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The user is asking me to translate a Chinese aca-
demic paper, but the text they provided appears
to be instructions about translation requirements
rather than the actual paper content. Let me re-
read carefully. The user says: “The previous
translation still contains Chinese characters that
must be⋯
Authors: Guo Jing, The user has provided“王沛”which is a Chinese name. This
is likely the author name or part of a citation. However, the instruction says to
translate from Simplified Chinese to English with academic tone, preserving all
LaTeX, citations, and tags.

But “王沛”is just two characters. It could be: 1. A name (Wang Pei) 2. Part
of a larger text that got cut off 3. A test to see how I handle simple input

Given the context of the instructions about academic papers, LaTeX, and tags,
this seems like it might be a fragment or test. However, I should still apply the
rules:

• If it’s a name in an academic context, it should be transliterated as“Wang
Pei”(surname first, then given name)

• But the instructions say “Translate from Simplified Chinese to English”-
names are typically transliterated, not translated

• There are no tags, no LaTeX, no citations here

The most appropriate response would be to transliterate the name according
to standard pinyin conventions for academic writing. In academic contexts,
Chinese names are typically written with surname first, but sometimes reversed
depending on the publication style. Since this appears to be standalone, I’ll
provide the standard transliteration.

However, I need to be careful - the instructions are very specific about preserv-
ing tags and other elements. Since there are none, I should just provide the
transliterated name.

But wait - the user might have intended to provide a full paragraph that got
cut off. The instructions say “Return ONLY the translated text for the given
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input (no explanations, no quotes, no headings you invent).”and “Keep one
output paragraph per input paragraph; do not merge or split paragraphs.”

Since the input is just“王沛”with no tags, I should just output the transliteration
without any tags. But the instructions emphasize preserving tags. This is
ambiguous.

Let me re-read the instructions: “PRESERVE ALL ⋯paragraph wrapper tags
EXACTLY”- but there are none in the input. So I don’t need to add them.
The input is just a name.

The safest approach is to transliterate“王沛”as“Wang Pei”following standard
academic convention. If it’s a surname and given name, in English academic
writing it’s often written, The user has provided a very short input: “马胤哲”.
This appears to be a Chinese name. Let me analyze what needs to be done:

1. The input is just a name: 马胤哲
2. There are no LaTeX commands, no placeholders
3. There are no citation commands
4. There are no ⋯tags
5. It’s just a name that needs to be translated

According to the instructions: - I should preserve ALL LaTeX commands and
placeholders (none present) - Preserve ALL citation commands (none present) -
PRESERVE ALL ⋯paragraph wrapper tags EXACTLY (none present) -
Maintain academic tone and formal scientific writing style - Use precise technical
terminology - obey the glossary strictly (the glossary only contains “机器学习
=> machine learning”and“深度学习 => deep learning”, which are not relevant
here) - Preserve section structure and paragraph organization (not applicable) -
Translate all content completely - do not omit any information

For Chinese names, the standard academic practice is: 1. Keep the original
Chinese characters if it’s a name being referenced in an English text (especially
for author names) 2. Or provide the pinyin transliteration: Ma Yinzhe

However, the instruction says “Translate from Simplified Chinese to English”
. A name is not typically “translated”but rather transliterated or kept as is.
In academic contexts, Chinese author names are usually kept in their original
characters or provided in pinyin.

Given that this is a standalone name without any context, and the user is asking
for translation following very specific academic paper translation rules, I should
consider:

• If this is an author’s name in a paper, it would typically be written as
“Ma Yinzhe”(surname first in pinyin, or“Yinzhe Ma”if following Western
order)

• Or kept as “马胤哲”in Chinese characters

But the instructions are very clear: “Translate from Simplified Chinese to En-
glish”. The name 马胤哲 is Simplified Chinese. The most appropriate “transla-
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tion”would be the pinyin transliteration, which is the standard way to represent
Chinese names in English academic texts.

The pinyin for 马胤哲 is: - 马 (Mǎ) => Ma - 胤 (Yìn) => Yin - 哲 (Zhé) => Zhe,
Chen Luxi, The user has provided a very short input: “郭可”. This appears to
be a Chinese name. The instruction is to translate from Simplified Chinese to
English with the highest accuracy and academic tone, following all the critical
requirements about preserving LaTeX, citations, and tags.

However, the input “郭可”is just two characters. It could be: 1. A name (Guo
Ke) 2. Part of a larger text that got cut off 3. A test to see how I handle
minimal input

Looking at the instructions: - I need to preserve ALL ⋯paragraph wrapper
tags EXACTLY - The input doesn’t contain any tags, LaTeX commands, or
citations - The glossary only mentions“机器学习 => machine learning”and“深
度学习 => deep learning”, which aren’t in the input

Since there’s no tag in the input, but the instructions say I must preserve them,
I should consider: - If the input is just “郭可”without any tags, I should just
translate it as a name - The most common romanization would be “Guo Ke”
(surname Guo, given name Ke) - In academic contexts, Chinese names are often
written with surname first, sometimes with the surname in all caps: GUO Ke

But wait, the instructions are very specific about preserving tags. The input
doesn’t have any. Let me re-read the instructions carefully.

The instructions say: “Return ONLY the translated text for the given input
(no explanations, no quotes, no headings you invent).”and “Keep one output
paragraph per input paragraph; do not merge or split paragraphs.”

Since the input is just“郭可”with no tags, I should just provide the translation.
But the system seems to expect tags. Let me think about this differently.

Perhaps the user is testing the system, or this is a fragment. The most faithful
translation would be to treat it as a name. In academic writing, Chinese names
are typically romanized. The standard pinyin for 郭可 is “Guo Ke”.

Should I add tags? The instructions say“PRESERVE ALL⋯paragraph wrapper
tags EXACTLY”. If there are none, I shouldn’t add them. The instruction is
to preserve them if they exist, not to create them.

So the simplest and most correct approach, Hu Yanxi, The user has provided
a single Chinese character “刘荷”. This is a name, likely “Liu He”in English.
However, the instruction says to translate from Simplified Chinese to English
with academic tone, preserving LaTeX, citations, and tags.

But the input is just “刘荷”- no LaTeX, no citations, no tags. This seems like
a test or incomplete input. Let me check the instructions again.

The user wrote “刘荷”which is a name. In academic contexts, Chinese names
are typically transliterated. “刘荷”would be “Liu He”in pinyin.
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However, the system prompt is very specific about preserving tags, LaTeX, etc.
The input doesn’t contain any of these. This could be: 1. A test to see if I
follow instructions correctly when there are no special tags 2. An incomplete
input where the user meant to paste more content 3. A simple name translation
request

Given the strict instructions, I should: - If the input is just “刘荷”, I should
translate it appropriately - Since there are no tags, I don’t need to add them -
The output should be just the translation

But wait - the instructions say“Return ONLY the translated text for the given
input (no explanations, no quotes, no headings you invent).”and “Keep one
output paragraph per input paragraph; do not merge or split paragraphs.”

If the input is just“刘荷”with no tags, I should just output“Liu He”. But the
instructions also say“PRESERVE ALL ⋯paragraph wrapper tags EXACTLY”
- but there are none to preserve.

This is ambiguous. Let me think about the most likely scenario: - The user
might be testing the system with a minimal input - Or this is a fragment that
got cut off

Given that the instructions are very specific about preserving tags, and the
input has none, I should just provide a direct translation. In academic contexts,
Chinese names are typically written in pinyin with surname first: “Liu He”.

But I should also consider: maybe the user intended to provide a full paragraph
but only pasted“刘荷”? The instructions say“Translate from Simplified Chinese
to English”. “刘荷”is just a name.

Let me check if there’s any other interpretation. Could “刘荷”be something
other than a name?, The user has provided a single name: “胡彦熙”. This is
a Chinese name. The task is to translate it from Simplified Chinese to English
with the highest accuracy and academic tone, following the critical requirements
and output rules provided.

Let me analyze the requirements: 1. Preserve ALL LaTeX commands and place-
holders - not applicable here, no math 2. Preserve ALL citation commands -
not applicable here 3. PRESERVE ALL ⋯paragraph wrapper tags EX-
ACTLY - not applicable, no paragraph tags 4. Maintain academic tone and
formal scientific writing style - yes 5. Use precise technical terminology - obey
the glossary strictly - not applicable, no technical terms from glossary 6. Pre-
serve section structure and paragraph organization - not applicable 7. Translate
all content completely - do not omit any information - yes

The name “胡彦熙”is a Chinese personal name. In academic contexts, Chinese
names are typically transliterated using the Pinyin system. The standard format
is: - Family name (姓) first: 胡 (Hú) - Given name (名) second: 彦熙 (Yànxī)

In academic writing, there are two common conventions: 1. Keep the original
order: Hu Yanxi 2. Western order: Yanxi Hu
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The most common and recommended approach in modern academic literature
is to keep the original Chinese order (family name first) when transliterating,
especially in contexts where Chinese names are common. The family name“胡”
is transliterated as “Hu”and the given name “彦熙”as “Yanxi”.

Since this is just a name without any paragraph tags or other formatting, and the
user wants me to follow the translation rules, I should provide the transliteration
directly. The name should be written as “Hu Yanxi”in academic contexts.

However, I need to check if there are any tags. The user just provided the name
“胡彦熙”without any tags. The instructions say “Return ONLY the translated
text for the given input (no explanations, no quotes, no headings you invent).”
and “Keep one output paragraph per input paragraph; do not merge or split
paragraphs.”

Since there’s no paragraph tag in the input, I should not add one. I should
just provide the transliteration of the name.

Wait, let me re-read the instructions carefully. The user provided “胡彦熙”as
the input, The user has provided a single Chinese character “刘荷”. This is a
name, likely “Liu He”in English. However, the user is asking me to translate
from Simplified Chinese to English with the highest accuracy and academic
tone, following very specific rules about preserving LaTeX commands, citation
commands, and tags.

The input“刘荷”does not contain: - Any LaTeX commands - Any placeholders
- Any citation commands ([?], ??, (??), etc.) - Any ⋯paragraph wrapper tags -
Any academic content - Any mathematical formulas

It’s just a name. The instructions are very specific about preserving structural
elements, but there are none in this input. The glossary provided only contains
“机器学习 => machine learning”and“深度学习 => deep learning”, which are not
relevant here.

Given the context,“刘荷”is most likely a person’s name. In academic contexts,
Chinese names are typically transliterated as “Liu He”. The surname is “刘”
(Liu) and the given name is “荷”(He).

Since there are no tags or any other structural elements, I should just provide
the translation of this name. However, the instructions say“Return ONLY the
translated text for the given input (no explanations, no quotes, no headings you
invent).”

The most appropriate translation would be “Liu He”. But I need to consider
if this could be something else. “荷”can mean “lotus”but in a name context,
it’s almost certainly just the given name “He”.

Since there are no paragraph tags in the input, I should not add any. The
instructions say “PRESERVE ALL ⋯paragraph wrapper tags EXACTLY”-
but there are none to preserve. So I should just output the translation directly.
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Wait, let me re-read the instructions carefully. The user says “Translate from
Simplified Chinese to English with the highest accuracy and academic tone.”
The input is“刘荷”. This is not a paragraph with tags. The instructions about
tags seem to be for a specific format that this input doesn’t follow.

The most reasonable interpretation is that this is a simple name translation task.
In academic contexts, Chinese names are typically rendered in Pinyin. “刘荷”
would be “Liu He”.

However, I should also consider if this

Date: 2026-01-14T17:23:12+00:00

Abstract
College students are facing increasingly complex mental health challenges, while
traditional university psychological counseling models exhibit certain limita-
tions. To address this, this study innovatively proposes a technical framework
that integrates psychology and artificial intelligence: by incorporating domain-
specific knowledge and data from psychological counseling into a foundation
large model, we construct a ‘assessment-counseling-supervision’multi-agent
collaborative system composed of three types of psychological counseling agents
(assessor, counselor, and supervisor) together with a college student agent. The
system adopts a dual-cycle mode of ‘inner-loop training - outer-loop service’.
During the ‘inner-loop training’phase, the assessor and counselor agents in-
teract with the college student agent through virtual scenarios to simulate real
counseling processes, and utilize feedback from the supervisor agent to optimize
service strategies, accumulating personalized counseling archives and experience
in multiple therapeutic approaches. During the‘outer-loop service’phase, the
psychological counseling agents provide professional and precise psychological
assessment and intervention services for real college student clients based on the
outcomes of the ‘inner-loop training’. The system is expected to become an
effective auxiliary tool for college student psychological counseling, supporting
mental health services in universities.

Full Text
The Application of Large Language Model-based Intelligent
Agents in College Students’Psychological Counseling
Guo Jing1, Wang Pei2, Ma Yinzhe3, Chen Luxi4, Guo Ke4, Hu Yanxi2,
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Abstract
College students face increasingly complex mental health challenges, while
traditional university psychological counseling models exhibit certain limita-
tions. To address this, our study innovatively proposes a technical framework
that integrates psychology and artificial intelligence. By incorporating
domain-specific knowledge and data from psychological counseling into a
foundation large language model, we construct a multi-agent collaborative
system comprising three types of psychological counseling agents—assessor,
counselor, and supervisor—alongside a college student agent, forming an
“assessment-counseling-supervision”workflow. The system adopts a dual-loop
mode of “internal training and external service.”During the internal training
phase, the assessor and counselor agents interact with the student agent
in virtual scenarios to simulate real counseling processes, utilizing feedback
from the supervisor agent to optimize service strategies while accumulating
personalized counseling profiles and multi-approach intervention experiences.
In the external service phase, the psychological counseling agents deliver
professional and precise psychological assessment and intervention services to
real student clients based on the outcomes of internal training. This system is
expected to serve as an effective auxiliary tool for college student psychological
counseling, supporting university mental health services.

Keywords: intelligent agents, large language models, psychological counseling,
college students

Introduction
As the backbone of future societal development, college students’mental health
is not only crucial for individual growth but also vital for national talent reserves
and social stability. However, amid rapid economic transformation and multi-
cultural influences, issues such as intensified academic competition, virtualiza-
tion of social relationships, and rising employment uncertainty have intertwined,
making mental health challenges increasingly complex for this population. The
China National Mental Health Development Report (2021–2022) reveals that
depression risk detection rates among college students reach 21.48%, while anx-
iety risk detection rates are as high as 45.28% (Fu et al., 2023). Mental health
problems have become a critical issue demanding urgent resolution in higher
education.

High-quality and efficient psychological counseling services play a key role in
preventing and intervening in college students’mental health issues. In recent
years, China has successively issued policies such as the Notice on the “14th
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Five-Year”National Health Plan (2022) and the Comprehensive Action Plan
for Strengthening and Improving Mental Health Work for Students in the New
Era (2023–2025) (2023), explicitly calling for enhanced construction of univer-
sity psychological counseling service platforms. Nevertheless, traditional offline
counseling models face limitations: first, temporal and spatial constraints result
in insufficient service accessibility, as students often struggle to obtain timely
support due to class conflicts or geographical barriers; second, face-to-face coun-
seling can trigger “stigma,”reducing students’willingness to seek help (Li et
al., 2023). While emerging online counseling platforms have overcome these spa-
tiotemporal barriers and reduced stigma through virtual interactions, they still
face three bottlenecks: inadequate professionalism, as some platforms lack stan-
dardized psychological knowledge and offer only superficial emotional support;
lack of specificity, ignoring the heterogeneity of college students’mental health
issues and adopting a one-size-fits-all standardized response; and insufficient
traceability, failing to establish personalized counseling profiles or long-term in-
tervention plans, resulting in fragmented services (Tencent Research Institute,
2024).

Breakthroughs in generative artificial intelligence offer new opportunities to ad-
dress these challenges. Large language model (LLM)-based intelligent agents,
with their autonomy, reactivity, proactivity, and social capabilities (Akhtar
& Nauman, 2015), demonstrate potential for providing human-like psycholog-
ical support in complex scenarios. Although existing research has proposed
psychological counseling agents and preliminarily validated their effectiveness,
current systems still lack closed-loop processes for psychological assessment and
intervention services, as well as mechanisms for optimal approach matching
(Na, 2024). Grounded in an interdisciplinary perspective, our study integrates
domain-specific knowledge and data from psychological counseling into a foun-
dation LLM to construct a multi-agent collaborative system for “assessment-
counseling-supervision,”proposing a dual-loop mode of “internal training and
external service.”This aims to develop an intelligent psychological counseling
assistant tool for college students, promoting the continuous development of uni-
versity mental health service systems toward greater professionalism, precision,
and systematization.

2.1 Large Language Model-based Intelligent Agent Tech-
nology Framework
An intelligent agent is an entity capable of perceiving its environment, making
autonomous decisions, and executing tasks, with the ability to simulate human
cognition and interaction (Qu et al., 2025). As AI technology has evolved, agent
technology has progressed through stages of symbolic logic-driven, reactive be-
havior control, and reinforcement learning optimization (Xi et al., 2025). Tra-
ditional agents often suffer from excessive abstraction and insufficient scenario
adaptability, whereas LLM-based agent technology overcomes these limitations.
Large models (e.g., Qwen, ChatGPT), trained on massive multimodal data (e.g.,
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text, video), compress and internalize real-world knowledge through ultra-large-
scale parameters, endowing agents with powerful language understanding, log-
ical reasoning, and creative generation capabilities (Xiao et al., 2024). The
LLM-based agent technology framework uses large models as its foundation,
supporting both single-agent construction and multi-agent collaboration.

2.1.1 Single-Agent Construction

A single agent refers to an intelligent entity that can independently execute
specialized tasks. Its basic architecture comprises four core modules: profile,
memory, planning, and action. Through non-parametric prompting and para-
metric training methods, personalized data is integrated to effectively simulate
specific individuals (Wang, Ma et al., 2024; Mou et al., 2024).

To ensure simulation accuracy, constructing an agent architecture that accu-
rately replicates individual characteristics is crucial (Yuan & Chen, 2025), re-
quiring a balance between theoretical abstraction and practical implementation
to fully capture the complexity of human behavior. The architecture consists of
the following modules: (1) Profile Module: Defines the agent’s basic attributes
and characteristics, representing the uniqueness of the simulated individual.
Profiles are divided into descriptive and conversational types. Descriptive pro-
files directly articulate background information through natural language, while
conversational profiles demonstrate interaction characteristics through dialogue
examples (Wang et al., 2023; Yu et al., 2024). Construction methods include
manual compilation and LLM generation. Manual compilation combines do-
main knowledge to manually define agent attributes, ensuring accuracy. LLM
generation uses a few keywords to automatically expand complete, logically con-
sistent agent settings, supporting rapid large-scale deployment (Cheng et al.,
2023; Wang et al., 2025). (2) Memory Module: Stores historical information
from agent-environment interactions, overcoming LLMs’limited context win-
dows. Memory is divided into short-term and long-term. Short-term memory
records current task context for immediate decision-making, while long-term
memory stores persistent domain knowledge and personalized profiles, enabling
efficient retrieval and dynamic updates through databases (Xiang et al., 2023;
Tang et al., 2026). Memory operations include writing, retrieval, and reflection.
Writing records dialogue history and observations in real time. Retrieval fetches
database information based on specific rules. Reflection refines optimization
strategies and updates long-term memory, driving knowledge evolution (Park
et al., 2023). (3) Planning Module: Guides agents in formulating action
strategies based on goals, simulating individuals’thought processes during in-
teraction. Planning is divided into subjective and empathic types. Subjective
planning outputs deterministic strategies based on preset rules, while empathic
planning generates action plans by analyzing other agents’intentions (Xie et al.,
2024; Lee, Lee et al., 2024). (4) Action Module: Converts planning results
into concrete outputs, serving as the interface for simulating human behavior.
Actions are divided into closed-domain and open-domain. Closed-domain ac-
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tions are limited to predefined operation sets, while open-domain actions allow
free content generation to adapt to complex scenarios (Horton, 2024; Zhou et
al., 2024). Additionally, action scenarios can be categorized into simple dialogue
scenarios and elaborately shaped scenarios (Brahman et al., 2021; Chen, Chen
et al., 2024).

Construction methods aim to integrate real individual data into LLMs to
achieve effective alignment between agents and simulated individuals (Chai
et al., 2025), primarily divided into two categories: first, non-parametric
prompting, which directly inputs role data into LLM prompts using natural
language, leveraging LLMs’in-context learning to simulate role behavior (Wei
et al., 2022); second, parametric training, which adjusts LLM parameters
through pre-training, supervised fine-tuning (SFT), or reinforcement learning
(RL) to deeply adapt agents to specific roles. Pre-training directly trains models
on large-scale domain data, SFT optimizes model weights using labeled data,
and RL guides models to learn optimal strategies in dynamic environments
through reward functions (Salemi et al., 2024; Deng et al., 2023; Shea & Yu,
2023). In single-agent construction, all four modules can be implemented using
non-parametric prompting (Mou et al., 2024). Furthermore, the profile module
can be established through pre-training or SFT, the memory module relies on
database technology for writing, retrieval, and reflection, the planning module
uses chain-of-thought for reasoning, and the action module can be iteratively
optimized through RL (Ran et al., 2024; Zhong et al., 2024; Lee, Moon et al.,
2024; Chawla et al., 2023).

2.1.2 Multi-Agent Collaboration

Although single agents can execute specific tasks through specialized construc-
tion, they still face limitations such as insufficient knowledge sharing and low
collaboration efficiency when dealing with dynamic complex scenarios. Multi-
agent collaboration systems significantly enhance complex task-solving effec-
tiveness by integrating the differentiated capabilities of multiple single agents
(Guo et al., 2025). The implementation process consists of three stages: first,
integrating core elements to build the collaboration system; second, applying
the system to real scenarios based on specific patterns; and finally, conducting
comprehensive evaluation of the system’s collaborative effectiveness.

A multi-agent collaboration system refers to an organization where multiple
agents, through restricted communication methods, assume different roles to
jointly complete tasks in a specific environment. The system comprises four
elements: (1) Environment Element: Defines the virtual scenario for agent
interaction. The environment includes four attributes: configuration, which sets
system background information and initial goals; state, covering real-time infor-
mation about the environment and other agents; history, recording temporal
changes in environmental states during collaboration; and tools, providing pro-
fessional resources required for task execution (Hong et al., 2024; Chen, Jiang et
al., 2024; Chen, Dong et al., 2024; Liang, Wu et al., 2024). (2) Role Element:
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Assigns agent functions according to task requirements. Participants directly
execute specific tasks, while guides coordinate task processes and resource al-
location (Ni & Yang, 2024; Xiong et al., 2023). (3) Organization Element:
Specifies collaboration rules among agents. Organizational forms define task
division among agents, while organizational structures design collaboration hi-
erarchies (Yan & Xiang, 2025; Hao et al., 2025). (4) Communication Ele-
ment: Controls information exchange between agents. Communication forms
support natural language dialogue and structured instructions, while communi-
cation styles are divided into cooperative and competitive interactions (Du et
al., 2024; Fan et al., 2025). In cooperative interactions, multi-agents share com-
mon goals aimed at optimizing collective outcomes; in competitive interactions,
agents typically hold opposing views, striving to outperform each other.

Based on different task objectives, multi-agent collaboration adopts two modes:
first, social simulation mode, which constructs virtual social scenarios
where agents simulate group behavior through human-like interactions and
autonomously evolve social dynamics, used for social phenomenon simulation
and resource allocation optimization (Chuang et al., 2024). Second, problem-
solving mode, which is oriented toward solving specific domain problems,
with agents achieving goals through automated decision-making and efficient
collaboration based on preset role functions (Tang et al., 2024).

Multi-agent collaboration evaluation focuses on task-solving effectiveness, in-
cluding: overall assessment measuring system-wide goal achievement, subtask
assessment analyzing individual agent decision quality and contribution, and
system assessment quantifying technical indicators such as response speed and
resource consumption (Liang, He et al., 2024; Qian et al., 2024; Tan et al., 2024).
Evaluation methods include human scoring, LLM scoring, and automated scor-
ing.

2.2 Domain Knowledge in Psychological Counseling
Although multi-agent collaboration systems provide general methodologies for
task coordination in complex scenarios, their effective implementation in psy-
chological counseling must deeply integrate domain knowledge. Psychological
counseling is a professional task that is both structured and contextualized. Its
domain knowledge encompasses three core dimensions: counseling process, coun-
seling approaches, and counseling assessment, which systematically regulate the
basic framework, technical pathways, and quality standards of psychological
services.

2.2.1 Counseling Process

The counseling process consists of a series of stage-specific tasks. Although
different counseling approaches vary in stage division, they generally follow a
basic framework comprising five stages: (1) Engagement and Orientation:
Clarifying client needs and counseling fit through preliminary communication to
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determine whether to establish a formal counseling relationship. (2) Problem
and Personal Exploration: Assisting clients in clarifying both manifest symp-
toms and underlying causes of mental health issues, focusing not only on external
events’impact but also guiding clients to explore potential connections among
cognitive patterns, emotional responses, and behavioral strategies. (3) Goal
and Plan Formulation: Based on “needs-gap analysis,”jointly establishing
quantifiable intervention goals and phased action plans tailored to client char-
acteristics and environmental resources. (4) Action and Change: Employing
specific counseling approach techniques to facilitate client change, dynamically
monitoring resistance or regression, and adjusting service strategies accordingly.
(5) Evaluation and Termination: Assessing service quality through standard-
ized tools and qualitative feedback, while guiding clients to summarize growth
experiences to consolidate intervention outcomes (Jiang, 2012).

2.2.2 Counseling Approaches

Counseling approaches include structured and unstructured categories, differing
primarily in technical pathways. Structured approaches emphasizing system-
atic intervention include: (1) Cognitive Behavioral Therapy (CBT): Based
on the“cognition-emotion-behavior”triadic model, improving emotional distress
by identifying automatic thoughts, correcting cognitive biases, and restructur-
ing core beliefs (Beck, 2020; Meng & Zhong, 2024). (2) Solution-Focused
Brief Therapy (SFBT): Centered on future orientation and resource focus,
achieving short-term, efficient intervention by activating individual potential
(Corey, 2016; Luo & Du, 2023). Unstructured approaches emphasizing open
exploration include: (1) Psychoanalytic Therapy: Revealing unconscious
conflicts and defense mechanisms through free association, transference analy-
sis, and other techniques to reconstruct psychodynamic patterns (Ye & Yang,
2023; Guo, 2024). (2) Humanistic Therapy: Creating a non-judgmental at-
mosphere through unconditional positive regard, empathic understanding, and
congruent expression to stimulate clients’self-healing potential (Maslow, 1987;
Wang et al., 2022).

2.2.3 Counseling Assessment

Counseling assessment, centered on quality standards, runs through the entire
service process and encompasses three types: (1) Formative Assessment:
Prospective evaluation of counseling plans through indicators such as plan sci-
entificity and technical appropriateness. (2) Process Assessment: Measuring
counselors’professional competence and empathy using tools like the Psycholog-
ical Counselor Assessment Questionnaire, while dynamically monitoring client
satisfaction (Luo et al., 2025). (3) Outcome Assessment: Quantifying im-
provements in clients’mental states based on pre-post differences in tools like
the Depression Anxiety and Stress Scale (DASS) to evaluate intervention effec-
tiveness (Huang et al., 2025).
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2.3 Current Application Status of Agent Technology in Psy-
chological Counseling
Current research on LLM-based agent technology in psychological counseling
primarily focuses on constructing two types of single agents: assessor and coun-
selor agents. Benefiting from agents’highly human-like characteristics, they can
provide high-quality psychological assessment and intervention services to real
clients. These agents use LLMs as their foundation, established through meth-
ods such as prompt engineering embedded with psychological counseling theo-
ries (e.g., standardized mental health scales, psychological intervention expert
guidelines) and supervised fine-tuning aligned with counseling dialogue histories
(e.g., real assessor-client dialogue data, online counseling platform Q&A data)
(Yang et al., 2024; Chen, Zhang et al., 2024; Lai et al., 2024; Soman et al.,
2025). Researchers have validated their effectiveness through multiple methods,
including human scoring by real counselors, LLM scoring by client agents, and
automated scoring against psychological counseling benchmark datasets (Zhu
et al., 2025; Wang, Xiao et al., 2024; Zhang et al., 2025).

However, existing single agents face challenges such as divergent content gener-
ation and scarce real data, with multi-agent collaboration systems offering new
solutions. Inspired by real counseling scenarios, researchers have introduced
supervisor agents. Through regular reflection, these agents provide feedback to
assessor and counselor agents from a third-party perspective to correct service
direction deviations and alleviate content divergence issues (Lan et al., 2024; Xu,
2025). Other studies have constructed client agents simulating mental illness
using limited real client counseling profiles and dialogue histories. By simu-
lating conversations between assessor/counselor agents and client agents, they
effectively augment real data to promote autonomous evolution of assessor and
counselor agents’service capabilities (Lan et al., 2024; Qiu et al., 2024).

Nevertheless, existing research still has limitations: it primarily targets pa-
tients with mental illnesses, paying insufficient attention to the general pop-
ulation with common mental health issues; psychological assessment and inter-
vention services operate independently without effective integration; counselor
agents typically master only a single approach, lacking mechanisms to match
clients with optimal approach-specific counselors. To address these issues, our
study aims to build a multi-agent collaborative system integrating“assessment-
counseling-supervision”functions, design an optimal approach matching deci-
sion mechanism, and introduce college student agents simulating mental health
issues to enhance the comprehensive service capabilities of psychological coun-
seling agents.

3.1 Single-Agent Construction in the Psychological Coun-
seling Domain
Based on the traditional psychological counseling service framework, this study
categorizes agents into two types: psychological counseling agents and college
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student agents. Psychological counseling agents are further subdivided into
assessor, counselor, and supervisor agents, responsible for psychological assess-
ment, intervention, and supervision functions, respectively. College student
agents simulate heterogeneous mental health issues to provide virtual training
scenarios for counseling agents. The basic architectures and construction meth-
ods of these two agent types differ, as shown in Table 1 .

3.1.1 Construction of Psychological Counseling Agents

The three types of psychological counseling agents—assessor, counselor, and su-
pervisor—adopt a modular architecture design. By integrating domain-specific
knowledge and data from psychological counseling, they achieve fine-grained
simulation of real practitioners’behaviors, thereby enhancing service profes-
sionalism and specificity to align with the structured and contextual nature of
counseling tasks.

Based on the four modules of profile, memory, planning, and action, we con-
struct the basic architecture of psychological counseling agents: (1) Profile
Module: Counseling agents define role identities through descriptive profiles
(e.g., “You are a university psychological assessor”), combined with manu-
ally compiled background data from real assessors (e.g., scale items and inter-
pretation methods, information mining techniques), counselors (e.g., approach-
specific expert guidelines, empathy skills), and supervisors (e.g., supervision
theoretical models, guidance strategies) to ensure accurate identity descriptions.
The system continuously summarizes existing background data and dynamically
introduces new real practitioner samples to update profiles. Sensitivity analysis
is conducted across multiple dimensions, including data increments, parameter
perturbations, and sample distribution changes, to evaluate the robustness and
convergence of counseling agent profiles. If prediction errors remain below set
thresholds under various perturbation conditions and overall performance stabi-
lizes with increasing background data, the current data is considered sufficient.
(2) Memory Module: Short-term memory writes current-round counseling
dialogue history, while long-term memory stores domain knowledge and stu-
dent counseling profiles, retrieving information dynamically based on temporal
recency, content importance, and contextual relevance. The supervisor agent
adds a memory reflection operation, analyzing interaction records among asses-
sor, counselor, and student agents to extract optimization strategies for psycho-
logical assessment and intervention services, updating the long-term memory
of assessor and counselor agents accordingly to drive autonomous evolution of
domain knowledge. (3) Planning Module: Counseling agents combine subjec-
tive and empathic planning. Subjective planning formulates structured service
strategies based on counseling theories, simulating real practitioners’decision
logic. Empathic planning enables the supervisor agent to provide dynamic ad-
justment suggestions based on student agents’mental state changes during di-
alogue, transmitting these suggestions in text form to assessor and counselor
agents. (4) Action Module: Open-domain action is adopted to accommodate
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heterogeneous mental health issues among student clients, with simple dialogue
scenarios designed to support multi-turn conversational interactions.

Combining non-parametric prompting and parametric training methods inte-
grates domain data into counseling agents. The desensitized data covers multi-
dimensional, multi-modal resources that comprehensively reflect real assessors’,
counselors’, and supervisors’knowledge systems and practical experiences, cat-
egorized into three types: (1) Basic Counseling Data: Derived from govern-
ment reports, questionnaires, and social media, integrating empirical research
findings on college student mental health to analyze common stressors (e.g., aca-
demic competition, dormitory conflicts), mental health issues (e.g., depression,
anxiety), and influencing factors. (2) Theoretical Counseling Data: Sourced
from academic works, journal articles, and expert guidelines, integrating core
models and methodologies in psychological counseling. (3) Practical Counsel-
ing Data: Encompassing counseling profiles (including assessment and interven-
tion outcomes), dialogue histories, and case videos, capturing language patterns,
empathy skills, and service strategies in real counseling scenarios. When prepro-
cessing multimedia data such as recordings and videos into text, paralinguistic
features (e.g., vocal tone, speech rate, pauses) of student clients are simulta-
neously extracted. To align counseling agents’professional capabilities with
real practitioners, basic and theoretical data are input as prompts to counseling
agents. Meanwhile, practical counseling data uses student client utterances as
input and assessor/counselor utterances as output for supervised fine-tuning of
assessor and counselor agents, and uses assessor/counselor utterances as input
and supervisor utterances as output for supervised fine-tuning of the supervisor
agent.

3.1.2 Construction of College Student Agents

Although counseling agents have acquired basic service capabilities through do-
main knowledge and data, their flexibility and adaptability in real contexts re-
main limited. Therefore, this study introduces college student agents as virtual
user proxies, simulating heterogeneous mental health issues to provide high-
fidelity training environments for assessor and counselor agents, helping super-
visor agents optimize service strategies. The student agent architecture includes:
(1) Profile Module: Leveraging LLM generation capabilities, diverse student
agent descriptive profiles are automatically constructed based on real student
background data (e.g., personality traits, mental states) to cover various men-
tal health issues. (2) Memory Module: Only short-term memory is set up to
write current-round counseling dialogue history. (3) Planning Module: Only
empathic planning is retained, allowing student agents to dynamically adjust
their mental states and response content based on counseling agents’service
progress. (4) Action Module: Similarly designed as open-domain action with
simple dialogue scenarios. In terms of construction methods, counseling pro-
files from practical data are used as prompts input to student agents, while
assessor/counselor utterances from practical data are used as input and student
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client utterances as output for supervised fine-tuning of student agents.

3.2 Multi-Agent Collaboration in Psychological Counseling
While independent service modes of single agents can complete basic counseling
tasks, they still exhibit insufficient specificity when addressing the complex and
varied mental health issues of college students. To solve this problem, this study
constructs an“assessment-counseling-supervision”multi-agent collaborative sys-
tem that provides precise psychological assessment and intervention services
through differentiated role division and dynamic interaction mechanisms.

3.2.1 The “Assessment-Counseling-Supervision”Multi-Agent Collab-
orative System

The “assessment-counseling-supervision”multi-agent collaborative system en-
compasses four elements: environment, role, organization, and communication.
(1) Environment Element: Based on campus ecological scenarios, the system
configures background information and sets initial goals for psychological coun-
seling services. The supervisor agent performs natural language processing (e.g.,
clustering analysis, sentiment analysis) on each round of student agent replies
(text or text transcription of voice replies), simultaneously extracting paralin-
guistic features from speech to comprehensively assess mental states. Student
counseling profiles are written into each counseling agent’s long-term memory,
retaining historical assessment and intervention outcomes to support dynamic
tracking across multiple counseling sessions. The counselor agent integrates a
mental health toolbox, enabling API calls to empirically validated third-party
tools (e.g., electronic diaries, meditation music software) to enhance service
flexibility. (2) Role Element: Based on functional differences, agents are
divided into participants and guides. Participants include the assessor agent im-
plementing psychological assessment subtasks, the counselor agent undertaking
intervention subtasks, and the student agent simulating heterogeneous mental
health issues. The guide is the supervisor agent, which supervises assessment
and intervention subtasks and monitors service quality. (3) Organization El-
ement: A standardized organizational form is adopted. The assessor agent
handles the engagement/orientation and problem/personal exploration stages,
the counselor agent leads the goal/plan formulation and action/change stages,
and the supervisor agent controls the evaluation/termination stage. The or-
ganization uses a hierarchical structure: the first layer fixes the student agent
to sequentially receive interventions from multi-approach counselor agents, ac-
cumulating multi-approach intervention experience for the same mental health
issue; the second layer introduces student agents with different mental health
issues, each repeating the first-layer intervention process to enhance counsel-
ing agents’adaptability to various problems. (4) Communication Element:
Based on counseling business characteristics, both counselor and client agents
use natural language dialogue. The communication style is cooperative inter-
action, enabling information sharing and collaborative decision-making among
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agents.

3.2.2 The “Internal Training-External Service”Dual-Loop Mode

The“assessment-counseling-supervision”multi-agent collaborative system adopts
a dual-loop mode of “internal training and external service,”as shown in Fig-
ure 1 [Figure 1: see original paper]-a. In the internal training phase, as-
sessor and counselor agents interact with student agents in virtual scenarios
to simulate real counseling processes, using supervisor agent feedback to opti-
mize service strategies while accumulating personalized counseling profiles and
multi-approach intervention experiences. This includes: (1) Psychological
Assessment Subtask: The assessor agent conducts mental health assessment
on student agents through text or voice (with simultaneous paralinguistic fea-
ture extraction during text transcription), passing text-based assessment results
to the supervisor agent. The supervisor agent compares the assessor agent’s
results with the student agent’s preset profile, analyzes assessment error causes
based on dialogue history, generates assessment optimization suggestions, and
writes them into the assessor agent’s long-term memory to drive service strategy
iteration, as shown in Figure 1-b. (2) Psychological Intervention Subtask:
The counselor agent provides targeted intervention services to student agents
based on the assessor agent’s results. Student agents complete the Depression
Anxiety Stress Scale before and after intervention and submit the Psychological
Counselor Assessment Questionnaire post-intervention. The supervisor agent in-
tegrates pre-post DASS differences and assessment questionnaire results, reflects
on low-scoring items for the counselor agent based on dialogue history, extracts
intervention optimization strategies, and synchronizes them to the counselor
agent’s long-term memory, as shown in Figure 1-c. Additionally, the system
establishes a student counseling profile database, supplementing intervention
outcomes from different approach counselor agents based on different student
agents’assessment results, on top of real counseling profiles, to provide data for
subsequent personalized services.

In the external service phase, psychological counseling agents are presented
as static virtual avatars, interacting with real student clients through text or
voice chat. Based on internal training outcomes, this phase provides profes-
sional and precise psychological assessment and intervention services to real
students, including: (1) Psychological Assessment Subtask: The assessor
agent conducts text or voice assessment (with simultaneous paralinguistic fea-
ture extraction) on student clients and triages them based on psychological
risk levels, as shown in Figure 1-d. (2) Psychological Intervention Subtask:
The supervisor agent first retrieves the most matched counseling profile from the
multi-approach intervention experience database built during internal training.
Then, based on DASS and assessment questionnaire results recorded in the pro-
file, the supervisor agent matches the student client with the optimal-approach
counselor agent. The designated counselor agent conducts precise intervention
based on the assessor agent’s results, guiding the student to explore potential
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solutions and calling mental health tools to assist self-regulation. The supervi-
sor agent monitors the entire service process, terminates service appropriately,
and summarizes intervention outcomes to enhance the student’s self-efficacy, as
shown in Figure 1-e. Simultaneously, the system feeds real counseling dialogue
histories generated during external service back into practical counseling data
for continuous optimization of counseling agents in internal training.

3.2.3 Evaluation of the “Assessment-Counseling-Supervision”Multi-
Agent Collaborative System

The service quality of the “assessment-counseling-supervision”multi-agent col-
laborative system is evaluated by three types of indicators: (1) Overall Assess-
ment: Before system implementation, real psychological counseling experts are
invited to conduct formative assessment of plan design scientificity and tech-
nical application appropriateness. After implementation, experts further use
the Counselor Scale to evaluate overall dialogue effectiveness between counselor
agents and student agents. If the scale score reaches 35 or above, the system
passes validation (Zhu et al., 2025) and is qualified for external service. (2)
Subtask Assessment: First, real counselors conduct counseling with both
real students and student agents in a blinded setting. If real counselors cannot
distinguish between them, the student agent passes the Turing test, proving its
construction validity. Second, real supervisors professionally evaluate the reflec-
tion operations of supervisor agents. Third, supervisor agents quantify assessor
agents’assessment accuracy by comparing their results with student agents’pre-
set profiles. Finally, supervisor agents measure counselor agents’intervention
effectiveness based on student agents’pre-post DASS differences and assess-
ment questionnaire results. Psychological assessment and intervention subtask
assessments are embedded within the dual-loop mode to facilitate long-term
service quality tracking. (3) System Assessment: Automatically calculates
technical indicators such as actual response latency and computational resource
consumption to analyze operational efficiency.

3.2.4 System Ethical and Safety Assurance

Directly applying foundation LLMs to psychological counseling may trigger eth-
ical and safety risks such as privacy breaches, user over-dependence, and AI-
delusional disorder (Morrin et al., 2025). Therefore, this study establishes an
initial safety foundation by integrating domain knowledge and data into the
foundation LLM, and further constructs a comprehensive ethical and safety as-
surance system covering the entire process of system design, testing, and usage.

Design Stage: The system implements multiple risk prevention measures: (1)
Follow Authoritative Guidelines: Using standards such as the national Psy-
chological Counseling Services Part 4: Guidelines for AI Technology-Assisted
Application (2025) and the American Psychological Association’s AI and Psy-
chology (2024) as prompts for counselor agents to establish ethical baselines.
(2) Expert Review: Inviting real psychological counseling experts to conduct
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ethical safety reviews of system design plans according to regulations such as
the AI Technology Ethics Management Service Measures (Trial) (2025) and
Generative AI Service Management Interim Measures (2023), identifying poten-
tial risks and proposing improvements. (3) Dual-Loop Mode: Using virtual
student agents for system optimization during internal training to avoid psy-
chological harm to real students. (4) Risk Triage: The assessor agent triages
student clients based on initial assessment results. If a psychological crisis is
identified, the system immediately alerts the university counseling center and
refers to human emergency services. If at risk for mental illness, service is termi-
nated and human service interfaces are provided. Only low-risk students enter
subsequent system intervention. (5) Clear System Identity: Prominently
displaying “Content generated by AI, please verify carefully”on the system
interface. (6) Usage Time Limits: Setting limits for single-session and daily
cumulative usage to prevent student “AI dependence.”(7) Offline Promo-
tion Module: This module adopts a four-layer technical architecture of data,
algorithm, application, and feedback layers. The algorithm layer, as the core
engine, integrates sub-modules such as user profiling, activity recommendation,
peer matching, plan generation, and feedback rewards to form a closed loop that
motivates student participation in offline social activities.

Testing Stage: The system identifies and corrects potential problems through
multi-dimensional validation: (1) Safety Testing: Following Zhang et al.’s
(2022) framework, system safety is evaluated across six dimensions: correctness,
robustness, fairness, efficiency, explainability, and privacy. This includes veri-
fying output correctness and safety while clarifying service boundaries (suitable
for daily emotional support, not a substitute for professional psychotherapy or
crisis intervention); testing robustness and defense capabilities against abnormal
inputs (e.g., jailbreak prompts, escalating attacks); evaluating service fairness
across different student groups (e.g., gender, ethnicity) to avoid algorithmic
bias; monitoring resource consumption to ensure service efficiency; annotating
theoretical bases for system outputs to enhance transparency and explainabil-
ity; and examining privacy protection in dialogue data storage, transmission,
and processing. (2) Risk Assessment: Referencing Xu et al. (2023), risk as-
sessment is conducted from software safety and personal information protection
perspectives. At the software level, potential technical bias risks are carefully
evaluated (e.g., misjudging student mental states, providing inappropriate ad-
vice), while emergency response plans for psychological crises or other incidents
are pre-established, with emergency help channels prominently provided on the
system interface. At the information level, strict compliance with Cybersecurity
Technology—Basic Security Requirements for Generative AI Services (2025) is
maintained through end-to-end encryption and access control to prevent student
information leakage, misuse, or tampering. A cybersecurity incident emergency
response mechanism is established with regular vulnerability scanning and pen-
etration testing to ensure data confidentiality, integrity, and availability. (3)
Clinical Trials: Real students are recruited for human-AI interaction clinical
trials using randomized controlled, blinded designs to evaluate system safety,
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effectiveness, and user acceptance. The system can only be deployed after suf-
ficient validation.

Usage Stage: The system establishes normalized assurance mechanisms: (1)
Human-in-the-Loop Principle: The system is always positioned as an auxil-
iary tool, with all services conducted under real counselor supervision. (2) Dy-
namic Monitoring: The supervisor agent tracks student clients’mental state
changes in real time by analyzing their text or voice replies. If students persis-
tently exhibit delusional symptoms, excessive emotional attachment, impaired
reality testing, or behaviors such as shouting, wailing, or abnormal laughter, the
system immediately initiates human service procedures.

4 Conclusion and Outlook
Large language model-based intelligent agents represent an important research
direction and auxiliary tool for future college student psychological counseling,
effectively overcoming limitations of traditional university counseling models.
This study innovatively proposes a technical framework integrating psychology
and artificial intelligence: by embedding domain knowledge and data into a foun-
dation LLM, constructing a multi-agent collaborative system for “assessment-
counseling-supervision.”The system introduces a supervisor agent for real-time
supervision and dynamic optimization of counseling processes and adopts a dual-
loop mode of “internal training and external service,”significantly enhancing
counseling agents’professional service capabilities and scenario adaptability.

Specifically, this study advances in three aspects: Professionalism: The sys-
tem supports assessor and counselor agents to retrieve domain knowledge from
long-term memory and employ subjective planning to formulate structured ser-
vice strategies based on manually compiled profiles; supervisor agents write feed-
back suggestions into assessor and counselor agents’long-term memory; counsel-
ing agents are constructed by integrating basic, theoretical, and practical data
using non-parametric prompting and parametric training; and the multi-agent
collaborative system adopts a standardized organizational form. Specificity:
Counseling agents use empathic planning to dynamically adjust service plans
and open-domain action to accommodate diverse emotional expressions; LLM
generation creates student agents with heterogeneous mental health issues; su-
pervisor agents obtain student agents’mental state changes through text/voice
analysis; counselor agents call mental health tools; and the system employs hier-
archical organizational structures and the dual-loop mode. Traceability: The
system supports cross-session counseling for student clients by storing counsel-
ing profiles in each counseling agent’s long-term memory.

Future research can build upon this technical framework to further explore the
expanded application of LLM-based agents in other domains such as medicine
and education, actively promoting the effective implementation of the State
Council’s Opinions on Deepening the“AI Plus”Action (2025) in diverse social
scenarios, and contributing to the strategic goal of“using AI to improve public
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services and social governance”(Xi, 2018).
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