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Abstract

The integration of Monte Carlo Tree Search (MCTS) with
Large Language Models (LLMs) has demonstrated signif-
icant success in structured, problem-oriented tasks. How-
ever, applying these methods to open-ended dialogues, such
as those in psychological counseling, presents unique chal-
lenges. Unlike tasks with objective correctness, success in
therapeutic conversations depends on subjective factors like
empathetic engagement, ethical adherence, and alignment
with human preferences, for which strict “correctness” crite-
ria are ill-defined. Existing result-oriented MCTS approaches
can therefore produce misaligned responses. To address this,
we introduce MCTSr-Zero, an MCTS framework designed
for open-ended, human-centric dialogues. Its core innova-
tion is “domain alignment”, which shifts the MCTS search
objective from predefined end-states towards conversational
trajectories that conform to target domain principles (e.g.,
empathy in counseling). Furthermore, MCTSr-Zero incorpo-
rates “Regeneration” and “Meta-Prompt Adaptation” mech-
anisms to substantially broaden exploration by allowing the
MCTS to consider fundamentally different initial dialogue
strategies. We evaluate MCTSr-Zero in psychological coun-
seling by generating multi-turn dialogue data, which is used
to fine-tune an LLM, PsyLLM. We also introduce PsyEval, a
benchmark for assessing multi-turn psychological counseling
dialogues. Experiments demonstrate that PsyLLM achieves
state-of-the-art performance on PsyEval and other relevant
metrics, validating MCTSr-Zero’s effectiveness in generat-
ing high-quality, principle-aligned conversational data for
human-centric domains and addressing the LLM challenge
of consistently adhering to complex psychological standards.

Code — https://github.com/JianChengXing Yun/Mctsr-Zero

1 Introduction

The integration of Monte Carlo Tree Search (MCTS) with
Large Language Models (LLMs) has recently achieved sig-
nificant breakthroughs in structured, problem-oriented tasks
such as mathematics (Zhang et al. 2024b,c; Guan et al.
2025; Wang et al. 2025; Chen et al. 2024; Wu et al. 2024).
These methods leverage the planning capabilities of MCTS
to guide the generative power of LLMs towards optimal so-
lutions.
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Figure 1: Iterative workflow of MCTSr-Zero: (1) Select &
Expand responses using meta-prompts; (2) Principled Self-
Evaluation against standards; (3) Backpropagation updat-
ing UCT & meta-prompts. Iterated ¢ times.
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On another front, recent LLM advancements (e.g., GPT-
4 (OpenAl 2025)) have spurred their application in men-
tal health, leading to specialized models like PsyChat (Qiu
et al. 2024), CPsyCounX (Zhang et al. 2024a), Interactive
Agents (Qiu and Lan 2024), and PsyDT (Xie et al. 2024).
These models often rely on synthesized multi-turn dialogue
datasets due to real-data scarcity. A challenge in this domain,
however, is that LLMs often struggle to deeply understand
and consistently adhere to the complex, abstract, and open-
ended psychological standards or principles essential for ef-
fective counseling. Given the reliance on synthetic data, en-
hancing its quality by ensuring better alignment with these
principles becomes a key research focus. This points towards
the potential of employing search mechanisms—Ilike those
offered by MCTS—to actively discover replies more con-
cordant with human preferences and established therapeutic
guidelines.

While this potential to leverage MCTS for improved
alignment in therapeutic dialogue is promising, applying
these methods to open-ended dialogue, especially in do-
mains like psychological counseling, is challenging. Unlike
tasks with objective, verifiable answers, success in thera-
peutic conversations hinges on factors such as empathetic
engagement, adherence to ethical guidelines, and alignment
with human preferences, for which strict “correctness” cri-



teria are ill-defined. Consequently, existing result-oriented
MCTS-based methods may produce responses misaligned
with human expectations or domain-specific conversational
goals.

To address the challenge of applying MCTS-enhanced
LLMs to open-ended, human-centric dialogues, we intro-
duce MCTSr-Zero. Its core innovation is domain alignment,
shifting the search objective from predefined end-states to-
wards conversational trajectories that conform to target do-
main principles (e.g., empathy in counseling). Furthermore,
to broaden MCTS exploration, we propose mechanisms for
“Regeneration” and “Meta-Prompt Adaptation.” These al-
low the MCTS to explore fundamentally different initial di-
alogue strategies by modifying the guiding meta-prompt,
thereby substantially expanding the search space beyond
variations of a single initial approach.

We evaluate MCTSr-Zero in psychological counseling.
Specifically, we collected topics from online mental health
resources, organized them into case scenarios of psycholog-
ical counseling, and used MCTSr-Zero to convert these case
scenarios into multi-turn dialogue data. This data was used
to fine-tune an open-source LLM, named PsyLLM. To ad-
dress the need for standardized evaluation in this domain, we
also developed PsyEval, a benchmark for assessing multi-
turn psychological counseling dialogues. Experiments show
that PsyLLM, developed using our approach, achieves state-
of-the-art (SOTA) performance on PsyEval and other rel-
evant metrics, demonstrating the effectiveness of MCTSr-
Zero.

Our contributions are summarized as follows:

* We propose MCTSr-Zero, an MCTS framework incor-
porating domain alignment, Regeneration, and Meta-
Prompt Adaptation techniques for improved search in
open-ended dialogue generation.

We construct PsyEval, a benchmark for the automated
evaluation of multi-turn dialogues in psychological coun-
seling, addressing a need for standardized assessment.
We develop PsyLLM, an LLM for psychological coun-
seling fine-tuned with MCTSr-Zero-generated data,
which achieves SOTA performance, demonstrating our
approach’s effectiveness.

2 Related Work
2.1 MCTS-Enhanced LLMs

Monte Carlo Tree Search (MCTS) has proven highly effec-
tive across diverse complex problem domains, from multi-
agent pathfinding (Pitanov et al. 2023) and train timetabling
(Yang 2023) to SAT solving (Li et al. 2023) and robotics
(Vagadia et al. 2024). Recently, MCTS has been integrated
with Large Language Models (LLMs) to enhance their rea-
soning, particularly in structured tasks like mathematics
(Chen et al. 2024; Zhang et al. 2024b,c; Guan et al. 2025;
Wang et al. 2025), leveraging its planning capabilities to
guide LLM generation. However, applying these MCTS-
LLM methods to open-ended dialogue, especially in do-
mains like psychological counseling, is challenging because
success hinges on subjective factors like empathetic engage-
ment and ethical adherence rather than objectively verifiable
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correctness, for which strict “correctness” criteria are ill-
defined, potentially leading to responses misaligned with hu-
man expectations or domain-specific conversational goals.
To address this, our work introduces MCTSr-Zero, which
innovatively employs principle-guided domain alignment,
shifting the MCTS search objective from predefined end-
states towards conversational trajectories that conform to tar-
get domain principles.

2.2 LLMs in Mental Health Support

Recent LLM advancements (e.g., GPT-4 (OpenAl 2025))
have spurred their application in mental health Support,
leading to specialized models like PsyChat (Qiu et al. 2024),
CPsyCounX (Zhang et al. 2024a) and Interactive Agents
(Qiu and Lan 2024), which often rely on synthesized multi-
turn dialogue datasets due to real-data scarcity. The PsyDT
framework (Xie et al. 2024) further advanced this by per-
sonalizing counseling styles. However, a critical challenge
is that LLMs often struggle to deeply understand and con-
sistently adhere to the complex, abstract, and open-ended
psychological standards or principles essential for effective
counseling. Our proposed method employs a search mech-
anism explicitly guided by these principles to actively dis-
cover replies that are more concordant with human prefer-
ences and established therapeutic guidelines. This focus on
a guided search aims to enhance the LLM’s alignment with
nuanced therapeutic criteria and thereby improve the intrin-
sic quality of support provided.

3 Preliminary

This section establishes the necessary background on the
foundational Monte Carlo Tree Search (MCTS) algorithm,
its Upper Confidence Bound (UCB) selection strategy, and
the general Monte Carlo Tree Self-Refine (MCTSr) adapta-
tion, which are preliminary to understanding the proposed
MCTSr-Zero algorithm detailed in Section 4.

3.1 Monte Carlo Tree Search (MCTS)

Monte Carlo Tree Search (MCTS) (Browne et al. 2012) is
a heuristic search algorithm widely used in Al for decision-
making in complex domains. It builds a search tree itera-
tively through four phases: Selection traverses the tree using
strategies like UCB, Expansion adds new child nodes, Sim-
ulation evaluates outcomes, and Backpropagation updates
node statistics.

The Upper Confidence Bound (UCB) formula, particu-
larly UCBI, is commonly used in the Selection phase to bal-
ance exploration and exploitation. For a node a and its child
7, the UCB value is calculated as:

2In N(a)
N(j)
where )(7) is the estimated value of child node j, N(j)

and N (a) are visit counts, and C' controls the exploration-
exploitation trade-off.

UCB(a,j) = Q) +C (1



3.2 Dynamic Monte Carlo Tree Self-Refine
(MCTSr)

Building upon MCTS, the Dynamic Monte Carlo Tree Self-
Refine (MCTSr) algorithm adapts this framework for itera-
tive text refinement using LLMs. In MCTSr, nodes represent
versions of textual output, and edges represent refinement
actions. MCTSr reinterprets the four MCTS phases for text
refinement:

* Selection: An existing output node is selected for refine-
ment, balancing exploration of different refinement paths
(using a strategy like UCB) with exploiting paths that
previously yielded high-quality outputs.

Expansion: The selected node is expanded by prompting
the LLM with refinement instructions, generating new
child nodes with improved text.

Evaluation: Instead of a rollout simulation, MCTSr di-
rectly evaluates the quality of a newly generated child
node using an LLM-based self-reward function.

Backpropagation: The evaluation outcome (re-
ward/quality) from the evaluated node is propagated up
the tree, updating statistics (visit counts and estimated
values) for itself and its ancestors.

The “Dynamic” aspect highlights MCTSr’s strategies for
handling the potentially vast and stochastic nature of LLM-
based generation and refinement. Specific notations and the
detailed adaptation for psychological consultation dialogue
in MCTSr-Zero are presented in Section 4.

4 MCTSr-Zero: A Framework for
Principled, Large-Scale Dialogue
Exploration

This section details MCTSr-Zero, an advanced Monte Carlo
Tree Search algorithm tailored for generating and refining
high-quality, iterative open-ended dialogue. Building upon
MCTSr (Zhang et al. 2024b), MCTSr-Zero introduces two
primary innovations significantly enhancing its capabilities:

* Constitutional AI Principles for Self-Alignment and Re-
flective Iteration: Inspired by Constitutional Al (CAI)
(Bai et al. 2022), MCTSr-Zero empowers the lan-
guage model with principled self-evaluation and self-
refinement. Leveraging predefined psychological stan-
dards as a guiding “constitution,” the Al critically as-
sesses its dialogue, identifies areas for improvement, and
uses this feedback for iterative refinement. This fosters
reflective, self-aligned thinking within the LLM, enhanc-
ing dialogue quality and safety without direct human in-
tervention in the core refinement loop.

Vastly Expanded Search Space via Adaptive Exploration:
Beyond standard MCTS branch deepening, MCTSr-Zero
incorporates mechanisms for exploring a significantly
larger, higher-dimensional search space. A UCB-driven
selection criterion can choose to refine an existing re-
sponse or regenerate a new initial response. Coupled
with dynamic Meta-Prompt Adaptation, informed by
self-evaluation feedback from recently generated initial
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responses, the algorithm strategically explores funda-
mentally different initial dialogue strategies. This dual
mode—deepening paths via refinement and broaden-
ing via new starting points—results in an exponentially
larger potential search space than methods limited to
variations from a fixed initial strategy.

Integrating these innovations allows MCTSr-Zero to not
only iteratively improve dialogue quality but also learn and
adapt its fundamental generation strategy, guided by ex-
plicit principles and empirical self-evaluation. The concep-
tual structure, illustrating the exploration tree and informa-
tion flow, is depicted in Figure 2.

The main workflow operates in iterative cycles, driving
this principled, large-scale exploration through the follow-
ing stages:

Initialization: Setup the root node representing the query
and an initial meta-prompt.

Selection: Choose a node (either the root or an existing
answer node) based on its Upper Confidence Bound for
Trees (UCT) value.

Action:

— If the root is selected: A candidate meta-prompt is gen-
erated and used to produce a new initial response.

— If an answer node is selected: That answer undergoes
reflective self-refinement.

Evaluation: The newly generated or refined response
is assessed using Principled Self-Evaluation, yielding a
score and feedback.

Update and Adaptation: The score is backpropagated to
update node Q-values. If a new response from a candidate
meta-prompt improves the root’s value, the active meta-
prompt is updated to the candidate. UCT values are then
recomputed for the next selection.

The algorithm iterates until a termination condition is met.

4.1 Initialization

MCTSr-Zero starts with the node P as the root, representing
user query P. An initial system prompt named meta prompt
mg is set. The language model generates M initial children
Ag... A ~ M(P || myp), forming A;n;tiqi. The first gen-
erated node, Aj, undergoes an immediate evaluation using
the Principled Self-Evaluation (Section 4.5). P’s initial Q
value is then set equal to the reward value obtained from the
Principled Self-Evaluation of Aj.

4.2 Selection and Adaptive Exploration Strategy

In each cycle, UCT (Section 4.7) selects node a € C (an-
swer nodes .4 and P), embodying the expanded exploration
strategy:

This dynamic UCT choice, a arg maxq,ec UCT(C),
balances deepening and broadening the search space.

* If a € A: Self-Refine action on a, deepening a path.

* If @ = P: Regeneration action, broadening search via
new initial strategy (Meta-Prompt Adaptation).
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Figure 2: The operational workflow of MCTSr-Zero. (1) Initialization: The meta-prompt my is activated to generate initial
responses Ag for the user query P. (2) Select & Expand: The system uses the UCT value to either trigger Regeneration—using
a candidate meta-prompt mc,nq as the basis for generating a new answer node Ay 1—or trigger Refinement to further improve
an existing answer node. (3) Principled Self-Evaluation: The new answer is evaluated against predefined standards, producing
a critique, score, and actionable suggestions. (4) Backpropagation: Evaluation results are propagated to update UCT scores

and guide meta-prompt selection.

4.3 Meta-Prompt Adaptation and Search Space
Expansion

A pivotal mechanism for exploring the higher-order search
space is Meta-Prompt Adaptation, triggered when P is se-
lected. It allows learning and adjusting the fundamental ap-
proach to generating initial responses.

When P is selected at iteration ¢ + 1, signaling an intent
to generate a new initial response, a candidate meta-prompt
Meand 18 synthesized. This synthesis uses the current active
meta-prompt Mgyctivate and the self-evaluation feedback F,,
(critique and suggestions) from a relevant, recently evalu-
ated child node A,, € A;pitiar of P:

Meand < M(mactivate || ]:n)

(@)

This feedback provides targeted insights from recent at-
tempts to generate good initial responses under P. Using
Meand, @ New initial response A;p1 = M(P || Meana) 18
generated. This new response A, 1 is added to A;piziar

After A;1 is generated and undergoes Principled Self-
Evaluation to obtain its quality score (QQ(A¢y1), the active
meta-prompt Mgctivate 1S conditionally updated. If the qual-
ity of the new response QQ(A;4+1) is greater than the cur-
rent quality of the parent node P, Q(P) (which represents
the average quality of P’s children before A;1’s inclusion
and subsequent Q(P) update), then mctivate is updated to
Mcand-

Mactivate = {

This mechanism allows the system to autonomously learn
and switch to better initial generation strategies if they prove

ifQ(Aiy1) >= Q(P)

otherwise

Mcand (3)

Mactivate
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more effective than the current average performance of ini-
tial responses.

Unlike standard MCTS from a fixed my, MCTSr-Zero
explores from a growing Aj;,iiq1, elevating the search to

different distributions P(A". | P, m{")

R _ initial activate
tutes exploring a higher-order search space.

). This consti-

4.4 Reflective Self-Refine

When a response node a (not P) is selected, Reflective Self-
Refine transforms a to a’. Inspired by Self-Refine (Madaan
et al. 2023), this uses iterative interaction with the LLM,
guided by feedback from a’s Principled Self-Evaluation.
The model uses concrete, standards-based critique and sug-
gestions JF and meta prompt mgctivate as e€xplicit guidance
to produce A}, = M(A; || F¢ || Mactivate)- This enables
targeted improvement based on AI’s principled assessment
and Self-Refine techniques.

4.5 Principled Self-Evaluation: Applying the
Constitution

Principled Self-Evaluation is the cornerstone, providing
crucial feedback for refinement and adaptation. It rigor-
ously assesses new/refined response a. Inspired by Consti-
tutional Al (Bai et al. 2022), which uses principles for self-
improvement, we use 16 psychological standards as our AI’s
“constitution.”

For response a, the LLM performs structured evaluation
guided by standards:

* Critique based on Constitution: Analyzes a against 16
standards, identifying strengths/weaknesses relative to



these principles. This critique guides subsequent steps to-
wards standard fulfillment.

Scoring (0-10): Assigns a reward score based on critique
and adherence to standards.

Actionable Suggestions: Provides specific suggestions
for improving a to better meet standards. These are used
as guidance for Refinement and the feedback for Meta-
Prompt Adaptation as described in Eq. 2.

This embodies Constitutional Al: Al uses principles to
evaluate output and generate feedback for self-improvement,
fostering self-alignment. Evaluation adheres strictly to stan-
dards and is sampled multiple times for robustness. Q(a)
from sampled scores R,, uses:

1
| Ral

Q@) =5

: )

<min R, + b)) Li‘il Rfl)

This balances average quality and low-score robustness.

4.6 Backpropagation
Following Principled Self-Evaluation, Q value and insights
propagate upwards.

* For evaluated response a, Q(a) is set using Eq. 4.

* For parent answer node p of a, Q' (p) updates recursively:

s () + )

/ —_ =
Q'(p) =5
* For user query node P, Q(P) is the average of its chil-
dren’s Q values:

&)

max
ceChildren

_ 1
|Ainitial ‘

Q(P)

> Q)

a€Ainitial

(6)

This Q(P) value is used in the condition for updating the
active meta-prompt (Eq. 3).

Backpropagation ensures performance signals inform future
decisions.

4.7 Update UCT and Guiding Large-Scale
Exploration
After Backpropagation, UCT values recompute for se-

lectable nodes C answer nodes and P). UCT is computed
using UCB:

In N(Parent(s)) + 1
N(s)+e

UCTs = Q(s) + c\/ 7

where Q(s) is quality (Eq. 4 or Eq. 6), N(s) is visit count,
N (Parent(s)) is parent visit count (adjusted for P), ¢ bal-
ances exploration/exploitation, e prevents division by zero.
a € C with highest UCT is selected. If a is answer node,
high UCT signals refining this path. If a is P, high UCT sig-
nals exploring a new initial strategy via Regeneration/Meta-
Prompt Adaptation. This UCT-driven selection intelligently
navigates the massively expanded search space, balancing
deepening paths with exploring new starting points, guided
by principled self-evaluation feedback.
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4.8 Termination Function

Iteration continues until condition 7' is met (e.g., budget,
depth, quality threshold, stagnation). Final output is the dia-
logue response node with the highest Q value.

S PsyEval Benchmark: Evaluating Al
Empathy in Psychological Support

The growing use of Al for psychological support demands
evaluation beyond standard metrics. Conventional bench-
marks often fail to assess crucial competencies like accu-
rate empathy, re-framing, and meaningful questioning. To
bridge this gap, we introduce PsyEval—a specialized, multi-
dimensional benchmark designed to gauge Al competence
in simulated counseling dialogues grounded in realistic sce-
narios.

5.1 Systematic Scenario and Data Generation

PsyEval creates diverse psychological scenarios by synthe-
sizing detailed case reports, rather than relying on exist-
ing human data. Based on these reports, a Language Model
(LLM) simulates a multi-turn counseling dialogue. An in-
dependent AI Judge then evaluates this dialogue against 16
predefined criteria. This systematic process enables rigorous
testing of Al capabilities across various psychological con-
texts. Details on scenarios and criteria are in Appendix A
and B, which are provided in the supplementary material.

5.2 Comprehensive Multi-Dimensional
Evaluation

The core of PsyEval is its novel 16-dimension evaluation
framework, which assesses an Al therapist’s ability to pro-
vide empathic support in multi-turn interactions. Adopting
a third-party observational perspective similar to the ES-
HCC benchmark (Concannon and Tomalin 2024), it focuses
on an AI’s observable expressions of counseling skill. The
rubric uses inferential language (e.g., “the system seems
to...”) to capture a neutral observer’s perception of the
interaction quality. The 16 dimensions synthesize insights
from established frameworks, including the Therapist Em-
pathy Scale (TES) (Decker et al. 2014), ESHCC, Motiva-
tional Interviewing (MI) (Bolton et al. 2021), and Person-
centered therapy (Rogers 2007). We optimized existing di-
mensions and integrated six new ones crucial for psycho-
logical counseling: Dialogical Logical Consistency, Conver-
sational Continuity, Resistance Handling, Ethics/Prosocial
Guidance, Summarizing, and Dialogue Pacing/Process At-
tunement. We also redefine the “Fallacy Avoidance” dimen-
sion to evaluate hallucination control—the AI’s ability to re-
main coherent and factually grounded while maintaining a
consistent persona. Unlike clinical-only scales like TES, our
benchmark has broader applicability, evaluating Al in both
therapeutic and everyday emotional support contexts. This
“dual role” enhances its ecological validity, assessing Al as
both a structured therapist and an empathetic companion.

5.3 Al-based Judging Mechanism

PsyEval employs an independent Al Judge for evaluation,
configured with our 16-dimension rubric. This approach en-
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sures scalable, efficient, and consistent scoring across nu-
merous dialogues, minimizing the human rater variability
common in subjective assessments. Details of the Al judge
setup are in Appendix C. These standards, developed by hu-
man experts and tailored for LLM comprehension, are de-
signed to ensure high alignment between the AI’s evaluation
and human judgment, thereby minimizing potential evalua-
tion bias.

6 Experiment

This section presents the experimental evaluation of various
language models on the PsyEval Benchmark. We report re-
sults from two key experiments: (1) a comprehensive bench-
mark comparison of our PsyLLM variants against lead-
ing baseline models, including other psychological domain-
specific models, evaluated using PsyEval, and (2) an abla-
tion study demonstrating the impact of iterative refinement
methods aligned with principles of frameworks like MCTSr-
Zero.

6.1 MCTSr-Zero-Psy

To validate the effectiveness of our proposed dialogue re-
construction method, we generated dialogues using MCTSr-
Zero. We denote this collection as MCTSr-Zero-Psy, which
comprises 4,000 multi-turn counseling dialogues. These dia-
logues cover 16 distinct categories of psychological distress
(as detailed in Section 5.2), with each category containing
approximately 250 entries, and an average of 20 turns per
dialogue.

6.2 PsyLLM

Our PsyLLM model, developed in Large (based on GLM-4-
32B-0414) and Mini (based on GLM-4-9B-0414) variants,
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underwent a two-stage training process on 4 NVIDIA A800
GPUs. We used MCTSr-Zero-Psy as our training data. First,
for supervised fine-tuning (SFT), each respective pre-trained
GLM-4 base model was trained for 2 epochs with a learning
rate of 1 x 10™%, a 0.1 linear warmup, a per-device batch
size of 1, and the AdamW (Loshchilov and Hutter 2019)
optimizer. Subsequently, the SFT-trained models underwent
SimPO (Meng, Xia, and Chen 2024) alignment for 3 epochs,
employing a reduced learning rate of 5 x 10~7, maintaining
a 0.1 linear warmup and a per-device batch size of 1 with
the AdamW optimizer, ultimately yielding the final PsyLLM
models.

6.3 Experimental Setup

Our evaluation utilizes the PsyEval Benchmark, which sim-
ulates psychological counseling dialogues for 64 unique
case scenarios. An Al Judge evaluates responses against 16
specific psychological consultation criteria to calculate a to-
tal score. Further details on the Al Judge are in Appendix
C.

We conduct two main experiments:

* Main Benchmark Comparison on PsyEval: We com-
prehensively evaluate a wide array of models, includ-
ing leading commercial, general-purpose open-source,
and other psychological domain-specific models. This
includes our PsyLLM-Large-250519 (based on GLM-4-
32B-0414(Team et al. 2024)) and PsyLLM-Mini-250519
(based on GLM-4-9B-0414) models, which were devel-
oped using techniques aligned with MCTSr-Zero’s prin-
ciples of iterative refinement. Results are presented in Ta-
ble 1.

Ablation Study on Iterative Refinement Meth-
ods: We investigate the effectiveness of iterative
refinement on a gpt-4.1-mini base model.
We apply Self-Refine, MCTSr-Zero (w/o
meta; standards) (a variant using Self-Refine
for node refinement instead of standard-based evalu-
ation), and the full MCTSr—-Zero framework. These
methods are tested across 1, 2, and 4 iterations and
compared to a non-refined baseline (0 iterations), with
results shown in Figure 3.

6.4 Analysis of Benchmark Results

Table 1 details the performance of all models on the PsyE-
val Benchmark, as assessed by the AI Judge across all
16 criteria. The data indicates that our proposed models,
PsyLLM-Large and PsyLLM-Mini, achieved the highest
overall scores of 90.93 and 90.72, respectively. This demon-
strates a discernible advantage over other evaluated models,
including the next-highest score of 88.89.

A deeper analysis reveals that this strong performance is
not limited to a single capability but reflects a balanced and
holistic profile. For instance, the PsyLLM variants achieved
high scores in empathetic and human-centered communica-
tion (consolidated as ‘ESHCC REVISED® in the table for
brevity) while also excelling in maintaining logical con-
sistency, conversational continuity, and effectively handling
user resistance.



Type  Model Name ol Ssp, DLC CC RH Sum. EPG DPPA
s PSYLLM-Large-250519 90.93 5453  9.16 457 456 447 453 455
PsyLLM-Mini-250519 9072 5446 915 458 457 443 447 451
claude-3-7-sonnet-20250219 8889 5313 9.03 451 444 428 456 449
gemini-2.5-pro-exp-03-25 88.62 5301 906 453 448 433 434 436
gomini-2.5-flash-preview-04-17  88.07 5259 894 450 447 427 439 439
apt-4. 1 85.65  S087 877 444 444 404 432 438
ept-4. 1-mini 8380 4982  8.69 438 419 394 418 421
apt-40-2024-11-20 8231 4871 852 428 418 387 425 424
Qwen3-32B-w/o Reasoning 8140  48.66 845 428 416 378 406 410
ey GLM-4-32B-0414 8092 4800 839 425 397 382 405 413
gpt-4.1-nano 80.72 4758 852 425 396 383 414 410
qwen-max-2025-01-25 7950 4711 832 422 399 365 414 393
apt-40-mini-2024-07-18 7876 4648 821 425 382 359 406 410
doubao-1-5-pro-32k-250115 7871  46.80 819 417 389 366 397  3.90
Qwen2.5-72B-Instruct 7641 4553 797 398 361 348 392 382
GLM-4-9B-0414 7574 4499 794 396 376 341 391 379
Qwen2.5-32B-Instruct 7570 4454 808 402 367 347 403 3091
doubao-1-5-lite-32k-250115 7499 4472 788 400 355 332 391 3.9
simpsybot D 7792 4587 836 415 374 360 413 392
omain  SoulChat2 0-Qwen2-7B 7738 4555 808 420 384 356 410 398
Xinyuan-LLM-14B-0428 7641 4526 802 402 372 350 407 378
CPsyCounX 6600 3999 676 337 324 301 38 33l

Table 1: Results on the PsyEval Benchmark. Scores for each criterion reflect model performance in simulated psychological
counseling dialogues. The criteria are abbreviated as follows: ESHCC-R (Revised Empathic Support, Human Connection, and
Care), DLC (Dialogical Logical Consistency), CC (Conversational Continuity), RH (Resistance Handling), Sum. (Summariz-
ing), EPG (Ethics and Prosocial Guidance), and DPPA (Dialogue Pacing, Process, and Attunement). The best result in each

column is highlighted in bold.

We attribute this robust and well-rounded performance to
the direct alignment between our development methodology
and the evaluation benchmark. The performance disparity
seen in the results stems from a core design principle: the
PsyEval criteria are derived from the same 16 psychologi-
cal standards that guide the iterative refinement within our
proposed framework, MCTSr-Zero. The high scores of the
PsyLLM variants underscore the value of a synergistic ap-
proach that combines domain-specific evaluation (PsyEval)
with a tailored development framework (MCTSr-Zero). This
deep alignment is fundamental to building effective and re-
sponsible Al for psychological support.

6.5 Ablation Study

Figure 3 shows our ablation study results, demonstrating that
iterative refinement methods substantially improve the per-
formance of a base model (gpt-4.1-mini) on PsyEval.

The baseline model’s score of 83.60 improves signifi-
cantly with just one iteration of Self-Refine (to 86.39) or an
MCTSr-Zero variant (over 87). Performance generally in-
creases with more iterations. The full MCTSr~-Zero frame-
work consistently outperforms simpler methods and its ab-
lated variant, reaching a peak score of 90.18 after 4 itera-
tions. This study validates that iterative processes and strate-
gic search—core mechanisms of frameworks like MCTSr-
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Zero—effectively enhance an AI’s capabilities for psycho-
logical support by leveraging self-reflection and evaluation
against explicit standards.

7 Conclusion

We introduced MCTSr-Zero, an advanced Monte Carlo
Tree Search algorithm that uses dynamic meta-prompts
and principles-based self-evaluation to generate high-quality
dialogues for training PsyLLM, our specialized language
model for psychological counseling.

To assess such models, we also developed the PsyE-
val Benchmark, which uses an AI Judge to evaluate dia-
logues against 16 psychological criteria. Our results show
that PsyLLM models, developed using MCTSr-Zero princi-
ples, significantly outperform leading general and domain-
specific models. This underscores the value of our special-
ized framework and benchmark for the nuanced demands of
psychological consultation.

Key limitations include MCTSr-Zero’s computational
cost and potential biases in PsyEval’s Al Judge. Future work
will focus on improving MCTSr-Zero’s search efficiency
and refinement techniques, while simultaneously advancing
PsyEval by mitigating bias, expanding its scenarios, and in-
tegrating human evaluation.
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