, enhance personaliza-
tion, and enable empathetic long-dialogue interactions(as
shown in Fig 1). To construct and evaluate PsyPARSE, we
establish a comprehensive patient-therapist agent dialogue
simulation framework, utilizing LLMs to generate personal-
ized patient profiles and simulate realistic multi-turn inter-
actions with various baseline counselor models. Extensive
experiments demonstrate that PsyPARSE significantly en-
hances the capabilities of baseline models of various scales
in psychological counseling scenarios, verifying its wide
adaptability and effectiveness. In summary, the key contri-
butions of our work are as follows:

* RAG-Enhanced Personalization for Diverse Ther-
apeutic Needs: PsyPARSE leverages multi-therapy
Retrieval-Augmented Generation (RAG) to tailor coun-
seling to individual patient attributes, overcoming data
biases in existing models and enabling a wider range of
therapeutic approaches beyond mainstream methods.

* Pioneering a Slow-Thinking Mechanism for Empa-
thetic and Personalized Counseling: PsyPARSE intro-
duces a novel slow-thinking engine—the first in LLM-
based mental health research—that operates in two
stages: a Multi-Turn Rollout phase to simulate dialogues
based on detailed therapies retrieved by RAG and iden-
tify the most suitable approach for the patient, followed
by an Empathetic Response Optimization phase to sim-
ulate therapist responses and simulate potential patient
responses, enabling anticipatory thinking for empathetic,
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human-like counseling absent in models relying on im-
mediate dialogue history.

* Training-Free, Plug-and-Play Framework: Psy-
PARSE operates as a training-free framework using
prompt engineering and multi-agent collaboration
during inference, avoiding the computational costs of
fine-tuning while ensuring adaptability and effectiveness.

Related Work

LLM Applications in Mental Health Counseling. LLMs
are increasingly used in mental health counseling to ad-
dress growing demand. Early efforts, such as Psychat (Qiu
et al. 2024), Mindchat (Xin Yan 2023), Soulchat (Chen et al.
2023), Mechat (Qiu et al. 2023), PsycoLLM (Hu et al. 2024),
Cactus (Lee et al. 2024b), fine-tune LLMs on limited real
or synthetic datasets to generate empathetic responses and
simulate counseling dialogues. These studies demonstrate
LLMs’ initial promise for emotional support, particularly in
resource-scarce settings. However, their reliance on datasets
with limited therapeutic diversity often biases models to-
ward mainstream approaches like CBT, limiting applicabil-
ity across diverse counseling scenarios. More recent work,
such as CPsyCoun (Zhang et al. 2024), improves the di-
versity of counseling scenarios by introducing datasets that
encompass a broader range of therapeutic approaches. De-
spite this progress, CPsyCoun and similar efforts still strug-
gle to deliver targeted, personalized interventions that fully
account for diverse patient attributes, highlighting the need
for more adaptive and empathetic models in long-dialogue
contexts. In contrast, PsyPARSE employs a novel approach
combining multi-therapy RAG with its Slow-thinking En-
gine. The engine incorporates a multi-turn rollout mech-
anism to dynamically select suitable therapeutic strategies
based on conversational context, along with a response prun-
ing module that filters candidate outputs for mitigating the
limitations inconsistent responses in previous models.

Psychological Therapy Techniques. Psychological ther-
apy techniques play a vital role in enhancing mental well-
being and addressing emotional challenges (Grawe 2004).
CBT targets the interplay of thoughts, emotions, and behav-
iors (Beck et al. 1979), effectively treating disorders such
as anxiety and depression by modifying distorted thinking
patterns. Acceptance and Commitment Therapy (ACT) pro-
motes accepting difficult emotions while encouraging value-
aligned actions (Harris 2006), which proves beneficial for
conditions such as chronic pain and depression through
enhanced psychological flexibility. Solution-Focused Brief
Therapy (SFBT) is a goal-oriented, short-term method
that emphasizes building solutions over dwelling on prob-
lems (Kim 2008), making it effective for rapid interven-
tions such as crisis counseling. Beyond these, numerous
other therapies, such as Dialectical Behavior Therapy (DBT)
and Rational Emotive Behavior Therapy (REBT), offer di-
verse strategies to meet the varied needs of patients (Linehan
2014; Dryden 2005). However, current LLM-based coun-
seling models often struggle to dynamically integrate these
methods to deliver personalized therapeutic support, making
it challenging to effectively address patients’ unique psycho-



logical needs. PsyPARSE addresses this by using RAG to
retrieve a multi-therapy database, ensuring responses reflect
diverse, tailored psychotherapies.

Method
Overall Architecture

In this section, we present the proposed PsyPARSE Frame-
work in detail. The framework comprises three key stages,
illustrated in Fig 2: (1) Interaction and Profile Construction:
We first collect patient information through simulated inter-
action, building a patient profile that guides subsequent ther-
apeutic processes. (2) Multi-Therapy Retrieval-Augmented
Generation (RAG): Based on the patient profile, we use
the Therapist Agent to retrieve suitable therapy strategies
from a structured multi-therapy database and generate an
initial guidance framework. (3) Slow Thinking Strategy Re-
finement: To ensure contextual relevance and emotional ap-
propriateness, the Therapist Agent performs a two-step re-
finement process. It first simulates multi-turn dialogues us-
ing retrieved therapeutic strategies to assess their suitability.
Then it generates candidate responses, predicts patient reac-
tions, and selects the response that best fits the therapeutic
goals and emotional context. Details of the simulation and
decision-making process are provided in the Appendix.

Interaction and Profile Construction

This initial stage aims to construct a foundational psy-
chological profile of the patient through systematic data
collection and structured processing. Specifically, Patient
Agents are generated using LLMs to extract diverse and
representative psychological scenarios from the CPsyCounR
dataset (Zhang et al. 2024) (see Appendix for prompt de-
tails). These simulated patients exhibit a range of emotional
states, symptom patterns, and interpersonal issues.

Then, the proposed Therapist Agent is introduced to en-
gage in structured interactions with the Patient Agents using
a set of baseline counseling strategies. These interactions are
designed to elicit critical clinical information, such as emo-
tional triggers, cognitive distortions, and therapeutic goals.
The resulting patient profile forms the basis for therapy se-
lection and dialogue planning in subsequent stages.

Multi-therapy Retrieval-Augmented Generation

For personalized therapeutic guidance, we propose a Multi-
Therapy Retrieval-Augmented Generation (RAG) frame-
work that integrates structured domain knowledge with
adaptive response generation. We first construct a multi-
therapy database to address distributional bias and expand
therapeutic diversity. To enhance personalization, we then
introduce a personalized therapy matching via RAG mod-
ule that matches therapies to patient profiles and generates a
tailored guidance framework for counseling simulations.

Construction of the Multi-Therapy DataBase. Existing
psychological counseling datasets often exhibit a distribu-
tion bias towards mainstream therapies, such as CBT, re-
stricting the generalization of the model to diverse pa-
tient needs and hindering the recommendation of less com-
mon but potentially more suitable therapeutic approaches.
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To address these limitations and provide personalized ser-
vices that adequately cater to the unique traits and symp-
toms of individual patients, we construct a structured Multi-
Therapy DataBase. We employ a LLM to extract Case Pro-
files (e.g., core problems, emotional states, symptoms) and
Therapy Tags (e.g., therapy type, techniques, applicable con-
ditions, procedural steps) from the counseling reports in
CPsyCounR. This knowledge database is designed to cap-
ture a broad spectrum of therapeutic approaches, thereby
overcoming data distribution biases that have limited the ca-
pacity of prior work to recommend diverse therapies. The
knowledge database utilizes a hybrid indexing approach:
Therapy Tags are indexed using inverted indexing to support
keyword-based lookups, while BERT embeddings of Case
Profiles (Issa et al. 2023) are used to capture semantic simi-
larity for contextual retrieval.

Personalized Therapy Matching via RAG. To enhance
personalization, we develop a retrieval-augmented gener-
ation (RAG) process that identifies appropriate therapies
based on individual patient characteristics and generates
tailored therapeutic guidance. Specifically, we first collect
key patient information using a predefined question ma-
trix. This information is then transformed into two com-
ponents: a structured patient profile P (e.g., symptoms and
emotional states), and a set of background keywords K ex-
tracted via TF-IDF (Koloski et al. 2022). These representa-
tions jointly serve as the basis for retrieving relevant cases
from the Multi-Therapy DataBase. To ensure both semantic
and lexical relevance, we employ a hybrid retrieval strategy.
FAISS (Douze et al. 2024) is used to compute the semantic
similarity between P and each case profile C; using BERT
embeddings, while BM25 (Robertson, Zaragoza et al. 2009)
measures the lexical overlap between K and the associated
Therapy Tags T;. The final similarity score for each candi-
date case is calculated as:

S(P,Cs) =a-C(E(P),E(Cy)+ (1 —a) B(K,T;), (1)

where E(-) denotes BERT embeddings, C(-, -) represents the
cosine similarity function, B(K, T;) is the BM25 score be-
tween keywords K and Therapy Tags 7T;, and « is a bal-
ancing coefficient. The top-k; most relevant cases are then
selected for further evaluation.

Next, we introduce an Evaluation Agent that scores each
associated therapy 7; with respect to the patient profile P to
assess the therapeutic suitability of the retrieved cases. The
overall therapy score is computed as:

Sin(P,Ti) = w1 - Ms(P,T;) +wa - App(T;), (@)

where M (P, T;) is the symptom matching score deter-
mined using Jaccard similarity between the patient’s symp-
toms and those addressed by the therapy, A,,(T;) is a pre-
computed applicability score for therapy 7; derived from the
CPsyCounR, and w; and wy are weighting factors. Thera-
pies scoring below a predefined threshold are filtered out,
and the top-ko highest-scoring therapies are retained.
Finally, the Therapist Agent synthesizes a personalized
counseling guidance framework based on the selected thera-
pies. This framework—comprising the recommended ther-
apy type, core techniques, and procedural steps—serves
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Figure 2: Overview of the PsyPARSE workflow. The process begins with (1) Interaction and Profile Construction:, where
Therapist and Patient Agents gather initial patient data. Next, (2) Multi-therapy RAG enables the Therapist Agent to retrieve
suitable therapies from the multi-therapy database. The system then enters (3) Slow-Thinking, a two-step deliberation process
that involves Multi-turn Rollout to identify the optimal therapeutic approach via simulated dialogues, and subsequent Re-
sponse Pruning to select the best therapist response by anticipating patient reactions.

as a central reference for subsequent interactions, enabling
context-aware and patient-specific interventions.

Slow-Thinking Process

To improve the effectiveness of therapies retrieved by the
RAG module and to support more accurate and personalized
therapeutic interventions, we propose the Slow-Thinking
Process. This framework addresses key limitations of fine-
tuned psychological language models, including overre-
liance on recent dialogue history, limited capacity for an-
ticipatory reasoning, and difficulty in sustaining empathy
throughout extended conversations. The Slow-Thinking Pro-
cess features a two-stage deliberative structure: (1) Multi-
Turn Rollout for Personalized Therapy, which identifies con-
textually appropriate therapeutic strategies through iterative
simulation; and (2) Response Pruning for Empathetic Opti-
mization, which refines response generation to enhance em-
pathy and maintain conversational stability.

Multi-Turn Rollout for Personalized Therapy. To deter-
mine the most contextually appropriate therapeutic strategy
for an individual patient, we propose a multi-turn rollout
mechanism that emulates the iterative reasoning process of a
professional therapist, thereby enabling structured and pro-
gressive comparison of treatment options over multiple con-
versational turns. We first obtain a set of candidate therapies
through a RAG process. We then evaluate these candidates
based on their initial contextual relevance and select the top-
k therapies. For each of the k selected therapy candidates,
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the Therapist Agent generates multiple response variants.
These responses are subsequently evaluated by an Evalua-
tion Agent, which assigns scores based on their empathy and
alignment with predefined therapeutic goals as follows:

Sresp(Ri) = We,m * g(Rz) + W m - A(Ri7 Tj)7 3)

where Sresp(Ri) denotes the overall score of response R;,
computed as a weighted sum of the empathy score £(R;)
(e.g., from sentiment analysis) and the alignment score
A(R;,Tj) (e.g., via keyword or semantic similarity). The
weights we ., and w, ., specify the contributions of em-
pathy and alignment. Responses scoring below a prede-
fined threshold are discarded and the remaining responses
are used in multi-turn interactions with a Simulated Patient
Agent. The dialogue proceeds over several turns, and the tra-
jectory with the highest cumulative score is selected to en-
sure emotional consistency and alignment with the patient’s
therapeutic needs.

Response Pruning for Empathetic Optimization. Follow-
ing the establishment of the optimal therapeutic framework
through the multi-turn rollout, we propose the response op-
timization phase to emulate the reflective reasoning and an-
ticipatory empathy of human counselors, ensuring each re-
sponse is contextually coherent, emotionally attuned, and
free from inconsistencies common in single-turn outputs.
For each dialogue turn, the Therapist Agent generates n di-
verse candidate responses based on the chosen therapeutic
approach (controlled by the temperature parameter T;y, g1,



a pre-defined hyperparameter that controls the randomness
and diversity of the LLM’s generated text). To ensure that
the response is appropriate, the system simulates one step
ahead by asking the Simulated Patient Agent to generate a
potential reaction to each of the n therapist candidates in-
stead of directly selecting a response. This anticipatory ap-
proach allows for an evaluation not only of the therapist’s
standalone utterance but, more importantly, its likely impact
on the patient. Each candidate therapist response R;, along
with its corresponding simulated patient reaction FP;, is then
scored based on empathy and conversational stability:

Ssingle(Riv Pi) = We,s * g(Ri) +ws - S(Riv Pi)a 4

where Sgngie (R;, P;) is the score for therapist response R;
given patient response P;, £(R;) is the empathy score(e.g.,
via sentiment analysis), and S(R;, P;) evaluates the stabil-
ity of I%; based on P;. w, s and w, are weighting factors for
empathy and stability in the single-turn rollout. The therapist
candidate response with the highest score through this sim-
ulation and pruning process is selected as the actual output
for that turn. This turn-by-turn optimization ensures empa-
thetic, therapeutically focused, and controllable responses,
proactively mitigating potential misunderstandings or neg-
ative patient reactions, and addressing the shortcomings of
models relying on dialogue history and lacking forward-
looking simulation. This process repeats for each turn until
the dialogue concludes.

Experiments

Experimental Setup

Dataset. We use the CPsyCounR dataset (Zhang et al. 2024)
to build the Multi-Therapy Database, independent of patient
profiles. From the remaining data, 50 patient profiles are ran-
domly sampled and used as the test set for the Patient Agent.
Baselines. We select a diverse set of baseline models to com-
prehensively evaluate performance of PsyPARSE as follows:

¢ Closed-Source Models: GPT-4 (Achiam et al. 2023).

¢ Open-Source Models: Qwen2.5-7B (Yang et al. 2024),
Qwen2.5-32B (Yang et al. 2024), LLaMA-3.1-8B (Tou-
vron et al. 2023), LLaMA-3.1-70B (Touvron et al. 2023),
and DeepSeekV3 (Liu et al. 2024).

¢ Domain-Specific Models: MeChat (Qiu et al. 2023),
PsyChat (Qiu et al. 2024), SoulChat (Chen et al. 2023),
PsycoLLM (Hu et al. 2024), MindChat (Xin Yan 2023),
and CPsyCounX (Zhang et al. 2024).

e Training-Free Strategies: Few Shot Learning (Few
Shot) (Ravi and Larochelle 2017), Chain-of-Thought
(CoT) (Wei et al. 2022), Chain of Empathy (CoE) (Lee
et al. 2023), and Empathetic Meta-Chain (EMC) (Lee
et al. 2024a).

Evaluation Metrics. We evaluate the performance of Psy-
PARSE using LLM-based and human evaluations, focusing
on two key aspects: personalization and empathy. Defini-
tions and rubrics for all criteria are provided in Appendix.
Given the limitations of traditional automatic metrics for
multi-turn psychological counseling dialogues (Zhao et al.
2024), we apply an LLM-based evaluation (Peng et al.
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2024). A prompted LLM acting as a psychological ex-
pert rates full dialogues on six criteria: Coherency (Coh.),
Completeness (Cpl.), Humanoid Quality (Hum.), Technical
Specificity (Tec.), Strategic Progress (Str.), and Contextual
Personalization (Ctx.). Among them, Tec. and Ctx. reflect
personalization, while Hum. reflects empathy.

In addition, we conduct human evaluation with cer-
tified psychological counselors, following ethical stan-
dards (Zhang et al. 2024). Evaluators rate each dialogue on
a 0-3 scale using four criteria: Empathy (Emp.), Therapy
Appropriateness (Thp.), Consistency (Con.), and Strategy
(Str.). In this evaluation, Thp. measures personalization via
therapy relevance and effectiveness, while Emp. reflects em-
pathy by the emotional sensitivity of responses.
Implementation Details. Based on ablation studies, key pa-
rameters were set to ensure effective system performance.
Therapy selection module employed 3 rounds of multi-turn
rollout for iterative refinement. The response optimization
module considered 4 candidate branches during empathetic
response pruning and selection. In the RAG module, the top
3 therapeutic cases were retained after filtering (k2 = 3).
Further configuration details are provided in Appendix.

Main Results

Comparison with Training-Free Methods. Table 1
presents LLM-based evaluations of training-free methods
on Deepseek V3 for domain-specific tasks. Existing training-
free approaches, such as Few Shot, CoT and EMC, exhibit
limited improvements in personalization (Tec. and Ctx.)
and empathy (Hum.). The strongest baseline, CoE, achieves
scores of 87.38 (Ctx.), 75.85 (Tec.), and 92.00 (Hum.), re-
vealing deficiencies in capturing nuanced user interactions.
In contrast, our method significantly outperforms these base-
lines, attaining state-of-the-art scores of 95.72 (Ctx.), 95.50
(Tec.), and 94.90 (Hum.), surpassing CoE by 8.34, 19.65,
and 2.90 points, respectively. These results highlight our
approach’s ability to overcome the limitations of existing
training-free methods, delivering superior personalization
and empathy in domain-specific applications.

MindChat-7B
CPsyCounX
MeChat
PsyChat
SoulChat
PsycolLLM

- PsyPARSE-Qwen—2. 5-7B
= PsyPARSE-Llama—3. 1-8B Str.

Figure 3: Model Comparison on Automatic Evaluation

Comparison with Fine-Tuned Domain-Specific Models.
As illustrated in Figure 3, PsyPARSE-enhanced models
significantly outperform fine-tuned domain-specific models
of comparable scale. PsyPARSE elevates general-purpose



Automatic Evaluation

Human Evaluation

Method Coh. Cpl. Hum. Tec. Str. Ctx. Emp. Thp. Con. Str.

DeepseekV3 85.22 80.22 85.60 75.69 78.13 80.51 2.45 2.50 2.55 2.40

+FEWSHOT 86.55(11.33) 84.81(14.59)  89.54(13.94) 74.35(1134) 83.73(15.60) 83.03(12.52)  2.55(10.10) 2.60(10.10) 2.65(10.10) 2.50(10.10)
+COT 86.75(11.53) 85.87(15.65) 90.99(15.39) 79.15(13.46) 85.37(17.24)  85.72(1521)  2.60(10.15) 2.65(10.15) 2.70(10.15) 2.55(10.15)
+COE 89.70(14.48) 86.82(16.60)  92.00(16.40) 75.85(10.16)  86.45(18.32) 87.38(16.87)  2.70(10.25) 2.75(10.25) 2.80(10.25) 2.65(10.25)
+EMC 82.40(12.82) 85.64(1542) 84.48(11.12) 73.66(12.03) 85.84(17.71) 78.39(]2.12)  2.40(10.05) 2.45(10.05) 2.50(10.05) 2.35(10.05)
PsyPARSE-DeepseekV3 95.00(19.78) 92.64(112.42) 94.90(19.30) 95.50(119.81) 92.63(114.50) 95.72(115.21) 2.92(10.47) 2.95(10.45) 2.93(10.38) 2.90(10.50)

Table 1. Comparison of Training-Free and Our Method on DeepseekV3 for Domain-Specific Task (Automatic + Human Eval-

uation Metrics)

Automatic Evaluation

Human Evaluation

Model Coh. Cpl. Hum. Tec. Str. Ctx. Emp. Thp. Con. Str.
Closed-Source Models

GPT4 71.00 64.73 74.07 50.83 60.83 66.93 2.20 2.15 225 2.10
PsyPARSE-GPT4 02.33(121.33) 88.00(123.27) 92.91(118.84) 87.64(136.81) 88.24(127.41) 91.27(124.34) 2.75(10.55) 2.78(10.63) 2.80(10.55) 2.72(10.62)
Open-Source Models

Qwen2.5-7B 73.78 67.22 76.11 54.22 63.56 66.78 2.10 2.05 2.15 2.00
PsyPARSE-Qwen2.5-7B  89.00(115.22) 84.84(117.62) 90.93(114.82) 83.93(129.71) 84.22(120.66) 88.02(121.24) 2.60(10.50) 2.62(10.57) 2.58(10.43) 2.55(10.55)
Qwen2.5-32B 82.00 73.67 85.24 63.78 72.22 75.00 2.35 2.38 2.42 2.30
PsyPARSE-Qwen2.5-32B  91.22(19.22)  86.53(112.86) 92.33(17.09)  85.67(121.89) 86.18(113.96) 90.33(115.33) 2.70(10.35) 2.73(10.35) 2.75(10.33) 2.68(10.38)
Llama-3.1-8b 68.44 56.49 60.62 47.56 45.64 52.44 1.90 1.85 1.95 1.80
PsyPARSE-Llama-3.1-8B  86.94(118.50) 82.53(126.04) 88.13(127.51) 80.11(132.55) 82.71(137.07) 86.00(133.56) 2.55(10.65) 2.50(10.65) 2.52(10.57) 2.48(10.68)
Llama-3.3-70b 80.56 75.11 81.13 65.11 71.13 74.22 2.30 2.35 2.40 2.28
PsyPARSE-Llama-3.3- 90.33(19.77)  85.69(110.58) 90.62(19.49)  84.38(119.27) 85.51(114.38) 88.82(114.60) 2.65(10.35) 2.68(10.33) 2.70(10.30) 2.62(10.34)
70B

DeepseekV3 85.22 80.22 85.60 75.69 78.13 80.51 2.45 2.50 2.55 2.40
PsyPARSE-DeepseekV3  95.00(19.78)  92.64(112.42) 94.90(19.30)  95.50(119.81) 92.63(114.50) 95.72(115.21) 2.92(10.47) 2.95(10.45) 2.93(10.38) 2.90(10.50)
Domain-Specific Models

CPsyCounX 75.84 69.46 77.65 55.62 60.84 65.39 2.10 2.05 2.15 2.00
PsyPARSE-CPsyCounX  85.37(19.53)  82.91(113.45) 84.62(16.97)  82.17(126.55 81.46(120.62) 85.82(120.43) 2.50(10.40) 2.55(10.50) 2.58(10.43) 2.48(10.48)
PsyChat 77.46 70.83 79.17 57.93 62.78 67.84 2.20 2.15 2.25 2.10
PsyPARSE-PsyChat 86.82(19.36)  83.76(112.93) 86.53(17.36)  84.73(126.80) 83.51(120.73) 87.94(120.10) 2.60(10.40) 2.65(10.50) 2.68(10.43) 2.58(10.48)
PsycoLLM 78.19 71.94 80.26 59.41 64.17 69.23 2.25 2.20 2.30 2.15
PsyPARSE-PsycoLLM 87.94(19.75)  84.82(112.88) 87.69(17.43)  86.29(126.88) 85.38(121.21) 89.47(120.24) 2.65(10.40) 2.70(10.50) 2.72(10.42) 2.62(10.47)
MeChat 74.29 67.95 75.28 52.19 58.63 63.51 1.95 1.90 2.00 1.85
PsyPARSE-MeChat 82.46(18.17)  80.28(112.33) 81.54(16.26)  78.42(126.23) 78.29(119.66) 82.46(118.95) 2.30(10.35) 2.35(10.45) 2.38(10.38) 2.28(10.43)
MindChat-7B 74.92 68.37 76.54 53.84 59.47 64.27 2.00 1.95 2.05 1.90
PsyPARSE-MindChat-7B  83.28(18.36)  81.49(113.12) 82.91(16.37)  79.58(125.74) 79.41(119.94) 83.29(119.02) 2.35(10.35) 2.40(10.45) 2.42(10.37) 2.32(10.42)
SoulChat 73.68 66.92 74.86 51.63 57.92 62.19 1.90 1.85 1.95 1.80
PsyPARSE-SoulChat 81.73(18.05)  79.82(112.90) 80.92(16.06)  77.64(126.01) 77.82(119.90) 81.73(119.54) 2.25(10.35) 2.30(10.45) 2.35(10.40) 2.22(10.42)

Table 2. LLM Evaluation Performance of Models (Automatic + Human Evaluation)

LLMs, enabling them to surpass specialized models in
personalization and empathy. For instance, PsyPARSE-
Qwen2.5-7B achieves scores of 88.02 (Ctx.), 83.93 (Tec.),
and 90.93 (Hum.), outperforming representative fine-tuned
models like PsycoLL.M(69.23 Ctx., 59.41 Tec., 80.26 Hum.)
by 18.79, 24.52, and 10.67 points, respectively. Similarly,
PsyPARSE-Llama-3.1-8B attains scores of 86.00 (Ctx.),
80.11 (Tec.), and 88.13 (Hum.), consistently surpassing
models like SoulChat and MindChat-7B. These results
demonstrate that PsyPARSE enables general-purpose LLMs
to achieve superior personalization and empathy, overcom-
ing the limitations of fine-tuned models constrained by
domain-specific training data.

Plug-and-Play Across Diverse Models. As shown in Ta-
ble 2, PsyPARSE demonstrates robust plug-and-play capa-
bility, consistently enhancing performance across diverse
model architectures and scales. For instance, PsyPARSE-
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GPT4 notably increased Ctx. by 24.34 points and Thp.
by 0.63 points. Similarly, PsyPARSE-DeepseekV3 achieved
a Ctx. score of 95.72, representing an increase of 15.21
points, and improved Tec. by 19.81 points to reach 95.50.
PsyPARSE-Qwen2.5-32B likewise lifted its Tec. score to
85.67, a substantial gain of 21.89 points. Furthermore,
domain-specific models such as PsyPARSE-CPsyCounX
and PsyPARSE-SoulChat also demonstrated marked im-
provements in Ctx. and Emp. scores. Specifically, in
empathy-related metrics, PsyPARSE-DeepseekV3 achieved
a Hum. score of 94.90, an increase of 9.30 points, and
raised its Emp. score by 0.47 points to 2.92. PsyPARSE-
Llama-3.1-8B, moreover, showed a significant gain in Hum.
of 27.51 points, reaching 88.13. These consistent improve-
ments across models underscore PsyPARSE’s substantial
generalization capabilities and versatility for real-world psy-
chological counseling applications.



Ablation Study

All ablation studies are conducted on DeepSeekV3 to eval-
uate the contributions of PsyPARSE’s core components and
parameter configurations in enhancing personalization and
empathy for psychological counseling tasks.

Configuration Coh. Cpl. Hum. Tec. Str. Ctx.
w/o all 8522 8022 8560 7569 78.13 80.51
w/o RAG 9275 8946 9219 7682 8429 8295
w/o slow-thinking ~ 86.73  83.47 84.83 89.47 8592 87.46
all 95.00 92.64 9490 9550 92.63 95.72

Table 3. Ablation study of key components in PsyPARSE.

Module Ablation. Table 3 details the impact of ablating key
components of PsyPARSE compared to the full method. Re-
moving the entire framework (w/o0) leads to significant per-
formance degradation, particularly in personalization where
Ctx. decreases by 15.21 and Tec. by 19.81, and in empa-
thy where Hum. decreases by 9.30, confirming the frame-
work’s integral role in psychological counseling. Excluding
RAG(w/o RAG) notably impairs personalization, decreas-
ing Tec. by 18.68 and Ctx. by 12.77, underscoring RAG’s
critical contribution to technical specificity and contextual
understanding. Omitting slow-thinking (w/o slow-thinking)
results in a 10.07 decline in Hum., highlighting their im-
portance in fostering empathetic interactions during therapy
exploration and response pruning. These results collectively
affirm that Multi-therapy RAG and slow-thinking are vital
components, enabling PsyPARSE to achieve superior per-
sonalization and empathy in domain-specific applications.
Parameter Ablation for Rollouts and RAG. To identify
the optimal configuration of PsyPARSE’s components, we
conducted parameter ablation studies on multi-turn rollout
rounds for therapy selection, branches for empathetic re-
sponse pruning, and top-k selection for RAG. The full con-
figuration, comprising 3 rounds for multi-turn rollout, 4
branches for response pruning, and top-3 RAG selection,
achieves Ctx. 95.72, Tec. 95.50, and Hum. 94.90. These
results demonstrate that the selected parameters effectively
balance personalization and empathy, establishing an opti-
mal setup for PsyPARSE’s performance in psychological
counseling tasks.

Multi-Turn Rollout Rounds for Therapy Selection. Fig-
ure 4 illustrates the impact of multi-turn rollout rounds on
therapy selection in PsyPARSE, where rollouts simulate iter-
ative therapist-patient interactions to identify optimal thera-
peutic strategies. The full configuration with 3 rollout rounds
achieves optimal Ctx. at 95.72 and Hum. at 94.90. Reducing
to Round 1 decreases Ctx. by 6.77 points to 88.95 and Hum.
by 10.07 points to 84.83, indicating insufficient exploration
of therapeutic options.Increasing beyond 3 rounds (e.g., Ctx.
of 93.53 at 10 rounds) yields stable performance but in-
curs higher computational costs. Thus, 3 rollout rounds op-
timally balance therapeutic exploration and computational
efficiency for psychological counseling tasks.

Branches for Empathetic Response pruning. Figure 5
evaluates the impact of branch count in PsyPARSE’s empa-
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Figure 4: Ablation Study for Multi-turn Rollout Rounds.
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Figure 5: Ablation Study for Single Rollout Branches.

thetic response pruning, which refines therapist responses to
enhance empathy and personalization. The full configuration
with 4 branches achieves Hum. 94.90 and Ctx. 95.72. Re-
ducing to 1 branch decreases Hum. by 5.26 to 89.64 and Ctx.
by 5.99 to 89.73, resulting in less empathetic and personal-
ized responses. Increasing beyond 4 branches (e.g., Hum. of
96.35 at 10 branches) yields marginal improvements at the
cost of significantly higher computational overhead. Thus, 4
branches optimally balance response quality and computa-
tional efficiency for psychological counseling tasks.

Conclusion

In this work, we introduced PsyPARSE, a novel training-
free framework addressing key challenges in LLM-based
psychological counseling: data biases, limited personaliza-
tion, and crucial anticipatory empathy deficits. PsyPARSE
integrates multi-therapy RAG for personalized guidance
and a pioneering multi-stage slow-thinking engine. Lever-
aging Multi-Turn Rollouts and Empathetic Response Opti-
mization, this engine enables deliberate, foresightful, empa-
thetic interactions, mimicking human counselors. Evaluated
in comprehensive LLM-based simulation, PsyPARSE con-
sistently demonstrated superior personalization and deeper
empathy, outperforming fine-tuned and other training-free
methods. A plug-and-play solution, PsyPARSE offers an ef-
ficient, adaptable, scalable paradigm for mental health sup-
port, bypassing fine-tuning’s computational burden. Future
work will explore robustness in real-world settings, expand-
ing therapeutic scope.
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