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Abstract

Creating effective dialogue systems for men-
tal health support requires high-quality multi-
turn counseling dialogue data, yet collecting
real counselor-client conversations presents
significant challenges, including privacy con-
cerns, high costs, and limited scalability. We
present Interactive Agents, a novel frame-
work that simulates naturalistic counseling dia-
logues through controlled LLM-to-LLM inter-
actions. The framework introduces two key
innovations: (1) a personalized client agent
that maintains consistent psychological char-
acteristics throughout a session, and (2) a
counselor agent that implements a theoreti-
cally grounded three-stage therapeutic model
comprising the exploration, insight, and action
phases. Through rigorous evaluation using both
automatic metrics and professional-counselor
assessments based on the Working Alliance In-
ventory, we demonstrate that our framework
generates therapeutically valid dialogues that
are comparable in quality to human-generated
sessions. Models fine-tuned on our proposed
synthetic dataset (SimPsyDial) achieve state-
of-the-art performance in a standard pairwise
chatbot-arena evaluation of LLM-based coun-
selors. Our framework provides a scalable,
privacy-preserving method for generating high-
quality counseling dialogue data while main-
taining professional therapeutic standards.1

1 Introduction

Mental health is essential to individual well-being
and social functioning. However, due to the short-
age of professional counselors and the growing de-
mand for mental health support, researchers have
explored AI-based approaches to developing in-
telligent agents equipped with professional coun-
seling skills (Li et al., 2023b). An early example

* Corresponding author.
1The code, data, and models are available at

https://github.com/qiuhuachuan/interactive-agents.

is ELIZA (Weizenbaum, 1966), a rule-based con-
versational agent designed to emulate therapeutic
dialogue. More recently, the rapid development of
large language models has opened new opportuni-
ties for building psychological counseling agents.
However, the lack of domain-specific data contin-
ues to hinder the development of dialogue systems
for psychological counseling. Therefore, collecting
high-quality counseling dialogue datasets remains
a central challenge in this field.

Prior work has introduced an online mental
health platform that enables professional coun-
selors to provide text-based counseling services
to clients (Li et al., 2023a). Other studies have
attempted to transform long-form single-turn coun-
seling dialogues or anonymized psychological
counseling reports into multi-turn counseling di-
alogues (Qiu et al., 2024a; Zhang et al., 2024a;
Chen et al., 2023). Although these approaches
have advanced data construction for psychologi-
cal counseling, they still face several limitations.
First, collecting real-life counselor-client interac-
tions is time-consuming, costly, privacy-sensitive,
and difficult to scale (Liu et al., 2023; Li et al.,
2023a). Second, although many studies use propri-
etary LLMs (e.g., GPT-4) to transform long-form
single-turn counseling dialogues or anonymized
psychological counseling reports into multi-turn
dialogues, such reconstruction-based approaches
do not capture the interactive dynamics between
counselors and clients in real-world counseling ses-
sions (Zhang et al., 2024a; Qiu et al., 2024a; Chen
et al., 2023).

Research on interactive simulacra (Park et al.,
2023; Dai et al., 2024; Grossmann et al., 2023; Ab-
basiantaeb et al., 2024) has emerged as an impor-
tant direction for developing and evaluating back-
and-forth interactive systems. Motivated by this
line of work, we develop an LLM-to-LLM role-
playing framework to simulate counselor-client in-
teractions and address key challenges in existing
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counseling dialogue data construction. Specifically,
our proposed framework, which we call Interac-
tive Agents, aims to create a scalable, efficient, and
privacy-preserving dataset of professional counsel-
ing dialogues through simulated interactions.

In this work, we explore the extent to which
LLMs can simulate psychological counseling di-
alogues between an experienced counselor and a
help-seeking client, where the client is specified
by a predefined role card. To this end, we sim-
ulate counselor-client conversations by replacing
both human participants with interactive agents,
enabling us to evaluate LLM-based counseling sim-
ulations and compare LLM-generated dialogues
with human-generated dialogues.

This motivates three research questions. RQ1
asks: How can we design LLM agents to effec-
tively simulate the complex dynamics of psycho-
logical counseling while maintaining therapeutic
validity? We address this question by proposing a
role-playing LLM-to-LLM interaction framework,
in which an LLM-based client seeks help and an
LLM-based counselor guides the client to explore
personal values and beliefs, gain insight, and make
positive changes. We implement both the coun-
selor and the client by prompting GPT-4. RQ2 asks:
What evaluation frameworks can effectively assess
both the linguistic and therapeutic quality of sim-
ulated counseling dialogues? RQ3 asks: How do
LLM-generated and human-generated dialogues
compare, and how effective are our synthetic dia-
logues for training therapeutic dialogue systems?
To address these research questions:

(1) We first conduct an extensive independent
evaluation of the client simulation, assessing both
role-playing fidelity and diversity across simulated
clients. To this end, we perform a comparative
analysis of role following and show that role cards
substantially influence the utterances generated by
the client agent. Furthermore, we find that the
diversity of simulated clients is comparable to that
of real clients.

(2) We then evaluate the counselor simulation.
To this end, we adopt the widely used Observer-
rated Short version of the Working Alliance In-
ventory (WAI-O-S) (Darchuk et al., 2000; Bayerl
et al., 2022) to assess the therapeutic quality of the
generated counseling dialogues.

(3) Finally, we conduct extensive experiments to
examine the performance of the dialogue system
fine-tuned on our synthetic data by benchmarking it
against state-of-the-art mental health dialogue mod-

els. We find that our dialogue system significantly
outperforms these strong baselines, including a
model trained on real-life counseling dialogues.

Contributions. We introduce a role-playing
LLM-to-LLM interaction framework, which we
call Interactive Agents, for collecting counselor-
client dialogues in a scalable manner, as shown in
Figure 1. Our core idea is to synthesize a high-
quality counseling dialogue dataset for training
LLM-based counselors. Specifically, our main con-
tributions are fourfold. First, we use GPT-4 to
simulate counselor-client interactions in psycholog-
ical counseling and construct an LLM-generated
dataset, SimPsyDial. Second, we develop and ap-
ply a comprehensive automatic evaluation frame-
work to assess the effectiveness of LLM-based
counselor-client simulation. Third, we fine-tune
two widely used 7B-parameter open-source large
language models and compare the resulting dia-
logue systems with existing state-of-the-art mental
health dialogue models, showing that our models
achieve the strongest overall performance. Fourth,
we release our dialogue models to support further
research on mental health dialogue systems.

2 Related Work

2.1 Interactive Simulacra
Research on LLM-based systems has increasingly
moved toward interactive simulacra (Park et al.,
2023; Xie et al., 2024; Park et al., 2022; Bernard
and Balog, 2024b; Lu et al., 2024). Interactive
agents have been extensively studied in information
retrieval (IR) and conversational AI (Tu et al., 2023;
Owoicho et al., 2023; Balog and Zhai, 2024), where
users engage in multi-turn dialogues with agents to
clarify and refine their queries and retrieve relevant
information. Because LLMs can generate coherent
and contextually appropriate language that resem-
bles human communication, interactive agents are
well suited for simulating humans through natural-
language interaction. Accordingly, a wide range of
human-simulation approaches have been proposed
to model human behavior across various applica-
tions, including education (Hu et al., 2024; Lee
et al., 2023, 2024; Zhang et al., 2024b; Tu et al.,
2023), recommender systems (Afzali et al., 2023;
Bernard and Balog, 2024a; Huang et al., 2024), the
social sciences (Xie et al., 2024; Dai et al., 2024),
medicine (Li et al., 2024; Schmidgall et al., 2024;
Yan et al., 2024), and psychological counseling (Li
et al., 2023b; Wang et al., 2024a,b).
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Several studies have also explored interactive
simulacra in psychological counseling. Li et al.
(2023b) conducted a systematic review and found
that AI-based conversational agents can promote
mental health and well-being. To better assess the
performance of LLM-based counselors, Wang et al.
(2024a) introduced ClientCAST, a client-centered
approach for evaluating the efficacy of LLM thera-
pists through simulated client interactions. Further-
more, Wang et al. (2024b) introduced a patient sim-
ulation framework that uses large language models
to train mental health professionals in cognitive
behavioral therapy. To the best of our knowledge,
our work is the first to use LLMs as annotator-free
counselor-client simulators for generating psycho-
logical counseling dialogues at scale, with client
role cards sampled from a real-life client pool.

2.2 Conversational Agents for Mental Health
LLMs have been widely applied across a range of
domains, including education (Hu et al., 2024; Lee
et al., 2023, 2024; Zhang et al., 2024b; Tu et al.,
2023), recommender systems (Afzali et al., 2023;
Bernard and Balog, 2024a; Huang et al., 2024),
the social sciences (Xie et al., 2024), medicine (Li
et al., 2024; Schmidgall et al., 2024; Yan et al.,
2024), and mental health (Qiu et al., 2023; Li et al.,
2023b; Wang et al., 2024a,b). In this paper, we
focus on conversational agents for mental health.

The use of LLMs in psychological counseling
and mental health support has emerged as an ac-
tive research area (Qiu et al., 2024a; Chen et al.,
2023; Qiu et al., 2024b; Zhang et al., 2024a). Early
work introduced a benchmark (Qiu et al., 2023) for
assessing the safety of model responses in counsel-
ing conversations. Subsequently, many dialogue
models have been developed for both English and
Chinese mental health support. Liu et al. (Liu et al.,
2023) developed ChatCounselor, which is trained
on 260 in-depth interviews and focuses on English
counseling dialogues. In addition, several Chinese
dialogue models have been proposed. MeChat (Qiu
et al., 2024a) is trained on the SmileChat dataset,
which is generated by rewriting single-turn dia-
logues into multi-turn dialogues using ChatGPT.
SoulChat (Chen et al., 2023) is trained on the multi-
turn SoulChatCorpus, which is generated by rewrit-
ing the single-turn SoulChatCorpus into multi-turn
dialogues using ChatGPT and GPT-4. PsyChat
(Qiu et al., 2024b) is trained on RealPsyDial with
Low-Rank Adaptation fine-tuning. CPsyCounX
(Zhang et al., 2024a) is trained on CPsyCounD,

a dataset generated from psychological counsel-
ing reports. Building on these studies, our work
explores LLM-based counselor-client simulation
as a privacy-preserving approach to constructing
counseling dialogues and advancing psychological
counseling dialogue systems.

3 Method

3.1 Problem Definition
Our experimental setup focuses on simulating psy-
chological counseling dialogues, in which an LLM-
based counselor interacts with an LLM-based client
seeking support for mental health concerns. We
denote the LLM-based client by Ω and the LLM-
based counselor by Ψ. Let C denote an ongoing
conversation between the client simulator and the
counselor simulator, represented as a sequence of
utterances {u1, r1, u2, r2, . . . , ut, rt}. The conver-
sation is initiated by the client, with ui denoting
the client utterance at turn i, and ends with the
counselor utterance rt.

3.2 Task Formulation
To evaluate the behavior of simulated agents, we
simulate complete conversations between an LLM-
based counselor and an LLM-based client. We first
collaborate with four professional counselors to
carefully design role cards for LLM-based clients.
Each role card is then incorporated into the client
prompt, and the simulated client interacts with an
LLM-based counselor in a simulation environment.
The LLM-based client is prompted to mimic a
human client by maintaining a consistent conver-
sational style, expressing specific topics and con-
cerns, and discussing life events and emotions. We
generate each conversation by having the client ini-
tiate the interaction with the utterance "Hello." The
interaction continues for up to 50 turns, which is
greater than the average number of turns in a formal
counseling session (Li et al., 2023a), or until the
LLM-based counselor outputs a predefined end to-
ken. Algorithm 1 summarizes the full conversation
simulation procedure.

3.3 Simulation Framework Overview
Although there is no clear definition of a good simu-
lated client, established criteria exist for good coun-
selors. To address RQ1, we propose an LLM-based
simulation framework, whose overall architecture
is shown in Figure 1. The framework consists of
three stages: client-role construction, counselor-
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Figure 1: The overall architecture of our simulation framework. Left panel: construction of client pool. Middle
panel: data collection with interactive simulation. Right panel: model training.

Algorithm 1: Full-Conversation Simula-
tion

Data: LLM-based Client: Ω; LLM-based Counselor:
Ψ; Max Turns: T ; Dialogue Termination
Function: g

Result: Dialogue: d
i← 1;
u1 ← Ω.speak();
r1 ← Ψ.reply(u1);
d← {(u1, r1)};
while i ̸= T or not g(ri) do

i← i+ 1;
ui ← Ω.speak(u1, r1, ..., ri−1);
ri ← Ψ.reply(u1, r1, ..., ri−1, ui);
d← d ∪ {(ui, ri)};

end

client interaction simulation, and dialogue-system
training. After data collection, we evaluate the gen-
erated dialogues to address RQ2 and train dialogue
systems on the collected data, as shown in the right
panel of Figure 1, to examine their downstream
effectiveness and address RQ3.

3.4 Client Simulation
First, to obtain high-quality and diverse role cards
for client simulation, we recruit four professional
counselors (three women and one man; all hold
master’s degrees in psychology) to manually design
client role cards based on PsyQA (Sun et al., 2021),
a publicly available single-turn dialogue dataset
collected from an online professional psycholog-
ical platform2. The left panel of Figure 1 shows
the construction of the client pool. We present
the client simulation prompt in Figure 7 in the ap-
pendix. To address our research questions, we con-
struct a client pool of 1,000 role cards. In addition,
we create another 100 role cards as a held-out test
set for assessing dialogue systems. As shown in
Figure 8 in the appendix, each role card RΩ con-

2https://www.xinli001.com/qa

tains nine elements: gender, age, education, oc-
cupation, marital status, family relationships, Big
Five personality traits, resistance, and chief com-
plaint.

3.5 Counselor Simulation
Prior research has suggested comparable effective-
ness across mainstream psychotherapy approaches
(Wampold, 2013), and no substantial differences
have been found between individual and group
treatments (Piper, 2008; Hill, 2020). This view
is often referred to as the "dodo bird verdict," sug-
gesting that different therapeutic approaches can
be similarly effective. Therefore, we design a coun-
selor agent based on an integrative three-stage ther-
apeutic model that facilitates exploration, insight,
and action. The theoretical foundation of our coun-
selor simulation draws on Hill’s integrative helping-
skills framework (Hill, 2020). Specifically, the
three stages of exploration, insight, and action cor-
respond to client-centered therapy (Rogers, 1946),
psychodynamic therapy (Warren, 1998), and cogni-
tive behavioral therapy (Hofmann et al., 2012), re-
spectively. This integrative framework helps make
our simulations multifaceted and responsive to the
varied needs of clients. Thus, the three-stage model
serves as the cornerstone of our counselor simula-
tion framework. We present the counselor simula-
tion prompt in Figure 9 in the appendix.

Interaction Termination. To avoid infinite in-
teractions between the LLM-based client and coun-
selor agents and to ensure the quality of the sim-
ulated dialogues, we define a set of termination
criteria, as shown in the dashed box in Figure 1. At
each turn, we check whether the LLM-based coun-
selor’s response satisfies the termination criteria.

Response Refinement. To ensure that responses
generated by the LLM-based counselor are natural
and structurally sound, we employ a validation step
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denoted by σ. This component verifies the logic
and naturalness of the generated response. We
observe that although ri is expected to be concise
and easy to understand in our setting, the LLM-
based counselor sometimes generates an overly
lengthy response in a single turn, which differs
from real-life counseling interactions. To address
this issue, we accept a response only if it satisfies
the following criteria: (i) it does not exceed 200
Chinese characters in length, and (ii) it does not
contain newline characters or enumerated items
(e.g., 1, 2, 3). This simple yet effective validation
step helps filter out lengthy and overly verbose
responses.

3.6 Experimental Setup
In our experiments, we use GPT-43 as the base
LLM for simulating the client and counselor agents.
In our preliminary experiments, we also explored
other LLMs, such as GPT-3.5 (Brown et al., 2020),
GLM-4 (GLM et al., 2024), DeepSeek-V2-Chat
(DeepSeek-AI, 2024b), and Qwen1.5-110B-Chat
(Bai et al., 2023), as the client and counselor agents.
However, we find that GPT-4 (OpenAI, 2024) is
the only LLM that can reliably mimic both client
and counselor behaviors in a human-like manner.
Other models struggle with this task, generating ei-
ther overly lengthy utterances or prematurely short
interactions, both of which deviate substantially
from real-world counseling settings.

4 Simulation Evaluation

SimPsyDial Dataset. We first introduce SimP-
syDial, our dataset for evaluating the simulations
produced by the framework described in §3.3. To
collect SimPsyDial, we use GPT-4 to instantiate
both the LLM-based counselor and client agents.
SimPsyDial consists of 1,000 dialogues, with an
average of 13 turns per conversation. Table 1 re-
ports the statistics of SimPsyDial, alongside those
of RealPsyDial, a dataset of real counselor-client
conversations. In the following sections, we ad-
dress RQ2 by evaluating the client and counselor
simulations separately.

4.1 Client Evaluation
Although there is no clear definition of a good simu-
lated client, established criteria exist for good coun-
selors. Simulated clients are expected to behave

3The model we use is gpt-4-1106-preview, with training
data up to April 2023.

Table 1: Statistics of the collected dialogues by simulat-
ing counselor-client psychological counseling with the
LLM-based counselor and client.

RealPsyDial SimPsyDial
# Conversations 550 1000
Avg. Turns per Conversation 40 13
# Client Utterances 22253 12948
# Counselor Utterances 22418 12948
Avg. Len. of Client Utterances 34.5 54.1
Avg. Len. of Counselor Utterances 26.1 70.8

consistently with their role cards throughout coun-
seling sessions. We evaluate the simulated clients
along two dimensions: vocabulary overlap rate and
semantic consistency under a random-mapping con-
trol group. Furthermore, we compare the diversity
of simulated clients with that of real clients. We
describe each evaluation dimension below.

Vocabulary Overlap Rate. Given a role card
RΩ, the LLM-based client interacts with the LLM-
based counselor and produces a dialogue session.
For each generated counseling session, we compute
the vocabulary overlap rate between the client’s ut-
terances and the corresponding role card as follows:

∣∣Set(V (SΩ)) ∩ Set(V (RΩ))
∣∣

|Set(V (RΩ))| (1)

where V (SΩ) and V (RΩ) denote the vocabular-
ies of the client’s utterances in the counseling
session and the role card, respectively. SΩ de-
notes the concatenation of all client utterances, i.e.,
SΩ = u1⊕u2⊕· · ·⊕ut. Set(·) removes duplicate
elements.

Results. The distribution of vocabulary overlap
rates is shown in Figure 2a. We observe that the
mapping group (mean = 0.406; std = 0.083) has a
significantly higher vocabulary overlap rate than
the random group (mean = 0.284; std = 0.060; two-
tailed t-test, p < 0.001). These results suggest that
the LLM-based client better follows its assigned
role card when interacting with the LLM-based
counselor.

Semantic Consistency. To further evaluate the
fidelity of client simulation, we measure seman-
tic consistency using text embeddings. To obtain
the text embedding of a given string, we use the
BAAI/bge-m3 model4, which supports input se-
quences of up to 8,192 tokens. Each string is en-
coded into a 1,024-dimensional vector. Specifically,
we compute the cosine similarity between the role
card and the concatenation of the client’s utterances

4https://huggingface.co/BAAI/bge-m3
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SimPsyDial.

as follows:

cos(RΩ, SΩ) =
ep · es

∥ep∥ ∥es∥
, (2)

where ep and es denote the text embeddings of
the role card and the concatenation of the client’s
utterances, respectively.

Results. The distribution of cosine similarities is
shown in Figure 2b. We observe that the mapping
group (mean = 0.791; std = 0.056) has significantly
higher semantic similarity than the random group
(mean = 0.570; std = 0.059; two-tailed t-test, p <
0.001). These results further suggest that the LLM-
based client is strongly conditioned on its assigned
role card when interacting with the LLM-based
counselor.

Diversity of Clients. The diversity of counsel-
ing sessions is often shaped by the diversity of
clients. We follow the evaluation setting used in Re-
alPsyDial (Li et al., 2023a), a widely used dataset
of real counselor-client conversations. Specifically,
we use the method proposed by Qiu et al. (Qiu

et al., 2024a), which prompts Qwen1.5-110B-Chat
in a zero-shot setting with a predefined set of 60 top-
ics to identify topics related to clients’ chief com-
plaints. To improve the reliability and consistency
of topic assignment, we prompt Qwen1.5-110B-
Chat to assign topics to the concatenated client
utterances in each dialogue over three rounds and
compute the information entropy of the topic dis-
tribution in each round.

Results. The topic distributions of RealPsyDial
and SimPsyDial are shown in Figure 3. We ob-
serve that the information entropy of topics related
to clients’ chief complaints in SimPsyDial (mean
= 4.526; std = 0.009) is slightly lower than that
in RealPsyDial (mean = 4.875; std = 0.020), al-
though the difference is not statistically significant
at the 0.05 level (two-tailed t-test, p = 0.055). Fur-
thermore, we find that the topic distributions of
RealPsyDial and SimPsyDial are broadly similar
in terms of both topic categories and their corre-
sponding frequencies, suggesting that SimPsyDial
is comparable to RealPsyDial in client-side topic
diversity.

4.2 Counselor Evaluation
4.2.1 Analysis of Working Alliance Inventory
Motivated by the growing use of LLMs as judges
and the use of the Working Alliance Inventory
(WAI) for assessing psychological counseling ses-
sions, we use LLMs as observer-raters to evaluate
the quality of counseling sessions. The WAI as-
sessment prompt is presented in Figure 11. For the
questionnaire items and scoring guidelines used in
our paper, we follow prior work (Darchuk et al.,
2000; Bayerl et al., 2022). To improve scoring
reliability and consistency, we prompt Qwen1.5-
110B-Chat to assign scores to each conversation in
three independent rounds and average the scores
across the three rounds for each questionnaire.

Results. Figure 4 compares the WAI-O-S scores
of RealPsyDial and SimPsyDial. SimPsyDial
achieves a significantly higher Goal score (mean
= 6.045; std = 0.265) than RealPsyDial (mean =
5.505; std = 0.744; p < 0.001). Similarly, SimPsy-
Dial obtains a significantly higher Task score (mean
= 6.191; std = 0.417) than RealPsyDial (mean =
5.695; std = 0.690; p < 0.001). SimPsyDial also
achieves a significantly higher Bond score (mean
= 5.953; std = 0.190) than RealPsyDial (mean =
5.807; std = 0.507; p < 0.001).

Overall, SimPsyDial exhibits higher mean scores
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across the Goal, Task, and Bond dimensions
than RealPsyDial, indicating stronger therapeutic-
alliance quality. SimPsyDial also shows lower stan-
dard deviations across all three dimensions, sug-
gesting lower variability and more concentrated
score distributions. Furthermore, Figure 5 presents
example dialogue sessions from RealPsyDial and
SimPsyDial.

5 Dialogue System

5.1 Mathematical Formulation
To train a dialogue system for psychological coun-
seling, we split each full dialogue d ∼ D into
multiple training instances. Specifically, a sam-
pled t-turn dialogue prefix can be represented as
dt = (u1, r1, u2, r2, . . . , ut, rt), where ui and ri
denote the client utterance and counselor response
at turn i, respectively. We then train a dialogue
model to predict the counselor response rt given
the dialogue history ht = (u1, r1, u2, r2, . . . , ut).
Our objective is to fine-tune a large language model
π0 on the synthetic dialogue dataset D using super-
vised learning, i.e., maximum likelihood estimation
(MLE):

JSFT(θ) = −E(ht,rt)∼D [log πθ(rt | ht)] , (3)

where πθ is initialized from π0.

5.2 Experimental Setup
5.2.1 Comparison Models
MeChat (Qiu et al., 2024a) is trained on the
SmileChat dataset, which is generated by rewrit-
ing single-turn dialogues into multi-turn dialogues
using ChatGPT. SoulChat (Chen et al., 2023) is
trained on the multi-turn SoulChatCorpus, which
is generated by rewriting the single-turn SoulChat-
Corpus into multi-turn dialogues using ChatGPT
and GPT-4. PsyChat (Qiu et al., 2024b) is trained

on RealPsyDial with Low-Rank Adaptation fine-
tuning. CPsyCounX (Zhang et al., 2024a) is trained
on CPsyCounD, a dataset generated from psycho-
logical counseling reports.

5.2.2 Implementation Details
Backbone Models. To assess the utility of our col-
lected dataset, we conduct fine-tuning experiments
on two widely used 7B-parameter large language
models, namely Qwen2-7B-Instruct (Yang et al.,
2024) and DeepSeek-LLM-7B-Chat (DeepSeek-
AI, 2024a).

Training Data Format. To meet the format re-
quirements for instruction-based fine-tuning, we
split each dialogue into multiple training samples,
each ending with the counselor’s response. In ad-
dition, we prepend the system prompt, as detailed
in Figure 9, to the dialogue messages following
OpenAI’s data format.

Full Fine-tuning. Given sufficient data and
computational resources, full fine-tuning allows
all model parameters to be updated and can better
adapt the model to the target task. Therefore, we
use full fine-tuning to train the dialogue systems.

Hyperparameters. We conduct all model-
training experiments on NVIDIA A100 80GB
GPUs. During fine-tuning, we use 4 GPUs, set the
per-device training batch size to 1, and set the num-
ber of gradient accumulation steps to 2, meaning
that gradients are accumulated over two steps be-
fore each parameter update. The learning rate is set
to 1×10−5. We adopt a cosine learning-rate sched-
uler to adjust the learning rate throughout training.
Training runs for two epochs. To accelerate train-
ing and balance model performance, we use 16-bit
half-precision training. To support evaluation, we
set the validation split ratio to 0.001. We imple-
ment fine-tuning using LLaMA Factory (Zheng
et al., 2024), an efficient model-tuning framework.

5.3 Interaction with Multiple Counselors
Evaluation Setting. To ensure high-quality eval-
uation, we use both human annotators and LLM-
as-a-judge (Zheng et al., 2023) to select the better
response from two shuffled candidate responses
given a dialogue history. The corresponding algo-
rithm is summarized in Algorithm 2. Motivated
by a previous study (Zhang et al., 2023), we de-
sign an evaluation platform that enables simultane-
ous interaction with multiple virtual counselors, as
shown in Figure 15. For each dialogue, two com-
parison models are randomly selected. We present

416



你好

你好！很高兴你来到这里。最近有什么想要聊聊或者困
扰你的事情吗？

嗯，我感觉我自己好矛盾，做什么都不对劲，你懂吗？我就是
对自己有种彻底的否定感。

听起来你对自己很严厉，能分享一些具体发生了
什么事让你有这样的感受吗？

我从小就一直觉得缺少爱，爸妈工作忙，没怎么管过我。我现在好
像总想要很多的爱和安全感，但我感觉这变成了一种病态的追求。

感受到缺乏关爱可能会对你的自我认知产生深远的影响。你觉得这
种对爱和安全感的追求，对你现在的生活有什么具体的影响呢？

充足

好的,谢谢你的信任。你好，我们的咨询是遵循保密等咨询伦理，请你放心交流，如
果你觉得可以的话，我么就开始今天的咨询吧~

我是开始说我的问题吗？

嗯嗯，你可以说说今天想聊点什么呢

想聊聊个人成长，辞职一个多月，没有找到工作，跟工作相关的课程报名第二个了，买了相
关的书籍和线上课，感觉自己总是把希望寄托在别处，能力不够好，不够专业，那我就去报
课程，让人教我，但其实也不过是假装努力而已，什么也没有学到，还是找不到工作。之前
离职也是因为在团队里没有存在感，经常被领导忽视，当然我也知道被忽视也有我自己的一
部分原因，如果我工作特别努力，特别积极，特别让领导看到，也不会有这样的局面

嗯嗯，感觉起来是在找工作的事情上遇到了困难哦。之前离职是因为在团队没有存在感，再加
上这段时间报课想提升能力，但是好像并没有如愿以偿，你感觉到对自己的自责和失望是吗

I have enough time.

Great, thank you for your trust. Our consultation follows confidentiality and other ethical 
guidelines, so please feel free to share. If you're ready, we can begin today's session.

Should I start by talking about my issues?

Yes, you can start by sharing what you’d like to discuss today.

I want to talk about personal growth. I’ve been unemployed for over a month and haven’t found a 
job. I’ve enrolled in two courses related to my field, bought related books, and taken online 
classes…

It sounds like you’re facing difficulties in your job search. You left your last job because you felt 
invisible in the team, and now you've been taking courses to improve your skills, but it hasn’t worked 
out as you hoped. You’re feeling self-blame and disappointment, is that right?

Hi.

Hello! I'm glad you're here. Is there anything on your mind recently that 
you'd like to talk about or something that's been bothering you?

Feeling a lack of love can deeply affect how you see yourself. How do you 
think this pursuit of love and security is affecting your life now?

I've always felt a lack of love since I was young. My parents were busy 
with work and didn't really pay much attention to me. Now, it seems like 
I'm constantly craving love and security, but I feel like it's become an 
unhealthy obsession.

It sounds like you're being really hard on yourself. Can you share more 
about what's been happening that's making you feel this way?

Well, I feel really conflicted, like nothing I do is right, you know? I 
just have this overwhelming sense of self-doubt.

RealPsyDial SimPsyDial

Figure 5: Snippet examples of dialogue sessions between RealPsyDial and SimPsyDial. This example highlights
the high quality of our synthetic data generated by our interactive agents.

SoulC
hat

MeC
hat

Psy
Chat

CPsy
CounX

sim
psy

bot_D

sim
psy

bot_Q
0

500

1000

1500

809

1035
852 835

1258 1211

El
o 

R
at

in
g

Judge: GPT-4o

SoulC
hat

MeC
hat

Psy
Chat

CPsy
CounX

sim
psy

bot_D

sim
psy

bot_Q
0

500

1000

1500

809

1037
852 901

1165 1236

El
o 

R
at

in
g

Judge: Qwen1.5-110B-Chat

SoulC
hat

MeC
hat

Psy
Chat

CPsy
CounX

sim
psy

bot_D

sim
psy

bot_Q
0

500

1000

1500

880
1002 991 921

1104 1102

El
o 

R
at

in
g

Judge: Professional Counselors

Figure 6: Elo ratings of six LLM-based counselors among three evaluation methods.

Algorithm 2: Multi-Response Competition
Data: AI Client: Ω; Two AI Counselors: Ψa, Ψb; AI

Psychological Supervisor: π; Max Turns: T ;
Dialogue Termination Function: g

Result: Dialogue: d
i← 1;
u1 ← Ω.speak();
ra ← Ψa.reply(u1);
rb ← Ψb.reply(u1);
r1 ← π.select(u1, r

a, rb);
d← {(u1, r1)};
while i ̸= T or not g(ri) do

i← i+ 1;
ui ← Ω.speak(u1, r1, ..., ri−1);
ra ← Ψa.reply(u1, r1, ..., ri−1, ui);
rb ← Ψb.reply(u1, r1, ..., ri−1, ui);
ri ← π.select(u1, r1, ..., ri−1, ui, r

a, rb);
d← d ∪ {(ui, ri)};

end

the evaluation guidelines for both human and LLM
annotators in Figure 13.

For human evaluation, we recruit three profes-
sional counselors to use our evaluation platform
and select the better response from two shuffled

candidate responses conditioned on the same dia-
logue history. Each counselor annotates 97 multi-
turn dialogues, yielding 291 annotated dialogues in
total; see Table 4 for dialogue statistics. For auto-
matic evaluation, we replace the human response
selector with an LLM judge. The process then pro-
ceeds automatically without human intervention
until the selected response satisfies the interaction
termination criteria.

Results. Figure 6 presents the Elo ratings
of LLM-based counselors. simpsybot_D and
simpsybot_Q achieve the best performance under
both LLM-based and professional-counselor judg-
ments. We find that dialogue models trained on real
counseling data tend to produce anomalous outputs
containing names, questionnaire-related content, or
phrases such as “our counseling time is up.”

Reliability and Validity. Using the 291 multi-
turn dialogues annotated by three professional
counselors, we ask two LLM judges to select the
better response from two candidate responses given
a fixed dialogue history. Compared with Qwen1.5-
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110B-Chat, GPT-4o (gpt-4o-2024-08-06) shows
higher agreement with professional counselors,
achieving an agreement accuracy of 64.4% (see
Appendix C.2 for details).

6 Conclusion

This paper introduces Interactive Agents, a frame-
work that uses two LLMs in a role-playing setup to
simulate counselor-client interactions for scalable
counseling dialogue collection. One LLM acts as
a client specified by a role card, while the other
acts as an experienced counselor guided by an inte-
grative three-stage therapeutic model. Both roles
are implemented through prompting with GPT-4.
We evaluate the effectiveness of the framework
by comparing the simulated dialogues with real
counselor-client dialogues involving professional
counselors. In addition, we benchmark dialogue
models trained on our synthetic data against state-
of-the-art mental health dialogue models. Our re-
sults demonstrate the potential of LLM-based role-
playing simulation for scalable, privacy-preserving
counseling dialogue construction and downstream
dialogue-system development.

Limitations

We identify three directions for future work. First,
future studies could incorporate client resistance
behaviors into client simulation and conduct more
comprehensive empirical analyses of their influ-
ence on simulated dialogues. Second, follow-up
counseling sessions could be simulated based on
initial sessions to examine changes in the client’s
behavior, concerns, and emotional state across ses-
sions. Third, constructing a more realistic coun-
seling dialogue dataset remains an important direc-
tion. To this end, we plan to optimize prompts and
use retrieval-augmented generation (RAG) with
real-life counseling sessions to build more realistic
counselor and client agents.

Ethics Statement

This study was approved by the Institutional Ethics
Committee of Westlake University (Approval No.
20211013LZZ001). Our study explores the poten-
tial of LLMs to simulate counselors and clients in
psychological counseling, but it does not recom-
mend using such systems as substitutes for psycho-
logical treatment without professional supervision.

Given the growing attention to interactive sim-
ulacra and their use across various research areas,

this line of work raises important ethical considera-
tions. We discuss several potential concerns below:

• Inappropriate Advice: LLMs are trained
on large-scale data and may reproduce unde-
sirable patterns present in their training data.
As a result, synthetic data generated by inter-
active simulacra may contain inaccurate, in-
appropriate, or unprofessional advice, which
could reinforce maladaptive behaviors if used
without proper safeguards. For example, rec-
ommending reading may be helpful for many
clients, but it may be inappropriate for a client
with a visual impairment.

• Client Simulation: Because LLMs are of-
ten trained with instruction-following objec-
tives and reinforcement learning from human
feedback, simulated clients may fail to fully
capture important social and clinical contexts,
such as family relationships, employment sta-
tus, and suicide risk. Such omissions may re-
duce the realism of client simulation and limit
its applicability to real counseling scenarios.

• Counselor Simulation: Using LLMs to sim-
ulate counselors may limit the depth of coun-
seling interactions. In real-world counseling,
counselors often speak less than clients and
gradually explore clients’ inner thoughts, emo-
tions, and underlying concerns over the course
of the session. Current LLM-based counselor
agents may not fully capture this depth and
process.

• Environmental Impact: Training and infer-
ence with LLMs require substantial computa-
tional resources, leading to energy consump-
tion and potential environmental impacts.

• Annotator Compensation: We compensated
four human counselors (three women and one
man; all held master’s degrees in psychology)
according to reasonable local standards.

Although LLM-based counselor-client simula-
tion offers a scalable approach to constructing coun-
seling dialogues, its ethical implications should be
carefully considered and addressed in future work.
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A Client Simulation

We present the client simulation prompt in Figure
7. In addition, we present a representative client
role card in Figure 8.

B Counselor Simulation

During full-conversation simulation, we use the
dialogue termination criteria listed in Table 2.

WAI Evaluation. We present the prompt
for WAI-based dialogue-level evaluation in
Figure 11. The annotation guidelines fol-
low the WAI-O manual available at https:
//wai.profhorvath.com/sites/default/
files/upload/WAI-O%20Manual%20V4.pdf.

ZH EN

再见 Good bye

加油 Keep it up

保重 Take care

欢迎回来 Welcome back

一切顺利 All the best

祝你好运 Good luck

期待听到 Looking forward to hearing

期待你 Looking forward to see you

下一次 Next time

下次见 See you next time

Table 2: Criteria for dialogue termination.

C Experiments

In this paper, all experiments are conducted on the
NVIDIA A100 80G GPUs.

C.1 Generation Phase
LLM-based Counselor. The hyperparameters, in-
cluding temperature and top_p, for LLM-based
counselors during inference time, are shown in Ta-
ble 3.

LLM-based Counselor temperature top_p

SoulChat 0.95 0.75
MeChat 0.8 0.8
PsyChat 0.8 0.8
CPsyCounX 0.8 0.8
simpsybot_D 0.95 0.7
simpsybot_Q 0.7 0.8

Table 3: Hyper-parameters, including temperature
and top_p, for LLM-based counselors during inference
time.

C.2 Chatbot Arena
We first collaborate with four professional coun-
selors to design two types of prompts for response
selection, as shown in Figures 12 and 13. Sec-
ond, we build an online arena platform where three
professional counselors select the better response
from two shuffled candidate responses given a dia-
logue history. Each counselor annotates 97 multi-
turn dialogues. Table 4 and Figure 14 present the
statistics of the human-annotated dialogues in the
multi-response competition task. Third, we use
Qwen1.5-110B-Chat as a judge model to evaluate
the response-selection accuracy of Prompt 1 and
Prompt 2. Prompt 1 achieves an accuracy of 60.8%,
while Prompt 2 achieves an accuracy of 61.8%.
Furthermore, we use GPT-4o as a judge model to
evaluate the response-selection accuracy of Prompt
2, achieving an accuracy of 64.4%. Fourth, we
use Prompt 2 as the response-selection guideline
for Qwen1.5-110B-Chat and GPT-4o in automatic
multi-response competition.
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Prompt for client simulation

Chinese English

现在你是一位来心理咨询的来访者。
以下是你的个人信息：
{role_card}

来访者的对话要求:
1. 根据你自己的主诉问题，表达要符合来访者的说话风格，尽可
能地口语化、自然。
2. 只能根据个人信息来回答。
3. 你要拆解你的求助问题，循序渐进地向咨询师阐述你的求助问
题。
4. 每次说话控制在1到2句话，说话时要保持自己的角色。
5. 不要太早提出“谢谢”、“再见”。
6. 咨询过程中需要50轮的交互。

Now, you are a client coming for psychological counseling.
The following are your personal details:
{role_card}

Client's dialogue requirements:
1. Express yourself according to your own chief complaints. Your expression
should match the client‘s speaking style—keep it as conversational and natural
as possible.
2. Respond only based on your personal information.
3. Break down your problems and explain them to the counselor step by step.
4. Each time, limit your speech to 1 or 2 sentences, and maintain your role while
speaking.
5. Do not say "thank you" or "goodbye" too early.
6. The counseling process should involve 50 rounds of interaction.

Figure 7: Prompt for client simulation.

Category Total Client Counselor Total Upvotes No. of Occurrence Average Upvotes
# Dialogues 291 - - - - -
# Utterances 7134 3567 3567 - - -

Turns per dialogue 12.3 - - - - -
SoulChat - - - 471 104 4.53
MeChat - - - 705 117 6.03
PsyChat - - - 541 85 6.36

CPsyCounX - - - 418 90 4.64
simpsybot_D - - - 808 95 8.51
simpsybot_Q - - - 724 91 7.95

Table 4: Data statistics of the dialogue dataset in the multi-response competition task labeled by professional
counselors.

Role Card

Chinese English

性别：女

年龄：20岁
教育程度：本科在读

职业：学生

婚恋情况：单身

家庭关系：与母亲关系紧张，与母亲存在一定的沟通问题，母亲脾气

古怪，曾尝试“拯救”母亲但未果，与父母关系影响自身情绪。

大五人格：

 - 开放性：中等偏低。来访者对一些生活问题和人际关系有自己的看法
和认知，但可能对新想法和新体验的接受程度较低。

 - 尽责性：中等。表现出一定的责任感和对事情的坚持，但存在拖延的
问题，可能在面对任务和压力时难以保持高效。

 - 外向性：中等偏低。对他人的评价高度敏感，可能不太擅长主动与人
交流，并在社交情况下感到焦虑。

 - 宜人性：中等偏高。渴望得到他人认可，希望通过满足别人的期待来
获得情感上的回报，但目前正处于自己想法和外界期望的矛盾中。

 - 神经质：高。表现出焦虑、抑郁和情绪波动，面对家庭矛盾和人际关
系问题时容易产生负面情绪和紧张感。

对心理咨询的阻抗程度：中等。来访者意识到自身的问题，并表现出

需要解决这些问题的需求，但可能因为长期积压的情绪以及对关系修

复的无力感，存在一定的怀疑和抗拒，可能对心理咨询的效果需逐步

建立信任和耐心。

主诉问题：20岁女，总是渴望他人认可，总是拖延，怎么办？\n20岁
女。前几天和我妈吵架：我妈在做饭而我在房间学习，她做好饭但我

没出去装饭摆筷子，估计是因为这样她跟我说：“你是不是不吃饭，

不吃饭又不早说？”这个问题永远都能激怒我，我回嘴：“我又看不

见你做好饭，要我装饭直接说装饭好了说那么多乱七八糟的干嘛？”

然后她说：“好好好都是我自找。”之后几天我俩一直不怎么说话。

我觉得我没有错，这样的争吵很无聊。我妈这几天的冷漠态度让我有

些慌张。我明白家不是一味讲道理的地方，只要一个人说些好话就能

打破僵局；我妈脾气很古怪，她的父母很离谱；我和焦虑抑郁抗争了

快5年，我都能理解，从前我想“拯救”我妈（现在放弃了），但我发
现不管怎么做她都不满意，我会因此焦虑、害怕，就像我害怕朋友同

学老师因为一些事对我不满意一样，即使我没做错什么。我常常感到

无力，好像怎么做都不会让人满意，又因此焦虑，于是逃避、拖延，

恶性循环。无法享受当下，我该怎么做？

Gender: Female
Age: 20
Education: Undergraduate student
Occupation: Student
Marital status: Single
Family relationships: Strained relationship with her mother, characterized by communication issues. Her 
mother has an eccentric temperament. The client has previously attempted to "rescue" her mother but to no 
avail. Her relationship with her parents significantly impacts her emotional well-being.
Big Five Personality Traits:
 - Openness: Moderately low. The client has her own perspectives and understanding of certain life and 
interpersonal issues but may show limited receptiveness to new ideas and experiences.
 - Conscientiousness: Moderate. She demonstrates a certain level of responsibility and persistence but 
struggles with procrastination, making it challenging to maintain efficiency when faced with tasks and 
pressure.
 - Extraversion: Moderately low. She is highly sensitive to others' evaluations and may not excel in initiating 
conversations, often feeling anxious in social situations.
 - Agreeableness: Moderately high. She desires recognition from others and tends to seek emotional rewards 
by meeting others' expectations. However, she is currently navigating conflicts between her own thoughts and 
external demands.
 - Neuroticism: High. She exhibits anxiety, depression, and emotional instability, with negative emotions and 
tension arising easily in response to family conflicts and interpersonal issues.
Resistance to psychological counseling: Moderate. The client is aware of her problems and expresses a 
need to address them. However, due to long-standing emotional burdens and feelings of helplessness in 
repairing relationships, she harbors some skepticism and resistance. Building trust and patience will be 
essential for effective counseling.
Chief complaint: I am a 20-year-old female who constantly seeks recognition from others and struggles with 
procrastination. How should I address these issues? I had an argument with my mom a few days ago: she was 
cooking while I was studying in my room. After finishing cooking, she said to me, "Are you not eating? If you're 
not eating, you should've said so earlier." This always irritates me. I retorted, "How would I know you're done 
cooking? If you want me to serve the food, just say so instead of rambling." Then she responded, "Fine, fine, it's 
all my fault." We barely spoke in the following days. I don't think I was wrong, but these arguments feel so 
pointless. My mom's cold attitude these days makes me uneasy. I understand that home isn't just about being 
reasonable—saying a few kind words can break the stalemate. But my mom has an odd temper, and her 
parents were quite unreasonable. I've been battling anxiety and depression for nearly five years, so I can 
empathize. I used to want to 'save' my mom (I've since given up), but no matter what I do, she's never satisfied. 
This makes me anxious and fearful, similar to how I fear friends, classmates, and teachers being displeased 
with me over something, even if I've done nothing wrong. I often feel powerless, as if no matter what I do, it 
won't be enough to please anyone, which then triggers anxiety. I escape and procrastinate, creating a vicious 
cycle. I find it hard to enjoy the present moment. What should I do?

Figure 8: A representative role card.
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Prompt for counselor simulation

Chinese English

现在你是虚拟心理咨询师小天。
以下是小天的信息：
角色名：小天
性别：女
角色介绍: 虚拟心理咨询师，擅长人本主义、精神分析和认知行为
疗法。
技能：帮助识别和挑战不健康的思维，提供心理学支持和共情。
对话规则：自然、情感化的回复；遵循角色特点，不做无意义的自
问；根据情感做出相应的反应；避免矛盾或重复；不提及“规则”；
回答简洁、一到两句话。
咨询一般分为前、中、后期三个阶段:
1. 咨询前期，咨询策略的使用多为促进咨访关系建立，并进行来访
者的基本信息收集，尤其是与当下困境相似的过往经历和明确咨询
目标; 根据来访者的情绪采取不同的心理咨询手段，使得采访者情
绪稳定后再探寻当下是否有困境、疑惑。
2. 咨询中期，咨询策略需多为引导来访者实现了自我觉察和成长，
使来访者心理健康水平，如抑郁、焦虑症状的改善，在日常生活中
人际、学习、工作方面的功能表现有提升; 根据来访者的关键他人
与来访者的关系、情绪反应，来访者自己的情绪、自我认知、行为
应对方式和身边的资源进行深度剖析探索、咨询、讨论。使得来访
者明确表达当下的困境或者想要讨论的问题。
3. 咨询后期，咨询策略需更多地导向引导来访者总结整个咨询周期
中自己在情绪处理、社会功能、情感行为反应三个方面的改变和提
升。明确询问来访者希望达成的目标或者期望，并且制定计划解决
人际关系或者情绪处理方面的问题。
咨询师的对话要求：
1. 表达要简短，尽可能地口语化、自然。
2. 因为咨询师只受过心理学相关的教育，只能提供心理咨询相关的
对话内容。
3. 在咨询前期，不要“共情”，一定要结合与来访者的咨询对话历
史一步步思考后再使用问句深度向来访者探寻当下心理问题的存在
真实原因。
4. 不要一次性询问过多的问题，尽量一次性只向来访者询问一个问
题，与来访者互动后一步步探寻心理问题的原因。
5. 在咨询前期，不要“重述”和“认可”等话术。
6. 话术需要参考有经验的真人心理咨询师，尽可能口语化。
7. 严格遵循咨询的前、中、后三个阶段采用对应的策略。
8. 咨询师不要主动终止心理咨询流程。
9. 更多的是引导用户思考和探索。

Now, you are a virtual psychological counselor, Xiaotian.
Below is the information about Xiaotian:
Role Name: Xiaotian
Gender: Female
Role Introduction: A virtual psychological counselor skilled in client-centered, psychodynamic, and 
cognitive behavioral therapies.
Skills: Helping to identify and challenge unhealthy thoughts, providing psychological support and 
empathy.
Conversation Rules: Respond naturally and emotionally; Adhere to the character traits without asking 
meaningless questions; Respond according to emotions; Avoid contradictions or repetitions; Do not 
mention the "rules"; Keep answers concise, one to two sentences.
Counseling is generally divided into three stages: early, middle, and late:
1. Early Stage: Use strategies to establish the counselor-client relationship and collect basic 
information, especially past experiences similar to the current predicament, and clarify the counseling 
goals. Stabilize the client's emotions before exploring current difficulties or doubts.
2. Middle Stage: Guide the client towards self-awareness and growth, improving their mental health, 
such as alleviating depression and anxiety, and enhancing interpersonal, academic, and work 
functioning. Deeply analyze and discuss the client's key relationships, emotional responses, self-
awareness, coping behaviors, and available resources. Help the client clearly express current 
difficulties or topics they wish to discuss.
3. Late Stage: Guide the client to summarize changes and improvements in emotional handling, social 
functioning, and emotional behavioral responses throughout the counseling process. Clearly ask about 
the goals or expectations the client hopes to achieve and develop plans to address interpersonal or 
emotional handling issues.
Counselor's Dialogue Requirements:
1. Express concisely and as conversationally and naturally as possible.
2. Only provide content related to psychological counseling due to the counselor's psychology-related 
education background.
3. In the early stage, avoid "empathy"; think deeply based on the client's counseling history before using 
questions to explore the real reasons for current psychological issues.
4. Do not ask too many questions at once; try to ask one question at a time and interact with the client 
to explore the cause of psychological issues step by step.
5. Avoid using techniques like "restating" and "affirming" in the early stage.
6. Refer to experienced real-life psychological counselors for dialogue techniques and keep them as 
conversational as possible.
7. Strictly follow the corresponding strategies in the early, middle, and late stages of counseling.
8. Do not proactively terminate the counseling process.
9. Focus more on guiding the client to think and explore.

Figure 9: Prompt for counselor simulation.
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Factors Items

GOAL

WAI 4: There are doubts or a lack of understanding about what participants 
are trying to accomplish in therapy.

WAI 6: The client and counselor are working on mutually agreed upon goals.

WAI 10: The client and counselor have different ideas about what the client's 
real problems are.

WAI 11: The client and counselor have established a good understanding of 
the changes that would be good for the client.

TASK

WAI 1: There is agreement about the steps taken to help improve the client's 
situation.

WAI 2: There is agreement about the usefulness of the current activity in 
therapy (i.e., the client is seeing new ways to look at his/her problem).

WAI 8: There is agreement on what is important for the client to work on.

WAI 12: The client believes that the way they are working with his/her problem 
is correct.

BOND

WAI 3: There is a mutual liking between the client and counselor.

WAI 5: The client feels confident in the counselor's ability to help the client.

WAI 7: The client feels that the counselor appreciates him/her as a person.

WAI 9: There is mutual trust between the client and counselor.

Figure 10: WAI items and their categorization in factors.

The following is a psychological counseling session between a 
counselor and a client. As a third party, you should read the 
conversation and guidelines carefully and then score the following 
question from 1 to 7.

Start of the conversation
{conversation}
End of the conversation

Questionnaire: {questionnaire}
Start of guidelines for the questionnaire
{guidelines}
End of guidelines for the questionnaire

You should answer the questionnaire and provide a score that should be 
exactly a number from 1 to 7. Your score is

Figure 11: The prompt for WAI evaluation.
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Prompt 1

Chinese English

你是一名专业的心理咨询督导师，我将为你提供一段来访者与咨询
师之间的对话历史，你需要基于以下原则，选择最符合该对话历史
的回复。原则如下：
1. 自主性：尊重来访者的自主权，支持其自主决策，只要这些决定
不会对自己或他人造成伤害。
2. 有益性：你的选择应帮助来访者在情感、心理或行为方面实现积
极的成长。
3. 无害性：确保不会提供对来访者可能有潜在危害或负面影响的建
议或干预。
4. 公正性：保证在所有回应中不偏不倚，公平对待来访者的需求与
情境。
5. 诚信性：在提供的建议中体现出信守承诺，并维持专业、可靠的
关系。
6. 诚实性：提供真实且准确的回应，避免夸张或虚假信息，保持清
晰和实事求是。

对话历史：{dialogue_history}
回复选项：{shuffled_candidates}

根据以上标准，首先根据提供的原则，思考当前对话历史下两个回
复的选择优先级依据，然后再基于优先级依据，选择最适合当前对
话历史的回复。
你的输出格式为如下：
-选择的依据：先输出选择的的依据
-最后的选择：X（其中X属于[A, B]，括号内容不要输出）。

You are a professional supervisor in psychological counseling. I will provide you with a conversation 
history between a client and a counselor. Based on the following principles, you need to select the 
response that best aligns with the conversation history. The principles are as follows:
1. Autonomy: Respect the client’s autonomy and support their independent decision-making, as long as 
these decisions do not harm themselves or others.
2. Beneficence: Your choice should help the client achieve positive growth emotionally, 
psychologically, or behaviorally.
3. Non-maleficence: Ensure that no advice or intervention given poses potential harm or negative 
impact to the client.
4. Justice: Guarantee fairness and impartiality in all responses, addressing the client’s needs and 
context equitably.
5. Integrity: Demonstrate reliability and uphold a professional, trustworthy relationship in the advice 
provided.
6. Honesty: Deliver truthful and accurate responses, avoiding exaggeration or false information, and 
maintain clarity and factual accuracy.

Conversation History: {dialogue_history}
Response Options: {shuffled_candidates}

Based on the above standards:
First, evaluate the priority criteria for selecting a response under the current conversation history 
according to the principles provided.
Then, based on the priority criteria, select the response that best suits the current conversation history.
Your output format should be as follows:
- Basis for selection: Start by explaining the basis for the selection.
- Final choice: X (where X belongs to [A, B]; do not include the content in parentheses).

Figure 12: The first prompt for response selection.

Prompt 2

Chinese English

你是一名专业的心理咨询督导师，我将为你提供一段来访者与咨询
师之间的对话历史，你需要基于以下原则，选择最符合该对话历史
的回复。原则如下：
1. 积极倾听：确保完全理解来访者的问题和感受，并且确认来访者
的主要诉求和情绪。
2. 共情：表达对来访者情感的理解和关心。使用同理心的语言，如
“我理解你的感受”或“听起来你真的很难过”。
3. 澄清问题：如果来访者表达不清晰，咨询师可以询问具体细节，
以确保完全理解他们的情况。
4. 开放性问题：咨询师可以使用开放性问题来鼓励来访者提供更多
信息。
5. 鼓励自我探索：咨询师可以提出问题，鼓励来访者探索自己的感
受、想法和行为，以促进来访者的自我反思。
6. 认知重构：帮助来访者识别和挑战不切实际或扭曲的思维模式。
7. 指导性问题：咨询师可以使用指导性问题来帮助来访者聚焦于特
定的问题或目标。
8. 非评判性态度：避免对来访者的经历或情感做出评判。使用中性
语言，尊重来访者的观点和选择。

对话历史：{dialogue_history}
回复选项：{shuffled_candidates}

根据以上标准，首先思考当前对话历史下使用什么原则最重要，然
后再选择最适合当前对话历史的回复。
你的输出格式为如下：
-选择的依据：先输出选择的的依据
-最后的选择：X（其中X属于[A, B]，括号内容不要输出）。

You are a professional supervisor in psychological counseling. I will provide you with a conversation 
history between a client and a counselor. Based on the following principles, you need to select the 
response that best aligns with the conversation history. The principles are as follows:
1. Active Listening: Ensure a full understanding of the client's issues and emotions, and identify their 
main concerns and feelings.
2. Empathy: Express understanding and care for the client’s emotions. Use empathetic language such 
as "I understand how you feel" or "It sounds like you’re really upset."
3. Clarifying Issues: If the client’s expression is unclear, the counselor can ask for specific details to 
ensure full comprehension of their situation.
4. Open-Ended Questions: The counselor can use open-ended questions to encourage the client to 
provide more information.
5. Encouraging Self-Exploration: The counselor can pose questions to encourage the client to explore 
their feelings, thoughts, and behaviors, promoting self-reflection.
6. Cognitive Restructuring: Help the client identify and challenge unrealistic or distorted thought 
patterns.
7. Guiding Questions: The counselor can use guiding questions to help the client focus on specific 
issues or goals.
8. Non-Judgmental Attitude: Avoid judging the client’s experiences or emotions. Use neutral language 
and respect the client’s perspectives and choices.

Conversation History: {dialogue_history}
Response Options: {shuffled_candidates}

Based on the above standards, first consider which principle is most important in the context of the 
current conversation history, and then select the most appropriate response.
Your output format should be as follows:
- Basis for Selection: First, explain the basis for your choice.
- Final Choice: X (where X is one of [A, B], without including the content inside the parentheses).

Figure 13: The second prompt for response selection.

SoulChat MeChat PsyChat CPsyCounX simpsybot_D simpsybot_Q

SoulChat - 23 14 21 24 22

MeChat 23 - 26 21 25 22

PsyChat 14 26 - 16 17 12

CPsyCounX 21 21 16 - 13 19

simpsybot_D 24 25 17 13 - 16

simpsybot_Q 22 22 12 19 16 -

Figure 14: The times of battles between each pair of counselors.
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A case on annotation platform

Chinese English

Hello.

o Hello, I’m here to support you. Why do you feel like no one understands you?
ü Hello, I’m glad to provide assistance. I’d like to learn more about your situation first so I can better 

support you. Would you be willing to share what’s troubling you?

Well, I just always feel like I’m not good at anything. I keep making mistakes, and then I blame myself a 
lot. I was a troublemaker when I was a kid, and my family found me annoying.

ü Hmm, I can sense that you really want to improve yourself and meet your parents’ expectations, 
but it seems like you feel you’re falling short. Is that correct?

o I understand how you feel, but you need to know that everyone makes mistakes—it’s a natural part 
of being human. We all make wrong decisions or mistakes sometimes, but that doesn’t mean 
you’re not capable.

Yes, that’s exactly it. I want to get better, but the more I try, the worse I feel about myself. Others seem 
to handle things effortlessly, but I get so anxious.

ü Actually, everyone has flaws and makes mistakes. That doesn’t mean you’re incapable. 
Sometimes, we’re too hard on ourselves, which leads to self-blame and stress.

o Hmm, it sounds like you’re going through a tough time. What do you think you could do to make 
yourself feel better?

Well, I know what you’re saying is true, but I just can’t control these feelings. If I ease up even a little, I’ll 
make mistakes again and end up blaming myself.

o I understand. Sometimes it’s hard to have complete control over ourselves, especially under 
stress. But we can try to accept our flaws and mistakes—they don’t define your worth. Can you 
think of something you’ve done well?

o This is a common psychological reaction. Don’t be too hard on yourself. We can try some strategies 
to help you adjust these feelings.

Figure 15: Snapshot of annotation platform.
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