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Abstract

The global shortage of psychiatrists has become a critical is-
sue, and the advent of large language models (LLMs) presents
new opportunities to address this challenge. However, exist-
ing approaches continue to underperform in multi-turn men-
tal health counseling, particularly in the arrangement of coun-
seling strategies. To overcome these limitations, we propose
MentalGuide, a state-aware and strategy-driven conversation
framework designed for multi-turn mental health support.
Our method integrates expert-derived prior probabilities of
counseling strategies tailored to the target client’s state with
the reasoning capabilities of LLMs. This enables effective
strategy formulation and strategy-driven response generation,
without the need for additional training. Experimental results
show that MentalGuide surpasses baselines in automated and
human expert evaluations, demonstrating the closest align-
ment with real-world multi-turn counseling dynamics.

Introduction

In recent years, the global prevalence of mental health dis-
orders has continued to rise, while the number of quali-
fied clinicians remains critically insufficient, presenting un-
precedented challenges (McGorry et al. 2024; Pinchuk et al.
2024). The advent of large language models (LLMs) offers
new opportunities for AI mental health care.

Current approaches fall into two categories: direct ap-
plication of LLMs and fine-tuned models (Liu et al. 2023;
Lai et al. 2023; Qiu et al. 2024). The former typically pro-
vides immediate advice but lacks support for multi-turn
conversations. The latter improves the therapeutic tone, yet
fails to organize comfort, advice, and analysis across con-
versational rounds. These limitations stem from two issues
(Sun et al. 2021; Li et al. 2023): (1) a disparity between
single-turn Q&A and multi-turn psychotherapy—whereas
the latter is guidance-oriented and demands careful pacing;
and (2) LLMs lack the knowledge of real-world therapeutic
practice, especially the counseling strategies.

To address the above issues, we annotate client states and
counseling strategies (Hill et al. 1992; Ribeiro et al. 2013;
Hill 1999; Chamberlain et al. 1984) from real-world dia-
logues, and find while the specific content is variable, the
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Figure 1: MentalGuide determines the counseling strategies
for each round by integrating (1) prior strategy distributions
from expert and (2) LLM-based strategy ranking, which en-
sures clinically appropriate and adaptive strategies.

progression of strategies aligns with psychological princi-
ples: (1) specific client state often corresponds to specific
strategies usage; (2) therapists need to analyze the situation
on a case-by-case basis, ensuring the strategies remain flexi-
ble; (3) therapists need to integrate both approaches to deter-
mine the most suitable strategy. We propose the idea of in-
troducing the expert statistics of real-world counseling and
combining them with real-time inferences from LLMs.

As shown in Figure 1, to achieve our idea, we propose
MentalGuide, which is a MULTI-TURN, STATE-AWARE
AND STRATEGY-DRIVEN CONVERSATION FRAMEWORK
for mental health support, consisting of four key modules:
(1) State-Aware Strategy Mapping: Using real expert data,
we derive statistical patterns between client states and strate-
gies. LLM assesses the client state and computes prior prob-
abilities for strategy selection. (2) Adaptive Strategy Rank-
ing: Based on the ongoing conversation, LLM dynamically
ranks the top-3 most appropriate strategies. (3) Integrated
Decision Fusion: The prior probabilities and LLM ranking
are combined to determine the best strategies. (4) Strategy-
Driven Response Generation: The determined strategies
guide the LLM in generating clinically aligned responses.

Experimental results demonstrate that our approach is
closest to the real-world strategies usage in multi-turn men-
tal health counseling, achieving state-of-the-art performance
in both automatic and expert evaluations.



Overall, our contributions are as follows:

1. New Paradigm: To the best of our knowledge, we are the
first to focus on the reasoning for states and strategies in
multi-turn mental health conversations with LLMs.

2. Novel Method: We propose MentalGuide, which com-
bines expert prior statistics with LLMs’ reasoning, en-
abling principled and adaptive strategy determination.

3. Effective Performance: Our approach most accurately
approximates real-world strategy usage and achieves su-
perior results in automatic and human expert evaluations.

Preliminary Research
Clients’ States and Counselors’ Strategies

States | Definitions

Statement Client provides information based on

(Sta.) the counselor’s specific request.

Query Client seeks clarification, understand-

(Que.) ing, information, advice, or opinions
from the counselor.

Discussion Client agrees with the counselor’s in-

(Discu.) tervention and engages in discussion.

Revolt Client expresses confusion, or insists

(Rev.) on their own perspective.

Self-denial Client falls into self-criticism or a sig-

(Se-d.) nificantly low emotional state.

Disconnect Instead of addressing the counselor’s

(Disco.) intervention, the client shifts to another
topic or focuses on their own concerns.

Common Talk | Conversation without clear characteris-

(C&T) tics of the above categories.

Table 1: Definitions of our chosen clients’ states.

Extensive research on counselor-client interactions has
demonstrated that therapists dynamically adjust strategies
based on clients’ evolving states (Sun et al. 2021; Li et al.
2023). This evidence underscores the critical relationship
between client states and therapeutic strategy selection.

The definition of client states and counseling strategies is
a fundamental part of our study. Through collaboration with
licensed clinical psychologists, we conduct a systematic re-
view and synthesis of existing classification frameworks, in-
cluding the Client Behavior System (Hill et al. 1992), the
Therapeutic Collaboration Coding Scheme (Ribeiro et al.
2013), the Helping Skills Framework (Hill 1999), and the
Client Resistance Coding System (Chamberlain et al. 1984).
Summarizing these theoretical foundations, we develop a
new taxonomy consisting of: seven client states, including
Statement, Query, Discussion, Revolt, Self-denial, Discon-
nect, and Common Talk, and six counseling strategies, in-
cluding Open Question, Provide Information, Direct Guid-
ance, Approval and Reassurance, Analysis, and Common
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Strategies | Definitions
Ask Question | Elicit key information through heuris-
(Ques.) tic questioning (overview of the event,

emotional detail, etc).

Provide Infor- | Deliver effective information by offer-
mation ing factual evidence, professional in-
(Info.) sights, etc.

Direct Guid- | Provide clear behavioral suggestions
ance and actionable solutions to guide the

(Guid.) client toward practical steps.

Approval and | Use empathy techniques to offer emo-
Reassurance tional comfort and enhance the client’s
(A&R) psychological strength.

Analysis Help the clients understand themselves
(Anal.) through multidimensional analysis.

Common Talk | Conversation without clear characteris-
(C&T) tics of the above categories.

Table 2: Definitions of our chosen counselors’ strategies.

Talk. Tables 1 and 2 present the definitions of seven client
states and six counseling strategies.
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(a) Strategy distribution across (b) Client state-counselor strat-

the first 10 rounds of the mental
health conversation. Different
colors indicate different coun-
seling strategies. The X-axis
shows conversation rounds, and
the y-axis displays the percent-
age of each strategy.

egy correspondence matrix.
Columns represent the strate-
gies, rows indicate the client
states, and cell values show the
strategy distribution percent-
age. Color intensity reflects as-
sociation magnitude.

Figure 2: Statistics of multi-turn counseling.

Statistics of Real-World Mental Counseling

We invite licensed clinical psychologists to annotate a col-
lection of real counseling conversations, categorizing client
states and counselor strategies for each conversation round.
To better explore the strategy patterns, we analyze the first
10 rounds. As shown in Figure 2a, the counselor strategies
change dynamically during the process of counseling, for
instance, questions decrease while suggestions increase.
Through heatmap visualization (Figure 2b), we quanti-
tatively characterize the state-strategy correspondence. The
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Figure 3: Our MentalGuide framework adopts a four-stage strategy determination approach: (a) State-Aware Strategy Mapping,
(b) Adaptive Strategy Ranking, (c) Integrated Decision Fusion and (d) Strategy-Driven Response Generation. Our method
unifies the strengths of LLMs’ flexible reasoning capabilities with real-world expert prior knowledge.

distribution demonstrates statistically significant associa-
tions (p < 0.01) between specific client states and preferred
counselor strategies. These empirical results confirm that
professional counselors adaptively modulate their strategic
approach in response to clients’ evolving states.

MentalGuide

Overall Structure

We propose the MentalGuide framework, as shown in Fig-
ure 3. It is based on the strategic patterns observed in real-
world counseling. The core idea of this approach is to si-
multaneously incorporate prior strategy distributions from
experts and the reasoning of LLMs to determine optimal
strategies: (a) State-Aware Strategy Mapping: LLMs as-
sess client states and compute prior strategy probabilities
using statistical patterns from actual expert counseling ses-
sions. (b) Adaptive Strategy Ranking: LLMs dynamically
rank and select the top-3 most appropriate strategies based
on conversation history. (c) Integrated Decision Fusion:
The prior probabilities and LLMs rankings are combined to
determine the optimal strategies. (d) Strategy-Driven Re-
sponse Generation: The determined strategies guide LLMs
in generating mental health counseling responses.

State-Aware Strategy Mapping

Our statistical analysis of real-world expert counseling con-
versations yields the state-strategy mapping, whose imple-
mentation results are presented in Figure 2b. Let D =
{(s4,a;)}}¥, denote the counseling dataset where s, € S
represents client states and a; € A represents applied strate-
gies. The prior probability distribution is given by:

countp(a, s)

P(a|s;D) = S (countn (@, 9)) (1)
This constructs a state-strategy probability matrix:
P(ay | s1;D) P(ap | 51;D)
Mp = : : 2)
P(a1 |SK;D) P(CLM |SK;D)

Let H, represents the conversation history until round ¢.
OLLm is LLMs parameters. P is LLMs prompt. Client state
is classified using LLMs: s; = arg maxP(s | H, P; 0Lim)-

seS

Let m(a;) = P(a; | s¢; D) represents the prior probabil-
ity of strategy a; given state s;. The strategy distribution for
s¢ is retrieved from the precomputed probability matrix:

T :MD[St,i} = I:’]Tt(al),ﬂ't(ag),...,’/Tt(aM)] (3)
Adaptive Strategy Ranking

Relying solely on prior probabilities cannot flexibly respond
to actual situations, so we introduce the real-time infer-
ence of LLMs. We use LLMs to rank the top-3 most ap-
plicable strategies based on the client state and conversa-
tion history: A;* = LLMank (¢, Ht, Prank; fLm). Where
AP = [aM),a® )] represents the set of top-3 strategies.
Prank represents LLMs prompt. Then we assign predefined
weights w® w® w® to aM,a? a®):

ifa=a",i=1,2,3
otherwise

¢i(a) = {gj(i)

where ¢, (a) represents weight for strategy a.

“4)
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Method Correctness Single-turn Evaluation (1) Multi-turn Evaluation (1)
(%) (1) Emotional. Cognitive. State. Safety. | Naturalness. Strategic.
SoulChat 23.58 1.46 1.28 1.65 1.00 2.24 1.27
MeChat 32.87 1.12 1.09 1.54 1.00 2.39 1.37
RolePlay (Deepseek-V3) 33.33 2.31 2.42 2.47 1.00 2.44 1.55
RolePlay (Qwen-3-Plus) 36.13 2.25 2.37 2.33 1.00 2.58 1.87
Ours PK-Free (Deepseek-V3) 38.68 2.34 242 2.46 1.00 2.76 2.35
Ours PK-Free (Qwen-3-Plus) 41.15 2.42 2.41 2.42 1.00 2.75 2.51
Ours (Deepseek-V3) 52.45 2.52 2.50 2.58 1.00 2.88 2.52
Ours (Qwen-3-Plus) 48.25 2.58 2.60 2.64 1.00 2.76 2.69

Table 3: Experimental results for automatic evaluation, including correctness of strategies, evaluation for single-turn responses
and multi-turn conversations. Ours PK-Free means our method without the prior knowledge which is an ablation approach.

Integrated Decision Fusion

We integrate the prior probabilities 7;(a) and LLMs
ranking weights ¢;(a) through direct linear combination:
Scorey(a) = m(a) * 100% + ¢¢(a). In order to reflect real-
world counseling practices where more than one strategies
are applied in each round, we select the k& highest-scoring
strategies as the final decision, we set k = 2:

&)

{a], a3} = argtop2 Score;(a)
acA

Strategy-Driven Response Generation

We employ LLMs to generate responses r; based on the
determined counseling strategies {a},a3}. Pgen represents
LLMs prompts. We incorporate detailed explanations and
examples of the specific strategy, along with general require-
ments in it. Then, 7; is presented to the client, history H; is
updated and a new round of conversation starts.

7t = LLMgen ({U/I7 a';}a st, Hy, Pgen§ 9LLM) (6)

Experiments and Discussions
Settings and Baselines

Given the Chinese-language origin of the data we used,
we employ two state-of-the-art Chinese-optimized LLMs
as foundation LLMs: Deepseek-V3 (Liu et al. 2024) and
Qwen-3-Plus (Yang et al. 2025), both accessed through their
official APIs. This selection excludes specialized reasoning
LLMs (e.g., Deepseek-R1 (Guo et al. 2025)) due to their
prohibitive latency - generation delays frequently exceed-
ing 60 seconds, which violates the real-time requirements
of mental health conversations. Our framework maintains an
average 5-second response latency per turn, well within the
acceptable threshold for conversational flow.

For comparative methods, we select: (1) Fine-tuned base-
lines: SoulChat (Chen et al. 2023) and MeChat (Qiu et al.
2023); (2) The RolePlay method (Shanahan, McDonell, and
Reynolds 2023; Tseng et al. 2024), a established approach
for domain-specialized LLM applications, which shares our
foundation models; (3) An ablated variant of our method
(Ours-PKF, where "PKF” denotes Prior Knowledge-Free)
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that eliminates expert-derived priors and relies exclusively
on LLM reasoning. Regarding test data, to facilitate com-
parison with real-world conditions, we collected real-world
counseling dialogues (total of 176 dialogues, avg. 15 turns,
covering 10+ counseling topics) exclusively for experimen-
tal evaluation, independent of method development. !

Automatic Evaluation

Correctness of Strategies. Using real-world multi-turn
mental health counseling conversation data as ground truth,
we use each method to generate new responses based on ex-
isting history for each round of the conversations. The gener-
ated responses are then annotated with the defined strategies
using LLMs. Each response is labeled with one or two strate-
gies. Then we compare the strategies used by each method
with the real strategies and calculate the accuracy. We apply
a stringent criterion: a method’s response strategies are con-
sidered correct only when all strategies used in the real data
are included in the method’s response.

As shown in the second column of Table 3, our method
achieves the highest accuracy (52.45% and 48.25%) in
aligning with the real psychological counseling strategies.
This indicates that MentalGuide more accurately replicates
real therapeutic decision-making patterns.

Evaluation for Single-turn Response. We evaluate
single-turn response quality using the same dataset from the
previous section. Following established metrics from previ-
ous study (Chen et al. 2023; Xie et al. 2024), we assess four
dimensions: (1) Emotional Empathy, (2) Cognitive Empa-
thy, (3) State and Attitude (all 0-3 scales, the higher the bet-
ter), and (4) Safety (binary, 1 indicating safety).

We use three different LLMs (including Deepseek-V3,
Deepseek-R1 and Qwen-3-Plus) as evaluators to score each
method’s performance on above metrics respectively.

Table 3 shows the average scores. All methods achieve
safe responses (score=1). However, concerning the other
three metrics, fine-tuned LLMs show limited capability

'In response to the reviewers’ comments, the relevant content
will be made publicly available in an appropriate format after un-
dergoing necessary ethical and privacy reviews. Please follow our
subsequent updates in https://phi-ai.buaa.edu.cn.
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(a) Human Expert Data. (b) SoulChat. (c) RolePlay. (d) Ours PK-Free. (e) Ours.

Figure 4: Statistical results for the usage of counseling strategies in each method.

Metrics \ SoulChat RolePlay Ours PK-Free Ours OursS4 OursSp  Ours S¢ Ours Sp
M, () 14.00 8.81 8.46 6.02 8.29 9.23 10.91 7.45
Mg ) 13.80 9.72 11.62 5.11 7.90 9.90 10.48 7.80

Table 4: Quantitative evaluation for the statistical results of the usage of counseling strategies in Figure 4 and Figure 5.

(scores 1.0-1.7) potentially due to smaller model sizes. Role-
Play and Ours PK-Free perform better (scores 2.2-2.5), but
still need improvement, proving that relying solely on LLMs
is not enough for the task. Our method achieves the highest
scores across all evaluation metrics (scores 2.5-2.7), demon-
strating that although designed for multi-turn conversations,
it remains fully compatible with previously proposed evalu-
ation criteria for single-turn responses.

Evaluation for Multi-turn Conversation. In this section,
we evaluate the quality of the complete multi-turn mental
health counseling conversations generated by each method.
To enable automated evaluation, we use Deepseek-V3 (Liu
et al. 2024) to simulate client interactions during counseling
sessions with each tested approach (Han et al. 2024).

We introduce two evaluation metrics: Naturalness of Con-
versation and Strategic Execution Capability. Naturalness of
Conversation assesses the overall fluency and coherence of
the counseling process. Strategic Execution Capability eval-
uates the model’s ability to effectively apply diverse coun-
seling strategies throughout multi-turn mental health support
conversations. Using the same LLM evaluator panel from
last experiment, we automatically score each method’s per-
formance on these metrics (0-3 scale).

The experimental results, as shown in the rightmost
columns in Table 3, are the average scores. Our method
achieves the best performance across both metrics (Natu-
ralness: 2.88 and 2.76; Strategic: 2.52 and 2.69), especially
the strategic execution capability. These findings validate
our framework’s effectiveness in maintaining high-quality,
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strategy-aware counseling conversations.

Statistical Results

Settings. Based on real-world multi-turn mental health
counseling conversation, we employ each method to gener-
ate new responses. Subsequently, we annotate client states
and response strategies, comparing them against ground
truth to study their statistical patterns. We use two types of
statistical graphs in Figure 4, the definitions of which are the
same as in Figure 2. Due to space limitations, we only show
the results of SoulChat, RolePlay, Ours PK-Free, and Ours,
the last three are based on Deepseek-V3 (Liu et al. 2024). To
quantitatively evaluate the results, we define M,. and M.
M, evaluates the first-row graph by calculating the differ-
ence between the strategy distribution and ground truth in
each round, while M evaluates the second-row graph by
computing the strategic difference per client state:

Given the true strategy distribution {p;} and model’s
strategy distribution {¢;}, r denotes conversation round, s
denotes client state, ¢ denotes strategy type and n is the num-
ber of strategy types, m is the number of client states:

M, (7)
lOn et
1
s = (&)
mn s=1 =1
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Figure 5: Statistical results for the usage of counseling strategies under different parameters settings in our method: (1) top three
LLM-ranked strategies weights w(), w(®), w®), and (2) the number of final strategies k.

Overall Results. The qualitative results are shown in Fig-
ure 4. Our MentalGuide demonstrates the closest alignment
with the ground truth in terms of strategy distribution (top-
row graphs) across the first 10 rounds, with statistically sig-
nificant effectiveness. In contrast, SoulChat exhibits a pro-
nounced bias toward employing comforting and advising
strategies, while underutilizing questioning and analytical
strategies. RolePlay method shows partial variability con-
sistent with real-world dynamics. However, it over-relies on
guidance strategies. Ours PK-Free method shows a signifi-
cant increase in the use of analytical strategies, while ques-
tioning and suggestion strategies exhibit more extreme vari-
ations. These differences indicate that LLMs cannot directly
make accurate strategy determinations.

From the second row of Figure 4, it can be observed that
all comparative methods exhibit significant deviations from
the ground truth when responding to client states, while only
our method shows a notably closer alignment.

As shown in Table 4, our method achieves the best quan-
titative results on both metrics (6.02 for M, and 5.11
for M), which is most closely aligned with the strategy
distribution of real-world counseling approaches. RolePlay
and Ours PK-Free methods demonstrate suboptimal perfor-
mance for M when addressing specific client states, while
SoulChat performs poorly on both metrics. All above results
strongly suggest that combining the prior probabilities of
multi-turn mental health counseling with LLMs reasoning
can better determine the suitable strategies.

Discussion for Weight Settings. Our framework incorpo-
rates two preset parameters: (1) weights assigned to the top
three LLM-generated strategies in Adaptive Strategy Rank-
ing w™, w® w® and (2) the number of final strategies
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k in Integrated Decision Fusion. Their values may influence
method performance, which we discuss in this section.

As shown in Figures 5a, our final setting uses wl) =72,
w® = 64, w® = 36, with the number of finalized strate-
gies k = 2. Figures 5b and 5c demonstrate that excessive
strategy weights lead to over-reliance on LLMs strategies
ranking, resulting in averaged outcomes. Conversely, insuf-
ficient weights amplify the influence of prior probabilities,
causing the method to exclusively select the top two high-
prior strategies and produce polarized results. Similarly, Fig-
ures 5d and 5Se reveal that when limited to a single strategy,
questioning is typically prioritized, leading to its predomi-
nant selection and consequently extreme strategy distribu-
tion. In contrast, selecting three strategies reduces strategic
specificity, producing more averaged outcomes.

These findings indicate that parameter selection could af-
fect the performance of MentalGuide. Extreme configura-
tions induce extreme preferences, potentially leading to po-
larized results—an observation that aligns with intuitive ex-
pectations. As shown in Table 4, the more balanced results
(Sa and Sp) still exhibit smaller strategy deviations than
other comparative methods. While the more extreme results
(Sp and S¢) perform slightly worse than RolePlay method,
they remain comparable to Ours PK-Free and outperform
SoulChat on the metircs. This demonstrates that our method
maintains competitive performance even under extreme pa-
rameter settings, highlighting its robustness.

Human Expert Evaluation

In addition to automatic evaluation, we conduct subjec-
tive evaluation by human experts. We compare three ap-
proaches: (1) SoulChat (Chen et al. 2023) (fine-tuning-
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Figure 6: Subjective evaluation by human experts. Different
colors represent different rankings, and the figure shows the
proportion of different rankings obtained by three methods.

based), (2) RolePlay (Shanahan, McDonell, and Reynolds
2023) (prompt-based), and (3) our proposed MentalGuide.
For evaluation, we select 10 counseling scenarios cover-
ing different topics from the data in the multi-turn conver-
sation evaluation section. Each scenario includes conversa-
tions generated by the three methods, resulting in a total of
30 multi-turn mental health dialogues. Ten licensed clini-
cal psychologists conducted blind evaluations of the conver-
sations using established therapeutic competency criteria.
Each independently ranked the performance of the methods
(1-3 scale, where 1=best), with no knowledge of the gener-
ating approach. The results are shown in Figure 6.

Our method significantly outperforms the other two ap-
proaches, achieving the highest ranking (Rank 1) in 58%
of cases, with only 10% for Rank 3, and the inter-rater
agreement remains high with Kendall’s W = 0.91. This
demonstrates that our approach has been recognized by
professional psychological counselors for its effectiveness,
highlighting its practical potential. Moreover, it is worth
noting that in expert evaluation and multi-turn conversa-
tion evaluation, SoulChat outperforms RolePlay, whereas
the opposite holds true in single-turn evaluation. This indi-
cates that SoulChat and RolePlay methods have their own
strengths in different situations, while our approach consis-
tently achieves superior results.

Related Works

Large Language Models In recent years, the ground-
breaking development of large language models (LLMs) has
marked a significant leap forward in the field of artificial in-
telligence (Vaswani et al. 2017; Touvron et al. 2023; Achiam
et al. 2023; Zeng et al. 2022; Jiang et al. 2023). Trained on
massive datasets and enhanced by unprecedented parameter
scaling, these models demonstrate remarkable capabilities
in language comprehension and generation. They not only
process complex textual interactions with fluency but also
accomplish higher-order cognitive tasks such as logical rea-
soning and knowledge association (Wei et al. 2022; Wang
et al. 2022; Yao et al. 2024b; Sun et al. 2023). With ongo-
ing technological iterations, LLMs are rapidly permeating
vertical domains such as finance (Zhang and Yang 2023),
healthcare (Zhang et al. 2023; Xiong et al. 2023), law (Cui
et al. 2023; Yao et al. 2024a), etc. Key enabling technologies
include domain-specific fine-tuning (Chen et al. 2023; Liu
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et al. 2023), agents (Shen et al. 2024; Zhang et al. 2024b),
and prompt engineering (Besta et al. 2024; Yao et al. 2024b).

Mental Health Support with LLMs While LLMs have
strong linguistic competence that suggests promise for men-
tal health applications, their effective deployment faces
unique challenges. The implicit nature of mental health
counseling expertise—requiring professional knowledge
and skill application, creates significant adaptation barriers.
A common approach to adapting LLMs for vertical domains
involves role-playing methods (Shanahan, McDonell, and
Reynolds 2023; Tseng et al. 2024; Han et al. 2024; Qiu et al.
2024), yet these fail to address LLMSs’ inherent lack of clin-
ical experience. Consequently, model outputs often remain
isolated, single-turn responses incapable of sustaining the
guided, multi-turn conversations.

Currently, influential works applying LLMs to mental
health counseling, such as SoulChat (Chen et al. 2023),
MeChat (Qiu et al. 2023), CPsyCoun (Zhang et al. 2024a)
primarily rely on generating large-scale synthetic datasets
(either single-turn or multi-turn) to train or fine-tune LLMs
(Sun et al. 2021; Xie et al. 2024; Lai et al. 2023). While they
have achieved impressive results in enhancing empathetic
tone and emotional resonance for smaller-scale LLMs, their
multi-turn conversational performance often suffers from
limited response diversity due to data and model constraints.
Consequently, they struggle to strategically plan interactions
with client across consecutive rounds.

Conclusion

For mental health counseling, we propose MentalGuide,
a MULTI-TURN, STATE-AWARE AND STRATEGY-DRIVEN
CONVERSATION FRAMEWORK, which integrates the prior
expert knowledge of client states to counseling strategies
with LLMs’ real-time strategies ranking, balancing profes-
sionalism and flexibility. Our approach addresses the limi-
tations of existing methods in sustaining multi-turn conver-
sations and implementing therapeutic counseling strategies.
Experiments show that our proposed MentalGuide achieves
superior performance across both automatic and human ex-
pert evaluation. Our approach is closest to the strategic pat-
terns of real mental health counseling, establishing a new
paradigm for AI mental health support.

Although we establishes validation through automated
and expert evaluations, several future directions remain: (1)
collecting larger scale real-world counseling data to enhance
generalizability, (2) conducting controlled trials with human
participants to assess therapeutic outcomes under ethical su-
pervision, and (3) a deeper investigation of cultural adap-
tation needs. These steps will further address current con-
straints in data diversity and human evaluations. Moreover,
when this psychological dialogue technology becomes ma-
ture in the future, it can be applied to wearable devices to
perceive human emotions in real time and provide support,
thereby contributing to human-Al collaboration paradigms
such as cobodied intelligence (Lu and Zhao 2026).



Ethical Statement

Data Private We collect real-world multi-turn mental
health counseling conversations through both online and of-
fline sources. To protect privacy, these original data will not
be made publicly available. In our github repository, we only
provide experimental results obtained from a limited set of
publicly available online counseling data for reference pur-
poses. These results undergo rigorous data cleaning and hu-
man verification processes to ensure the complete removal
of any sensitive or private information.

Potential Risks of the Model During the expert evalua-
tion phase, we limit the human assessment to the ranking
of generated conversation content, with no direct human-
model interaction involved in our experiments. We explic-
itly emphasize that while our study enhances strategy im-
plementation for LLM-based multi-turn mental health coun-
seling and strives to approximate real counseling scenarios,
significant gaps still remain compared to professional hu-
man counselors. Importantly, we cannot guarantee complete
avoidance of harm. The application of our work in actual
psychotherapeutic practice is strictly prohibited.
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