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Abstract

The growing demand for scalable psycholog-
ical counseling highlights the need for high-
quality, privacy-compliant data, yet such data
remains scarce. Here we introduce MAGneT,
a novel multi-agent framework for synthetic
psychological counseling session generation
that decomposes counselor response generation
into coordinated sub-tasks handled by special-
ized LLM agents, each modeling a key psy-
chological technique. Unlike prior single-agent
approaches, MAGneT better captures the struc-
ture and nuance of real counseling. We fur-
ther propose a unified evaluation framework
that consolidates diverse automatic metrics and
expands expert assessment from four to nine
counseling aspects, thus addressing inconsis-
tencies in prior evaluation protocols. Empiri-
cally, MAGneT substantially outperforms exist-
ing methods: experts prefer MAGneT-generated
sessions in 77.2% of cases on average across
the nine aspects over the strongest baseline, and
sessions generated by MAGneT using Llama3-
8B-Instruct backbone yield 3.2% higher gen-
eral counseling skills and 4.3% higher CBT-
specific skills on cognitive therapy rating scale
(CTRS). An open source Llama3-8B-Instruct
model fine-tuned on MAGneT-generated data
also outperforms models fine-tuned using base-
line synthetic datasets by 6.9% on average on
CTRS. We make our code, data and fine-tuned
model public.1

1 Introduction

Mental health issues affect nearly 1 in 7 people
worldwide 2, highlighting the need for scalable
counseling solutions. However, demand for psy-
chological support far exceeds the availability of
trained professionals, leaving many without ade-
quate care (Kazdin, 2021). Recently, there has been
a growing interest in using Large Language Models

1 Code Data & Model
2WHO (2025): https://www.who.int/news-room/fact-

sheets/detail/mental-disorders

(LLMs) for mental health counseling (hereafter, re-
ferred to as counseling). While closed-source mod-
els show promising conversational and psycholog-
ical capabilities (Raile, 2024; Moëll, 2024), their
practical use is limited by privacy concerns and
weaker performance on counseling-specific tasks
(Lee et al., 2024; Chiu et al., 2024; Demszky et al.,
2023). Open-source LLMs fine-tuned on counsel-
ing data offer an alternative, but such data is scarce
due to privacy constraints. Solutions such as man-
ual de-identification or automatic pseudonymiza-
tion (Tang et al., 2019; Yue and Zhou, 2020) remain
limited in scalability and robustness.

Synthetic data generation offers a scalable,
privacy-preserving solution for fine-tuning LLMs
for counseling. Early work focused on single-turn
therapeutic responses (Sharma et al., 2023; Sun
et al., 2021; Liu et al., 2023), and subsequent works
extended to multi-turn interactions using single-
turn Q&A datasets (Chen et al., 2023; Qiu et al.,
2024) or role-playing LLMs (Qiu and Lan, 2026;
De Duro et al., 2025). However, these systems lack
grounding in established psychology theory. To
address this gap, some prior works leverage struc-
tured psychological inputs (Zhang et al., 2024; Vu
et al., 2025; Mandal et al., 2026), while CACTUS
(Lee et al., 2024) incorporates a Cognitive Behav-
ioral Therapy (CBT) based planning agent. Yet,
these approaches rely on a single agent to generate
the counselor’s response, which is insufficient for
modeling complex therapeutic strategies such as
reflection, questioning, solution provision, normal-
ization, and psycho-education (Chiu et al., 2024).
While multi-agent systems have been explored for
counseling tasks, existing works focus on gener-
ating single-turn supportive responses (Chen and
Liu, 2025), or structured diagnostic interviews (Oz-
gun et al., 2025), failing to capture the open-ended,
dynamic nature of counseling sessions, or address
session-level planning without turn-level psycho-
logical grounding (Chen et al., 2025).
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Method CBT Multi-Agent
Evaluation Framework

Diversity CTRS WAI PANAS Expert Evaluation

SMILE (Qiu et al., 2024) ✗ ✗ ✓ ✗ ✗ ✗ 1 Aspect
Psych8k (Liu et al., 2023) ✗ ✗ ✗ ✗ ✗ ✗ ✗

CPsyCoun (Zhang et al., 2024) ✗ ✗ ✓ ✗ ✗ ✗ ✗

Qiu and Lan (2026) ✗ ✗ ✓ ✗ ✓ ✗ 1 Aspect
CACTUS (Lee et al., 2024) ✓ ✗ ✓ ✓ ✗ ✓ 4 Aspects
MAGneT ✓ ✓ ✓ ✓ ✓ ✓ 9 Aspects

Table 1: MAGneT and our unified evaluation compared to prior works in synthetic counseling session generation.

To address these limitations, we introduce
MAGneT, a multi-agent framework that decomposes
counselor response generation into coordinated sub-
tasks. The framework includes five specialized re-
sponse agents, each aligned with core therapeutic
strategies described in prior literature (Chiu et al.,
2024; Lee et al., 2019; Cao et al., 2019): reflection,
questioning, solution provision, normalization, and
psycho-education. Their outputs are integrated by a
final response generation agent responsible for pro-
ducing a coherent, contextually appropriate coun-
selor utterance. The final response generation agent
is guided by two controllers: a turn-level technique
selector agent and a session-level CBT-based plan-
ning agent. On the client side, we simulate realistic
behavior via detailed profiles and attitude modeling.
MAGneT enables scalable generation of multi-turn,
psychologically grounded synthetic counseling ses-
sions via client-counselor role-play. A schematic
diagram of MAGneT is provided in Figure 1.

Another persistent challenge in this domain is
the lack of standardized evaluation. Prior works
use inconsistent evaluation metrics – CACTUS
(Lee et al., 2024) uses Positive and Negative Af-
fect Schedule (PANAS) (Watson et al., 1988) and
Cognitive Therapy Rating Scale (CTRS) (Goldberg
et al., 2020; Young and Beck, 1980), while Qiu
and Lan (2026) use Working Alliance Inventory
(WAI) (Horvath and Greenberg, 1989), thus hinder-
ing direct comparison among methods. A similar
pattern is observed in expert evaluation as well. We
address this by introducing a unified framework
that consolidates these metrics and expands expert
assessment from four to nine counseling aspects,
enabling a more rigorous evaluation. Our evalu-
ation shows that experts prefer MAGneT-generated
sessions in 77.2% of cases on average across the
nine aspects compared to the strongest baseline gen-
erations (Figure 2). On CTRS, MAGneT-generated
sessions outperform state-of-the-art baseline gener-
ations (Lee et al., 2024; Liu et al., 2023) by 3.2% on
general counseling and 4.3% on CBT-specific skills

on average. Additionally, fine-tuning Llama3-8B-
Instruct (Team, 2024) on MAGneT-generated data
yields a 6.9% average improvement in CTRS com-
pared to fine-tuning on existing synthetic datasets.
Overall, MAGneT is consistently preferred across
evaluations, showing its effectiveness for synthetic
counseling session generation. Table 1 summarizes
the novelty of our work relative to prior work.

In summary, our contributions are: (i) MAGneT,
a novel psychologically grounded multi-agent syn-
thetic counseling session generation framework, (ii)
An open-source model fine-tuned on data generated
by MAGneT, achieving strong gains in counseling
metrics and (iii) unified evaluation framework that
integrates evaluations from prior work and expands
expert assessment to nine aspects of counseling.

2 Related Work

Synthetic Counseling Data Generation. Due
to privacy constraints limiting access to real coun-
seling data, there is growing interest in synthetic
counseling dialogue generation. Early works like
Psych8k (Liu et al., 2023) generate counselor re-
sponses to client questions but are restricted to
single-turn interactions. To address the need for
multi-turn conversations, subsequent works such
as SMILE (Qiu et al., 2024) and SoulChat (Chen
et al., 2023) extend the generation to multi-turn
dialogues by using psychological Q&A data from
online forums. However, such data lack clinical val-
idation and psychological grounding. Other works
simulate counseling via two LLMs in a role-play
setup (one acting as the client and the other as the
counselor) (Qiu and Lan, 2026; De Duro et al.,
2025) but these approaches also lack grounding in
psychological theory. To address this, prior work
incorporates structured inputs: CPsyCoun (Zhang
et al., 2024) uses counseling memos, SQPsych-
Conv (Vu et al., 2025) leverages questionnaires,
and Graph2Counsel (Mandal et al., 2026) uses
Client Psychological Graphs. On the other hand,
CACTUS (Lee et al., 2024) incorporates a CBT
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Intake Form
Name: Laura Saunders
Age: 45
Presenting Problem: I am
struggling with the thought....
Reason for seeking counseling: I
decided to seek counseling because...

Solutions
Agent

Questioning
Agent

Reflection
Agent

Normalizing
Agent

Psycho-ed
Agent

Technique Agent

Response
Generator

Attitudes:

Counselor Agent

CBT Agent

Response
Generator

Client Agent

Figure 1: Overview of MAGneT. Counselor response is generated using specialized response agents (reflection,
questioning, solution, normalizing, psycho-education), a technique agent, a CBT agent, and a response generation
agent.

plan generated by a dedicated CBT planning agent.
However, all these works rely on a single LLM for
counselor response generation, limiting their abil-
ity to capture diverse therapeutic techniques–such
as reflection, questioning, solution provision, nor-
malization, and psycho-education, observed in real
counseling (Chiu et al., 2024). In contrast, MAGneT
decomposes response generation across specialized
agents, each aligned with a therapeutic technique,
coordinated by a technique selector and a CBT
planning agent, followed by a response generation
agent that generates the final counselor response,
thereby breaking down the generation process into
manageable sub-tasks.

Multi-Agent Framework. LLMs often struggle
to execute complex tasks in isolation. Multi-agent
frameworks address this by decomposing them into
simpler sub-tasks handled by specialized agents
(Hong et al., 2024; Qian et al., 2024; Qiao et al.,
2024), achieving strong results in domains like rec-
ommender systems (Fang et al., 2024) and task-
oriented dialogue systems (Sun et al., 2025). Coun-
selor response generation is similarly complex, re-
quiring both understanding client concerns and ap-
plying therapeutic techniques (e.g., reflection, ques-
tioning, normalization) (Chiu et al., 2024). How-
ever, existing multi-agent approaches in psycho-
logical domains remain limited. MADP (Chen

and Liu, 2025) focuses solely on generating single-
turn supportive responses and cannot model multi-
turn interactions, which progresses through phases
such as rapport building, exploration, and goal
setting. Similarly, Ozgun et al. (2025) focus on
questionnaire-driven diagnostic dialogues, lacking
open-ended structure. In contrast, CATCH (Chen
et al., 2025) targets multi-session therapy gener-
ation without improving per-turn psychological
grounding of counselor responses. To address these
gaps, MAGneT introduces a multi-agent framework
for generating multi-turn synthetic counseling ses-
sions. A CBT agent produces a session plan, and a
technique agent selects turn-level therapeutic strate-
gies, enabling dynamic, structured interactions that
more faithfully capture real counseling processes.

3 Our Proposed Model

In this section, we present MAGneT, a novel multi-
agent framework for synthetic counseling session
generation that explicitly models the psycholog-
ically grounded reasoning processes underlying
counseling. Prior role-play based approaches simu-
late counselor responses using a single LLM (Qiu
and Lan, 2026), which struggles to correctly se-
lect and apply CBT techniques (Lee et al., 2024).
While CACTUS addresses it through a CBT plan-
ning agent, counselor responses are still generated
by a single agent, limiting fine-grained modeling
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of therapeutic techniques (Chiu et al., 2024).
MAGneT addresses these limitations by decom-

posing counselor response generation into modu-
lar, specialized agents, each responsible for a dis-
tinct counseling function, enabling finer control
and closer alignment with established therapeu-
tic practice. Similar to prior LLM-based simula-
tions, MAGneT adopts a two-party role-play setup
where LLMs simulate both counselor and client.
This approach enables scalable synthetic data gen-
eration while avoiding reliance on real counseling
records, thereby preserving privacy. Unlike prior
work, MAGneT employs a multi-agent counselor
simulator that explicitly models key psychological
techniques: reflection, questioning, solution provi-
sion, normalization, and psycho-education, identi-
fied from clinical literature (Chiu et al., 2024; Lee
et al., 2019; Cao et al., 2019) to avoid redundancy
while preserving therapeutic diversity. To promote
realistic and diverse interactions, each session is
initialized with detailed client intake forms (Lee
et al., 2024), including client background, client
issues, and reasons for seeking therapy. Figure 1
presents a schematic diagram of MAGneT.

3.1 Multi-Agent Counselor Simulation

Effective counseling responses are therapeutically
nuanced, requiring both a structured treatment plan
and dynamic use of psychological techniques. To
mirror this complexity, MAGneT simulates the coun-
selor using a coordinated ensemble of LLM agents
– (i) a CBT agent to produce a structured treatment
plan, (ii) five specialized response agents, each fo-
cusing on a specific psychological technique, (iii) a
technique agent to determine the appropriate com-
bination of techniques for a given turn, and (iv) a
response generation agent to synthesize the final
counselor response. Now we will describe each
agent in detail (see Appendix A for the details of
the prompt used for each agent).

CBT Agent. Cognitive theory suggests that mal-
adaptive interpretations of events contribute to men-
tal health issues (Powles, 1974). CBT-based coun-
seling seeks to identify and reframe these thought
patterns (Greimel and Kröner-Herwig, 2011). CBT-
based tools have already shown their effectiveness
for conditions such as depression and anxiety (Fitz-
patrick et al., 2017; Haque and Rubya, 2023; Mehta
et al., 2021). To integrate CBT into our response-
generation framework, we introduce a CBT agent
that produces a session-level plan tailored to the

client’s cognitive patterns and presenting issues.
This plan specifies behavioral goals and cognitive
reframing strategies, offering high-level guidance
for subsequent counselor actions. It is generated
using the client’s intake form and first utterance.

Specialized Response Agents. Counselors use
different types of psychological techniques to ex-
plore client issues, understand their perspective,
and provide solutions. Chiu et al. (2024) identi-
fies such techniques (Lee et al., 2019; Cao et al.,
2019) commonly used in high-quality counseling
sessions, grouping them into five core categories:
reflection, questioning, solution provision, normal-
ization, and psycho-education. To model these
counselor functions, MAGneT employs five special-
ized response agents, each aligned with one of
these core techniques. The reflection agent aims
to help the client gain insight by mirroring or para-
phrasing their expressions, thus encouraging self-
evaluation. The questioning agent aims to gain a
deeper understanding of the client’s feelings and re-
actions to alternate perspectives. The normalizing
agent acknowledges and validates the client’s ex-
periences as typical and understandable, fostering
empathy and safety. Along with understanding the
client’s issues, perspectives, and acknowledging
normalcy, the counselor also needs to provide pos-
sible solutions to the client to deal with their condi-
tions. The solution agent provides such actionable
solutions to alleviate the client’s psychological dis-
tress. The counselor also needs to convince the
client and get them on board regarding their diag-
nosis and solution strategies. For this, the psycho-
education agent provides therapeutically relevant
information to clients to build an understanding
of their issues and treatment plan. Each of these
agents generates a candidate response based on the
current dialogue history and client information.

Technique Agent. Effective therapeutic commu-
nication often involves blending multiple tech-
niques (Chiu et al., 2024). The technique agent
dynamically selects an appropriate subset of tech-
niques to be employed in the current turn, guided
by the CBT plan and dialogue context. This en-
sures that counselor behavior remains consistent
with both therapeutic intent and session flow.

Response Generation Agent. The response gen-
eration agent produces the final counselor utterance
by fusing candidate responses from the specialized
response agents following the technique agent’s
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Method Distinct-1 (↑) 1-Grams Distinct-2 (↑) 2-Grams Distinct-3 (↑) 3-Grams EAD (↑)

Psych8k 0.0044 1588861 0.0570 1588411 0.1604 1587961 0.0546
CACTUS 0.0048 1426490 0.0619 1426045 0.1733 1425600 0.0537

MAGneT 0.0050 1431874 0.0685 1431432 0.2009 1430990 0.0562

Table 2: Data diversity of generated counseling dialogues across methods. The table reports n-grams for n ∈
{1, 2, 3}, Distinct-n for n ∈ {1, 2, 3} and Expectation-Adjusted Distinct (EAD).

strategy. This decoupled design preserves coher-
ence while flexibly adapting to client needs.

3.2 Client Simulation

The client agent complements the multi-agent coun-
selor by generating realistic, varied client responses.
Each client is initialized using a structured intake
form (Lee et al., 2024), including their background,
issues, and therapy goals. To enhance interaction
diversity, we use three client attitudes: positive,
neutral, and negative (Lee et al., 2024), each guided
by detailed instructions that govern tone, openness,
and emotional intensity. The client agent condi-
tions its responses on the intake form, dialogue his-
tory, specified attitude, and associated behavioral
instructions. This setup enables MAGneT to simu-
late a wide range of client behaviors, improving
the diversity and realism of the generated sessions.
The details of the prompt, attitude instructions, and
the intake form are provided in Appendix B.

4 Unified Evaluation Framework

Here, we introduce our unified evaluation frame-
work for determining the quality and diversity of
the generated synthetic counseling data. Prior work
(Lee et al., 2024; Qiu et al., 2024; Qiu and Lan,
2026; Chen et al., 2023; Zhang et al., 2024) lacks
standardized evaluation protocols, making it diffi-
cult to compare generation methods or understand
the practical effectiveness of the generated syn-
thetic data. Our framework addresses this by con-
solidating automatic and expert evaluations from
prior works, as well as expanding expert evaluation.

Diversity Evaluation. Data diversity is critical
to fine-tuning robust and generalizable counselor
models. To assess the diversity of generated coun-
seling sessions, we compute Distinct-n scores (Li
et al., 2016) for n ∈ {1, 2, 3}. However, Distinct-n
is known to penalize longer sequences. To mit-
igate this, we incorporate Expectation-Adjusted
Distinct (EAD) (Liu et al., 2022), which adjusts
for sequence length effects and provides a more

reliable diversity measure. More details about the
diversity evaluation are presented in Appendix C.

Quality Evaluation. The quality of the gener-
ated data is also crucial. It is generally measured
using psychological scales. CACTUS (Lee et al.,
2024) uses CTRS (Goldberg et al., 2020; Young
and Beck, 1980) and PANAS (Watson et al., 1988)
to measure the quality, while Qiu and Lan (2026)
uses WAI (Horvath and Greenberg, 1989). As these
measures capture complementary aspects of coun-
seling, we adopt all three to form a multi-faceted
quality assessment.

CTRS assesses general (Understanding, Inter-
personal Effectiveness, Collaboration) and CBT-
specific (Guided Discovery, Focus, Strategy) coun-
seling skills on a scale of 0 to 6, with higher scores
indicating stronger counseling competencies. WAI
measures the client-counselor alliance using 12
items rated on a 1 to 7 scale (Bayerl et al., 2022),
grouped into three categories: agreement on Goal,
agreement on Task, and Bond. Higher scores re-
flect a stronger alliance. PANAS evaluates emo-
tional shifts in the client using 20 emotion items
(10 positive, 10 negative), each rated from 1 to 5.
Effective sessions should increase positive emo-
tions and decrease negative emotions. We use a
LLM-as-a-judge setup to score all metrics. More
details on the quality evaluation are provided in
Appendix D. We exclude automatic metrics such as
BLEU (Papineni et al., 2002), BERTScore (Zhang
et al., 2020), and ROUGE (Lin, 2004) due to their
reliance on ground-truth references.

Counseling Agent Fine-tuning. To complement
quality evaluation, we assess the downstream utility
of the generated synthetic datasets by fine-tuning
an open-source Llama3-8B-Instruct model (Team,
2024) on them and evaluating it using CTRS, WAI,
and PANAS. This directly tests how well different
synthetic datasets translate into fine-tuning practi-
cal counseling agents. The fine-tuning details are
provided in Appendix E. We further benchmark the
fine-tuned models on CounselingBench (Nguyen
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Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Psych8k 3.90∗ 4.10∗ 3.13∗ 3.80∗ 3.35∗ 2.59∗ 1.12 -0.78 0.80 −0.43 -0.01∗ -0.30 4.86 4.73 4.93∗

CACTUS 3.84∗ 3.94∗ 3.09∗ 3.74∗ 3.37∗ 2.83 0.86∗ −0.64 0.64∗ -0.45 −0.10 -0.30 4.69∗ 4.39∗ 4.80∗

MAGneT 3.98 4.30 3.43 4.08 3.76 2.93 1.13 −0.73 0.82 −0.41 −0.15 −0.25 4.94 4.78 5.01

δ(%) +1.3 +3.3 +5.0 +4.7 +6.5 +1.7 +0.3 -1.3 +0.5 -1.0 -3.5 -1.3 +1.3 +0.8 +1.3

Table 3: Evaluation of generated counseling sessions across CTRS, PANAS, and WAI dimensions. Asterisks
(*) indicates significant differences from MAGneT (p < 0.05, paired t-test). For CTRS: U (Understanding), I
(Interpersonal Effectiveness), C (Collaboration), D (Guided Discovery), F (Focus), S (Strategy). For PANAS: Pos.
Att. (Positive Attitude), Neu. Att. (Neutral Attitude), Neg. Att. (Negative Attitude), P (average shift in positive
emotions), N (average shift in negative emotions). δ(%) shows MAGneT’s %-age margin over the best baseline
(underlined).

Dimension Psych8k MAGneT Tie MAGneT win%

Comprehensiveness 4 29 1 85.3%
Professionalism 3 26 5 76.5%
Authenticity 2 30 2 88.2%
Safety 2 27 5 79.4%
Content 3 30 1 88.2%
Directiveness 3 28 3 82.4%
Exploratoriness 2 31 1 91.2%
Supportiveness 3 27 4 79.4%
Expressiveness 3 29 2 85.3%

Table 4: Expert preference between MAGneT-generated and Psych8k-generated counseling sessions for clients
presenting a negative attitude, across nine evaluation dimensions. Columns report the number of sessions preferred
for each source, ties, and the corresponding win rate for MAGneT (computed as MAGneT wins over all comparisons).
Experts favor MAGneT across all dimensions.

et al., 2025), with details provided in Appendix F.

Expert Evaluation. Expert evaluation is crucial
for capturing qualitative aspects beyond automated
metrics. Prior works vary in focus: SoulChat (Chen
et al., 2023) evaluates content naturalness, empa-
thy, helpfulness, and safety; CACTUS (Lee et al.,
2024) uses helpfulness, empathy, coherence, and
guidance; while CPsyCoun (Zhang et al., 2024) au-
tomates assessment of comprehensiveness, profes-
sionalism, authenticity, and safety. Yet several clin-
ically relevant behaviors remain unexplored, moti-
vating us to introduce a unified and expanded eval-
uation protocol. In addition to comprehensiveness,
professionalism, authenticity, safety, and content
naturalness, we assess four additional dimensions –
directiveness, exploratoriness, supportiveness, and
expressiveness (McCullough, 1988). While prior
studies typically rely on two to five raters (Qiu
et al., 2024; Chen et al., 2023; Chen and Liu, 2025;
Na, 2024; Xiao et al., 2024; Xu et al., 2025), we
recruit seven expert psychologists3 to improve re-

3Evaluators are Rehabilitation Council of India (RCI)-
licensed clinical psychologists with extensive experience, spe-

liability and reduce individual bias. The experts
conduct blind, pairwise comparisons of 50 sessions
generated by MAGneT and the best baseline4, us-
ing matched intake forms and client attitudes. Each
session pair is independently compared by two eval-
uators across the nine aspects. We apply the same
protocol to compare an additional 50 sessions gen-
erated by models fine-tuned on MAGneT-generated
data and the best baseline data. Full evaluation
guidelines and details on inter-annotator agreement
are provided in Appendix G.

5 Experimental Setup

Baselines and Ablations. We compare MAGneT
with Psych8k (Liu et al., 2023)5 and CACTUS (Lee
et al., 2024), two state-of-the-art synthetic counsel-
ing data generation pipelines, using identical client
profile inputs to ensure a fair comparison. Specifi-
cally, we use 150 CACTUS profiles with three atti-

cializing in psychotherapy.
4Due to the high cost of expert evaluation, we compare

only MAGneT and the strongest baseline.
5Here, we re-implement Psych8k as a single-agent multi-

turn generation pipeline using the original Psych8k prompt.
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Model
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

L-P 3.71∗ 3.83∗ 2.91∗ 3.65∗ 3.16∗ 2.44∗ 1.04 −0.88∗ 0.70 −0.41∗ -0.03∗ -0.34 4.72 4.44∗ 4.79
L-C 3.48∗ 3.67∗ 2.65∗ 3.37∗ 2.99∗ 2.45∗ 0.91∗ −0.79∗ 0.59∗ −0.39∗ −0.13∗ −0.32 4.59∗ 4.18∗ 4.65∗

L-M 3.95 4.32 3.32 4.03 3.60 2.96 1.11 -1.10 0.78 -0.59 −0.31 −0.28 4.86 4.78 4.92

δ(%) +4.0 +8.2 +6.8 +6.3 +7.3 +8.5 +1.8 +5.5 +2.0 +4.5 -7.0 -1.5 +2.3 +5.7 +2.2

Table 5: Evaluation of Llama3-8B-Instruct models fine-tuned on counseling sessions generated using Psych8k
(L-P), CACTUS (L-C), and MAGneT (L-M). L-P, L-C, and L-M denote Llama-Psych8k, Llama-CACTUS, and
Llama-MAGneT respectively. Asterisks (*) indicates significant differences from Llama-MAGneT (p < 0.05, paired
t-test). For CTRS: U (Understanding), I (Interpersonal Effectiveness), C (Collaboration), D (Guided Discovery),
F (Focus), S (Strategy). For PANAS: Pos. Att. (Positive Attitude), Neu. Att. (Neutral Attitude), Neg. Att.
(Negative Attitude), P (average shift in positive emotions), N (average shift in negative emotions). δ(%) shows
Llama-MAGneT’s percentage margin over the best baseline (underlined).

(a) (b)

Figure 2: Results of head-to-head comparison of sessions generated by (a) MAGneT vs Psych8k (b) Llama-MAGneT
vs Llama-Psych8k based on expert judgment across nine different aspects of counseling.

tude variations to generate 450 40-turn dialogues
per method.6 Prompt details are provided in Ap-
pendix A and Appendix B. To evaluate downstream
utility, we fine-tune Llama3-8B-Instruct (Team,
2024) on each dataset, resulting in Llama-Psych8k,
Llama-CACTUS, and Llama-MAGneT. We further
conduct ablations to isolate agent contributions:
MAGneT-C (no CBT agent), MAGneT-T (no technique
agent), and MAGneT-C-T (without both). Additional
ablations removing specialized agents and ablation
prompts are presented in Appendix I. To evaluate
the benefit of multi-agent decomposition, we com-
pare MAGneT with single-agent variants prompted
to perform all MAGneT tasks. Results in Appendix L
show that MAGneT substantially outperforms the
Llama3-8B-Instruct single-agent baseline, while
a Llama3.3-70B-Instruct (Meta AI, 2024) single-
agent model surpasses MAGneT, suggesting that
multi-agent decomposition extracts more out of
small models but does not overcome the benefits of
scale. Finally, we report token usage and latency

6Due to a few generation failures, the final datasets con-
tain 442 MAGneT sessions, 445 CACTUS sessions, and 450
Psych8k sessions.

in Appendix N. From the results, we observe that
MAGneT requires 3.6× output tokens and wall clock
time compared to the baselines. However, this is a
one-time generation cost and does not affect down-
stream deployment of models fine-tuned using the
MAGneT-generated data. Moreover, this latency and
token cost is balanced by the performance improve-
ment, thus giving us a performance-cost trade-off.

LLMs Used. In MAGneT, Llama3-8B-Instruct is
used for the CBT agent, specialized response
agents, and response generation agent, while GPT-
4o-mini (OpenAI, 2024b) serves as the technique
agent for stronger reasoning. We additionally eval-
uate a variant using Llama3-8B-Instruct as the
technique agent, with results and technique selec-
tion analysis provided in Appendix M. Psych8k
and CACTUS use Llama3-8B-Instruct as the coun-
selor model, and all methods use it as the client
agent for consistency. To assess generalizability,
we replace Llama3-8B-Instruct with Qwen2.5-7B-
Instruct (Yang et al., 2024) with results reported in
Appendix J. For LLM-as-a-judge evaluation, we
use GPT-4o (OpenAI, 2024a) to score CTRS, WAI,
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Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

MAGneT-C 3.96 4.28 3.29∗ 3.89∗ 3.58∗ 3.00 1.14 -0.84 0.78 −0.45 −0.12 -0.33 4.92 4.82 5.05
MAGneT-T 3.88∗ 3.86∗ 3.09∗ 3.85∗ 3.45∗ 2.70∗ 1.08 −0.73 0.78 −0.44 -0.11 −0.28 4.95 4.71 4.90∗

MAGneT-C-T 3.86∗ 3.83∗ 2.89∗ 3.79∗ 3.42∗ 2.64∗ 0.98∗ −0.79 0.72∗ -0.47 −0.19 −0.30 4.94 4.72 4.88∗

MAGneT 3.98 4.30 3.43 4.08 3.76 2.93 1.13 −0.73 0.82 −0.41 −0.15 −0.25 4.94 4.78 5.01

δ(%) +0.3 +0.3 +2.3 +3.2 +3.0 -1.2 -0.3 -2.8 +1.0 -1.5 -1.0 -2.0 -0.2 -0.7 -0.7

Table 6: Evaluation of MAGneT ablations: MAGneT-C (no CBT agent), MAGneT-T (no technique agent), and MAGneT-C-T
(no CBT and technique agent). Asterisks (*) indicates significant differences from MAGneT (p < 0.05, paired t-test).
For CTRS: U (Understanding), I (Interpersonal Effectiveness), C (Collaboration), D (Guided Discovery), F (Focus),
S (Strategy). For PANAS: Pos. Att. (Positive Attitude), Neu. Att. (Neutral Attitude), Neg. Att. (Negative Attitude),
P (average shift in positive emotions), N (average shift in negative emotions). δ(%) shows MAGneT’s percentage
gain over the best ablation (underlined).

and PANAS, motivated by its strong correlation
with expert CTRS ratings (Lee et al., 2024; Chen
et al., 2025). We further evaluate robustness us-
ing Qwen2.5-72B-Instruct (Yang et al., 2024) as
the judge in Appendix K. Similar to the GPT-4o
judge, we observe that MAGneT consistently out-
performs the baselines with Qwen2.5-72B-Instruct
judge model. Additional experimental details are
provided in Appendix O.

6 Results

We evaluate MAGneT-generated sessions on diver-
sity, quality, downstream effectiveness, and expert
preference. Results show that MAGneT produces
more diverse and psychologically grounded ses-
sions, improves downstream fine-tuning, and is
preferred by experts across evaluated aspects. Ex-
ample generations are provided in Appendix H.

Data Diversity. Table 2 presents the Distinct-n
scores (n ∈ {1, 2, 3}) and EAD for datasets gen-
erated by MAGneT, Psych8k and CACTUS. MAGneT
consistently achieves the highest scores across all
diversity metrics, highlighting its ability to produce
lexically varied counseling dialogues. Crucially,
the improved EAD score, which adjusts for se-
quence length bias, demonstrates that this variation
stems from genuine structural richness rather than
shorter outputs. This confirms that our multi-agent
generation paradigm encourages nuanced, context-
sensitive conversations, moving beyond the repeti-
tive patterns observed in prior methods.

Data Quality. As shown in Table 3, sessions gen-
erated by MAGneT outperform baselines on both
general and CBT-specific counseling skills. While
CACTUS also incorporates CBT planning, its
single-agent generation leads to shallower applica-

tion of CBT principles. In contrast, MAGneT’s multi-
agent framework achieves higher scores across all
CTRS subcategories. MAGneT also attains the high-
est WAI scores in Goal, Task, and Bond, indicating
more empathetic and collaborative responses.

On PANAS, MAGneT induces larger positive emo-
tional shifts for clients with positive or neutral at-
titudes, improving positive emotions more effec-
tively than baselines. However, MAGneT performs
slightly worse for clients with negative attitudes,
consistent with observations from CACTUS (Lee
et al., 2024). We hypothesize that this is because
models employing CBT and reflective techniques
often challenge clients with negative attitudes, re-
sulting in more negative expressions within the
dialogue. These expressions may bias the judge
toward assigning lower scores, even when they rep-
resent appropriate therapeutic interactions. To dis-
tinguish this effect from an actual difficulty in han-
dling negative-attitude clients, we perform expert
evaluations specifically on sessions with negative-
attitude clients from Psych8k and MAGneT, with re-
sults presented in Table 4. The results show that ex-
perts consistently prefer MAGneT over the strongest
baseline, Psych8k, suggesting that the lower judge
scores are driven by judge bias rather than reduced
counseling quality. Further details regarding stan-
dard deviations for CTRS, PANAS, and WAI across
sessions are reported in Appendix Table 18.

Counseling Agent Fine-tuning. Fine-tuning on
MAGneT-generated data yields consistently stronger
results, as presented in Table 5. Llama-MAGneT sig-
nificantly outperforms Llama-Psych8k and Llama-
CACTUS across all counseling skills and achieves
stronger client alliances. PANAS results further
align with trends observed in the raw data evalu-
ation, indicating that the higher-quality synthetic
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data generated by MAGneT translates into more ef-
fective fine-tuning of counseling agents. Standard
deviations for CTRS, PANAS, and WAI across ses-
sions are provided in Appendix Table 19.

Expert Evaluation. Figure 2 shows that experts
largely favor (77.2%) the counseling sessions gen-
erated by MAGneT in comparison to Psych8k (best
baseline in automatic evaluations) across all nine as-
pects. This consistent preference indicates that ex-
pert judgments align with automatic evaluation re-
sults, further validating the effectiveness of MAGneT.
MAGneT demonstrates the ability to generate ses-
sions that are safer (safety), more natural (content),
and also exhibit greater authenticity and profes-
sionalism, establishing a realistic and trust-building
therapeutic context. Experts rate MAGneT-generated
sessions as containing clearer (directiveness), and
more comprehensive (comprehensiveness) coun-
selor responses. Furthermore, MAGneT sessions ex-
cel at supportive content (supportiveness) that re-
inforces emotional alliance, while also enhancing
expressiveness, by encouraging clients to articulate
their inner experiences. MAGneT-generated sessions
also promote exploratoriness, helping clients reflect
on their issues, a core aspect in counseling. We ob-
serve a similar pattern in fine-tuned models, where
experts prefer Llama-MAGneT over Llama-Psych8k.

Ablations. Ablation results in Table 6 highlight
the contribution of different components in the
multi-agent counselor. Removing the CBT agent
has limited impact on general skills such as un-
derstanding and interpersonal effectiveness, as the
technique agent continues to guide responses. How-
ever, collaboration declines substantially, highlight-
ing the role of structured CBT planning in support-
ing client involvement in decision-making. For
CBT-specific skills, Strategy remains stable due
to informed technique selection by the technique
agent, while Guided Discovery and Focus degrade
significantly, demonstrating the importance of the
CBT agent for enhancing the CBT-specific coun-
seling skills. In contrast, removing the technique
agent causes broader degradation across both gen-
eral and CBT-specific skills, emphasizing the im-
portance of appropriate psychological technique
selection. Removing both agents results in the low-
est performance, confirming the importance of both
the CBT and technique agents for generating psy-
chologically grounded dialogue.

For WAI, Task scores remain largely unaffected
by the ablations, suggesting that task understand-

ing and agreement are preserved regardless of CBT
planning or technique selection. In contrast, Goal
and Bond scores decrease on removing the tech-
nique agent, likely due to reduced adaptability to
evolving client needs. Interestingly, removing the
CBT agent improves the Bond score. This suggests
that the CBT plan, while providing structure, may
introduce rigidity that weakens the counselor-client
bond. Dynamic technique selection appears to mit-
igate this issue, as removing the technique agent
leads to lower Bond scores. Removing the CBT
agent also improves the Goal score, which may
seem counterintuitive given that CBT provides a
clear therapeutic plan. However, while the CBT
agent promotes greater collaboration in goal setting
(as reflected in CTRS), its structured process may
inadvertently overshadow the client’s preferences
and evolving needs, leading to lower Goal scores.
Similar to Bond, the reduction in Goal score when
removing the technique agent highlights the role of
dynamic strategy selection in improving the flexi-
bility of the counseling process.

From the PANAS results, we observe that for
clients with negative attitudes, removing the CBT
and technique agents leads to better negative emo-
tion regulation. This mirrors findings from CAC-
TUS (Lee et al., 2024) and our earlier analysis:
CBT-grounded techniques deepen emotional explo-
ration which, while beneficial for self-insight, may
elevate negative affect in negative attitude clients.
Standard deviations for CTRS, PANAS, and WAI
across sessions are provided in Appendix Table 20.

7 Conclusion

In this work, we propose MAGneT, a novel multi-
agent framework for synthetic counseling session
generation that incorporates core psychological
techniques: reflection, questioning, solution provi-
sion, normalization, and psycho-education to pro-
duce more realistic and therapeutic counselor re-
sponses. We introduce a unified evaluation frame-
work combining CTRS, WAI, and PANAS for as-
sessing general and CBT-specific skills, therapeu-
tic alliance, and emotional impact. Additionally,
we expand expert evaluation to nine aspects and
assess downstream model effectiveness through
performance of fine-tuned models. MAGneT with
Llama3-8B-Instruct backbone outperforms exist-
ing methods in both data diversity and quality, as
validated by automatic metrics, expert preference,
and improved fine-tuned model performance.
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Limitations

While our multi-agent framework demonstrates
promising improvements in synthetic counseling
session generation, several limitations remain.

Limited Session Length and Lack of Longitu-
dinal Structure. Our method generates sessions
consisting of only 40 turns, which is substantially
shorter than real counseling interactions. In real
world counseling, sessions are often much longer,
and effective counseling typically unfolds across
multiple sessions with the same client. The cur-
rent framework does not capture this longitudinal
structure. Future work should explore generative
methods capable of producing multi-session, longi-
tudinal counseling trajectories while maintaining
turn-wise dynamic technique selection and psycho-
logical grounding of counselor responses, to mirror
real therapeutic processes more closely.

Reliable Evaluation. Evaluating the quality and
counseling validity of synthetic counseling data re-
mains difficult. Although GPT-4o, used in an LLM-
as-a-judge paradigm, showed high correlation with
expert assessments, concerns remain regarding the
reliability and validity of widely used psychologi-
cal scales such as CTRS, WAI, and PANAS. Using
multiple scales mitigates some limitations but does
not fully address the absence of an objective mea-
sure of counseling competence. Our human eval-
uation, while more comprehensive than those in
existing works, still assessed only 100 sessions (50
synthetic, 50 generated by the fine-tuned model),
with two independent evaluators per session. A
more robust evaluation would require larger sam-
ples and a more diverse pool of clinical experts,
which was not feasible due to resource constraints.

Multilingualism and Multiculturalism. The
current work focuses exclusively on counseling
in English. However, mental-health technologies
must support multilingual and culturally diverse
populations. Counselors from different cultural
backgrounds use distinct communicative cues, nar-
rative structures, and emotional expressions, and
clients articulate psychological distress in cultur-
ally specific ways. However, our current frame-
work does not account for such multilingual and
multicultural synthetic counseling session genera-
tion. Future work should investigate multilingual
and cross-cultural data generation frameworks that
explicitly incorporate cultural norms, linguistic di-

versity, and culturally grounded therapeutic prac-
tices.

Multimodality. Our framework generates purely
text-based counseling dialogues. In real therapeutic
interactions, counselors rely heavily on non-verbal
information such as tone of voice, pauses, prosody,
facial expressions, and other embodied cues to as-
sess emotional states and guide interventions. A
text-only representation omits these crucial signals.
Extending synthetic data generation to multimodal
settings, including audio and visual modalities, will
be essential for training multimodal counseling
models to understand these cues.

Ethics

The objective of this work is to introduce a novel
multi-agent framework for improving synthetic
counseling session generation. Although the frame-
work mitigates privacy concerns by relying exclu-
sively on client profiles from a publicly available
dataset, it does not eliminate broader safety risks as-
sociated with downstream model usage. Synthetic
data, regardless of its origin, does not inherently
guarantee the safety or reliability of models trained
on it. While we perform a safety evaluation with ex-
perts on the generated synthetic sessions, an LLM
fine-tuned on the generated dialogues may still pro-
duce clinically inappropriate, unsafe, or harmful
responses when deployed in real interactions. This
risk is amplified in domains like mental health,
where incorrect guidance can exacerbate distress or
delay individuals from seeking professional care.

Additionally, the use of synthetic data may in-
troduce representational bias. The client profiles
and counseling strategies used for generation may
under-represent many cultural, linguistic, or demo-
graphic groups. As a result, models trained on this
synthetic corpus may exhibit biased or culturally
insensitive behavior towards populations not re-
flected in the source data or the generative process.

For these reasons, the synthetic counseling
dataset and the methodology proposed here should
not be used to fine-tune models intended for deploy-
ment in real-world clinical settings. Instead, this
framework should be viewed as research towards
exploring synthetic counseling session generation,
benchmarking synthetic counseling session genera-
tion methodologies, or analyzing model behavior
in controlled environments. Any future work ex-
tending this line of research must incorporate rigor-
ous safety evaluation, bias auditing, domain-expert
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oversight and clinical trials before considering po-
tential real-world applications.
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A Multi-Agent Counselor Simulation

Here, we describe the counselor agent used in the
baseline methods: Psych8k (Liu et al., 2023) and
CACTUS (Lee et al., 2024), as well as provide
more details regarding the agents used for simu-
lating the counselor in MAGneT. In Psych8k, a sin-
gle LLM agent produces the counselor’s response
based on the current dialogue history. The prompt
used for this agent is shown in Figure 3. CACTUS,
on the other hand, uses two agents to generate the
counselor’s response. First, a CBT planning agent
generates a counseling plan using the client intake
form and the client’s initial greeting dialogue. An
example intake form from CACTUS is shown in
Figure 13. The prompt for the CBT agent is pro-
vided in Figure 4. Following this, CACTUS uses
a response generation agent to produce the final
counselor response based on the current dialogue
history and the generated counseling plan. The
prompt for the response generation agent used in
CACTUS is shown in Figure 5.

Our proposed framework, MAGneT, expands this
pipeline into a modular multi-agent architecture
that decomposes counselor response generation
into specialized sub-tasks. MAGneT reuses the CBT
planning agent from CACTUS (the prompt used
is shown in Figure 4) and introduces a set of spe-
cialized response agents, each focused on a dis-
tinct therapeutic technique: reflection, question-
ing, solution provision, normalization, and psycho-
education. These agents generate candidate re-
sponses using the current dialogue history and the
given client profile. The prompt for the reflection
agent, questioning agent, solutions agent, normal-
izing agent and psycho-education agent are shown
in Figure 6, Figure 7, Figure 8, Figure 9 and Figure
10 respectively. Additionally, MAGneT includes a
technique agent that recommends a subset of rel-
evant therapeutic techniques for the current turn,
informed by the counseling plan and dialogue con-
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text. Figure 11 shows the prompt used for the tech-
nique agent. Finally, a response generation agent
combines candidate responses from the specialized
agents based on the technique recommendations
from the technique agent to generate the final coun-
selor response. The prompt used for this response
generation agent is shown in Figure 12.

B Client Simulation

The client agent is designed to simulate a realistic
client in counseling sessions based on structured
background information provided by the client in-
take form (Lee et al., 2024). The client intake form
includes demographic details (e.g., name, occupa-
tion, age, family status) as well as the client’s men-
tal health concerns and reasons for seeking therapy.
An example intake form is provided in Figure 13.
To improve diversity and realism among simulated
clients, we also simulated three different attitudes:
positive, neutral, and negative (Lee et al., 2024).
Each attitude is accompanied by detailed instruc-
tions, which are shown below:

• Positive: Clients demonstrate a high level of
engagement and cooperation with the ther-
apeutic process. They should actively con-
firm their understanding of the counselor’s in-
structions, ask for clarifications when needed,
and willingly provide detailed information
about their thoughts, feelings, and behaviors.
These clients make reasonable requests for
additional support or resources, and they ex-
tend the conversation by building on the coun-
selor’s suggestions with their own insights or
experiences. They reformulate their thoughts
in a constructive manner, reflecting on their
progress and expressing a hopeful outlook to-
wards the therapeutic outcomes. Overall, their
demeanor is open, appreciative, and proactive
in seeking improvement.

• Neutral: Clients display a mix of both posi-
tive and negative characteristics. They might
show compliance and willingness to follow in-
structions at times, but also exhibit moments
of defensiveness or skepticism. These clients
may provide useful information and partici-
pate actively in some discussions, while in
other instances, they might shift topics or
show disconnection. Their feedback can vary,
with periods of constructive engagement in-
terspersed with sarcastic remarks or expres-
sions of self-doubt. This blend of reactions

indicates a fluctuating commitment to therapy,
with the client balancing between optimism
for change and resistance to the therapeutic
process.

• Negative: Clients displaying negative reac-
tions may struggle with the therapeutic pro-
cess, often showing signs of resistance or de-
fensiveness. They might express confusion
about the counselor’s guidance, indicating dif-
ficulty in understanding or accepting the pro-
posed strategies. These clients could defend
their current behaviors or viewpoints, poten-
tially shifting topics to avoid addressing the
core issues. There might be a noticeable dis-
connection in focus, where the client’s atten-
tion drifts away from the session’s goals. Sar-
castic responses and self-criticism or hope-
lessness are common, reflecting a pessimistic
attitude towards their ability to change or ben-
efit from therapy. These behaviors suggest an
underlying frustration or lack of trust in the
counseling process.

The client agent uses the intake form, attitude,
the corresponding attitude instructions and the cur-
rent dialogue context to generate client responses.
The client agent is also instructed to terminate the
session if they feel their primary concern has been
resolved or no further counseling is needed. For
uniformity, we keep the client agent common for
Psych8k, CACTUS, and MAGneT. The prompt used
for the client agent is shown in Figure 14.

Overall, the counseling session generation re-
quires client profiles, attitude, attitude instructions
and initial greeting dialogues as generation seeds
(intake forms and client attitudes). We obtain these
generation seeds from the CACTUS dataset (Lee
et al., 2024).

C Diversity Evaluation

To assess the diversity of generated counseling
sessions, we employ the Distinct-n metrics (n ∈
{1, 2, 3}) (Li et al., 2016), which compute the ratio
of unique n-grams to the total number of n-grams
in a corpus. Higher values indicate greater lexical
diversity. For this computation, we concatenate
all dialogue turns from both the counselor and the
client within a generated session, remove punc-
tuation, and tokenize the text using the Llama-3
tokenizer.

While Distinct-n is widely used, it exhibits a
known bias towards shorter sequences, assigning
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Psych8k Counselor Agent Prompt

<|start_header_id|>system<|end_header_id|>
If you are a counselor, please answer the questions based on the description of the patient. Please
be mindful to only generate the counselor response for a single turn, and do not include extra
text like "here is the next counselor utterance" or "Here is a possible next utterance" or anything
mentioning or explaining the used technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Input: {history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 3: Prompt used for the counselor agent in Psych8k.

CBT Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are a counselor specializing in CBT techniques. Your task is to use the provided client
information, and dialogue to generate an appropriate CBT technique and a detailed counseling
plan.<|eot_id|><|start_header_id|>user<|end_header_id|>
Types of CBT Techniques:
Efficiency Evaluation, Pie Chart Technique, Alternative Perspective, Decatastrophizing, Pros and
Cons Analysis, Evidence-Based Questioning, Reality Testing, Continuum Technique, Changing
Rules to Wishes, Behavior Experiment, Problem-Solving Skills Training, Systematic Exposure
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}
Choose an appropriate CBT technique and create a counseling plan based on that tech-
nique.<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 4: Prompt used for the CBT agent in CACTUS and MAGneT.

lower scores to longer sequences. To mitigate
this, we also use the Expectation-Adjusted Distinct
(EAD) score (Liu et al., 2022), which normalizes
for sequence length and has been shown to correlate
more strongly with human judgments of diversity.
EAD provides a more robust measure of lexical
variation by adjusting the expected distinctness rel-
ative to the length of the sequence. The following
equation is used to calculate the EAD score:

EAD =
N

V [1− (V−1
V )C ]

(1)

where N is the number of distinct tokens, C is
the total number of tokens and V is the vocabulary
size.

D Quality Evaluation

We provide further details on the psychological as-
sessment scales employed in our data quality evalu-
ation: the Cognitive Therapy Rating Scale (CTRS),
the Working Alliance Inventory (WAI), and the
Positive and Negative Affect Schedule (PANAS).
The mean scores and standard deviations for these
scales, computed over counseling sessions gener-
ated by different synthetic counseling session gen-
eration methods, are reported in Table 18.

D.1 CTRS
To assess the quality of counselor responses, we
adopt the Cognitive Therapy Rating Scale (CTRS)
(Goldberg et al., 2020; Young and Beck, 1980),
a widely used psychological scale for evaluating
both general and Cognitive Behavioral Therapy
(CBT)-specific counseling skills. We follow the

5949



CACTUS Response Generation Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is
to use the provided client information and counseling planning to generate the next counselor
utterance in the dialogue. The goal is to create a natural and engaging response that builds on the
previous conversation and aligns with the counseling plan. Please be mindful to only generate the
counselor response for a single turn, and do not include extra text like "here is the next counselor
utterance" or "Here is a possible next utterance" or anything mentioning or explaining the used
technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling planning:
{cbt_plan}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 5: Prompt used for the Response Generation agent in CACTUS.

same CTRS evaluation protocol as CACTUS (Lee
et al., 2024).

CTRS organizes its assessment into two broad
categories. The first covers general counseling
skills, evaluated across three dimensions. Under-
standing captures the degree to which the coun-
selor accurately identifies and interprets what the
client is experiencing. Interpersonal Effective-
ness reflects the counselor’s capacity to build and
sustain a constructive therapeutic relationship. Col-
laboration measures how actively the counselor
involves the client in shaping treatment goals and
decisions throughout the session.

The second category covers CBT-specific skills,
also evaluated along three dimensions. Guided
Discovery assesses how skillfully the counselor
leads the client toward new insights through struc-
tured questioning and reflection. Focus reflects
the counselor’s precision in identifying and consis-
tently targeting the cognitions or behaviors most
in need of change. Strategy captures whether the
counselor’s overall therapeutic approach is coher-
ent, well-suited to the client’s needs, and directed
toward meaningful cognitive or behavioral shifts.

Each of these six dimensions is rated on a scale
from 0 to 6, where higher scores indicate stronger
demonstration of the corresponding skill. Ratings
are obtained using an LLM-as-a-judge approach,
leveraging GPT-4o to score each item based on the

generated counseling dialogue. The prompt used
for this evaluation is shown in Figure 15.

D.2 WAI
To evaluate the strength of the therapeutic alliance
between the counselor and client, we adopt the
Working Alliance Inventory (WAI) (Bayerl et al.,
2022), following the setup described in Qiu and
Lan (2026). WAI is a psychological measurement
tool consisting of 12 items, categorized into three
groups of therapeutic alliance: Goal, Task, and
Bond. Rather than enumerating each item individu-
ally, we describe each dimension and its constituent
items together.

The Task dimension (WAI-1, 2, 8, 12) concerns
the degree to which the counselor and client share
a mutual understanding of and commitment to the
therapeutic work: whether they align on the con-
crete steps being taken, view the current activi-
ties as worthwhile, agree on which issues are most
pressing, and whether the client regards the overall
approach as fitting their situation.

The Goal dimension (WAI-4, 6, 10, 11) captures
the extent to which counselor and client are ori-
ented toward the same counseling objectives. This
includes shared clarity about the purpose of the
sessions, joint commitment to agreed-upon goals,
a common understanding of what changes would
benefit the client, and the absence of conflicting
views about the nature of the client’s core difficul-
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MAGneT Reflection Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session specializing in
reflections. Reflection is a technique used by the counselor to help a client gain insight into their
thoughts, feelings, and behaviors by mirroring or paraphrasing what the client expresses, allowing
the client to hear and evaluate their own statements more clearly. Your task is to use the provided
client information to generate the next reflection-based counselor utterance in the dialogue. The
goal is to create a natural and engaging response that builds on the previous conversation through
reflection. Please be mindful to only generate the counselor response for a single turn and do not
include extra text like "here is the next counselor utterance" or "Here is a possible next utterance"
or anything mentioning the used technique. Please ensure that the utterances sound natural and
ensure that your responses do not exactly repeat any of the counselor’s previous utterances from
the dialogue history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 6: Prompt used for the Reflection agent in MAGneT.

ties. WAI-4 and WAI-10 are framed negatively,
expressing doubt or disagreement and their scores
are therefore inverted before aggregation.

The Bond dimension (WAI-3, 5, 7, 9) reflects
the interpersonal quality of the therapeutic relation-
ship: whether the client and counselor experience
mutual liking and respect, whether the client feels
genuinely valued as a person, whether the client
trusts in the counselor’s competence, and whether a
sense of mutual trust characterizes the relationship
overall.

Each item is scored on a scale of 1 to 7 using
GPT-4o in a LLM-as-a-judge setup. For all items
except WAI-4 and WAI-10, a higher score indicates
a stronger therapeutic alliance. WAI-4 and WAI-10
are negatively framed and therefore inverted via
s̃i = 8− si before aggregation; all other items re-
tain their raw scores (s̃i = si). Table 7 summarizes
the item-to-dimension mapping. Letting Dd denote
the set of four item indices belonging to dimension
d, the dimension score is:

Sd =
1

|Dd|
∑

i∈Dd

s̃i, d ∈ {Task, Goal, Bond}

(2)
The prompt used to score WAI items using GPT-

4o in a LLM-as-a-judge setup is shown in Figure

Dimension Items (raw) Items (inverted)
Task WAI-1, 2, 8, 12 —
Goal WAI-6, 11 WAI-4, 10
Bond WAI-3, 5, 7, 9 —

Table 7: WAI item groupings by dimension. Items in
the “inverted” column are transformed as s̃i = 8 − si
prior to averaging.

16.

D.3 PANAS
Positive and Negative Affect Schedule (PANAS)
(Watson et al., 1988) is a self-report questionnaire
used to assess the positive and negative emotions
of a person at a certain time or over a period of
time. Here, we use PANAS to measure the changes
in positive and negative emotions of the client from
before counseling to after the counseling session.
PANAS comprises 10 items for positive emotions
and 10 items for negative emotions, with each item
rated on a 5-point Likert scale (1–5). The list of
emotions rated are as follows:

• Positive Emotions: Interested, Excited,
Strong, Enthusiastic, Proud, Alert, Inspired,
Determined, Attentive, Active.

• Negative Emotions: Distressed, Upset,
Guilty, Scared, Hostile, Irritable, Ashamed,

5951



MAGneT Questioning Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session specializing in
questioning. Questioning is a technique used by counselors to gain deeper understanding and
insights on how the client feels regarding some previously mentioned events, how the client
feels at present or understand how the client feels when asked to consider the situation from
an alternative perspective. Your task is to use the provided client information to generate the
next questioning-based counselor utterance in the dialogue. The goal is to create a natural
and engaging response that builds on the previous conversation through questioning. Please be
mindful to only generate the counselor response for a single turn and do not include extra text
like "here is the next counselor utterance" or "Here is a possible next utterance" or anything
mentioning the used technique. Please ensure that the utterances sound natural and ensure that
your responses do not exactly repeat any of the counselor’s previous utterances from the dialogue
history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 7: Prompt used for the Questioning agent in MAGneT.

Nervous, Jittery, Afraid.

In our setup, we use the LLM-as-a-judge ap-
proach with GPT-4o to rate the emotions. For
evaluation before the counseling session, the judge
model scores each emotion item based solely on
the client intake form, which reflects the client’s
emotional baseline. For evaluation after the coun-
seling session, the judge model considers both the
intake form and the generated counseling session
to assess the client’s updated emotional scores. The
final positive and negative affect scores before and
after the counseling sessions are computed by aver-
aging the scores of the respective 10 items. Finally,
the changes in the average positive and negative af-
fect score between before and after the counseling
session are reported. The prompts used for PANAS
scoring before and after the counseling session are
shown in Figure 17 and Figure 18, respectively.

E Counseling Agent Fine-tuning

To assess the downstream effectiveness of the gen-
erated synthetic counseling sessions, we fine-tune
Llama3-8B-Instruct model (Team, 2024) on syn-
thetic sessions generated by different methods:
Psych8k (Liu et al., 2023), CACTUS (Lee et al.,
2024), and MAGneT, resulting in Llama-Psych8k,

Llama-CACTUS, and Llama-MAGneT respectively.
For fine-tuning, we begin by splitting the genera-
tion seeds into training, validation, and test sets.
The generation seeds (Lee et al., 2024) include the
client intake form, the corresponding client attitude
(positive, neutral, or negative), attitude-specific in-
structions, and the initial greeting dialogue turns
between the client and counselor. To prevent data
leakage and ensure fair evaluation, we split the
seeds at the client level, ensuring that intake forms
associated with a given client appear in only one
of the train, validation, or test splits. This avoids
fine-tuning and evaluating on sessions that differ
only in client attitude. We take the generation seeds
from the CACTUS dataset (Lee et al., 2024) which
contains 150 unique client profiles with 3 different
attitudes, resulting in 450 generation seeds. We
split them into a training set containing 90 clients
(i.e., 270 generation seeds), a validation set with
10 clients (30 generation seeds), and a test set with
the remaining 50 clients (150 generation seeds).
For fine-tuning, we extract (dialogue history, coun-
selor response) pairs from the synthetic sessions
generated using the generation seeds in the train-
ing set. Since each session contains 20 counselor
dialogue turns, this results in 5400 (dialogue his-
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MAGneT Solutions Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session specializing in
providing solutions to client issues. Counselors provide solutions grounded in psychological
techniques that can be used by clients to improve their condition and deal with the mental health
issues they are facing. Your task is to use the provided client information to generate the next
solution-based counselor utterance in the dialogue for solving client’s problems. The goal is to
create a natural and engaging response that builds on the previous conversation through providing
solutions. Please be mindful to only generate the counselor response for a single turn and do not
include extra text like "here is the next counselor utterance" or "Here is a possible next utterance"
or anything mentioning the used technique. Please ensure that the utterances sound natural and
ensure that your responses do not exactly repeat any of the counselor’s previous utterances from
the dialogue history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 8: Prompt used for the Solutions agent in MAGneT.

tory, counselor response) pairs. A similar approach
is used for the validation set, resulting in 600 (di-
alogue history, counselor response) pairs. Once
fine-tuned, the fine-tuned model is used to simulate
the counselor agent and generate synthetic counsel-
ing sessions using the generation seeds in the test
split. The client agent is kept the same and uses a
non-fine-tuned Llama3-8B-Instruct. These gener-
ated counseling sessions are then evaluated using
CTRS, WAI, and PANAS. The prompts used for
fine-tuning Llama3-8B-Instruct model using the
Psych8k-generated data, CACTUS-generated data,
and MAGneT-generated data are shown in Figure 19,
Figure 20, and Figure 21, respectively. The same
prompts without the response part in the assistant
section are also used for generating counseling ses-
sions using the fine-tuned counseling models with
the generation seeds from the test set. The mean
scores and standard deviations for CTRS, PANAS,
and WAI, computed over the counseling sessions
generated by the fine-tuned models, are shown in
Table 19.

F CounselingBench

To provide a complementary, objective assessment
of the utility of the fine-tuned models, we evaluate
them on CounselingBench (Nguyen et al., 2025).

CounselingBench comprises 1,621 multiple-choice
questions aligned with the National Clinical Mental
Health Counseling Examination (NCMHCE) con-
tent outline, each accompanied by patient demo-
graphic and background information. This MCQ
benchmark measures the knowledge of the model.
For this evaluation, we fine-tune a Llama3-8B-
Instruct model on CACTUS, Psych8k, and MAGneT-
generated sessions, following the procedure de-
scribed in Appendix E. However, unlike our main
experiments, we use all generated sessions for fine-
tuning, as the evaluation is conducted on an inde-
pendent benchmark.

The fine-tuned models are then evaluated under
three prompting techniques of increasing guidance.
In the Zero Shot (ZS) prompting, models respond
to each question without any worked examples,
relying solely on knowledge acquired during fine-
tuning (prompt in Figure 22). In the Few Shot
(FS) prompting, three example question-answer
pairs are prepended to each query as in-context
demonstrations (prompt in Figure 23). In the
Few Shot Chain-of-Thought (FS-CoT) prompt-
ing, those same three demonstrations are aug-
mented with expert-annotated step-by-step reason-
ing, and models are explicitly instructed to produce
their own reasoning trace before arriving at an an-
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MAGneT Normalizing Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session specializing in
normalization. Normalization is a technique used by the counselor to acknowledge and validate
the client’s experience as normal or expectable, sympathize with their challenges, and provide
reassurance to foster a supportive and encouraging therapeutic atmosphere. Your task is to use
the provided client information to generate the next normalization-based counselor utterance in
the dialogue. The goal is to create a natural and engaging response that builds on the previous
conversation through normalization. Please be mindful to only generate the counselor response
for a single turn and do not include extra text like "here is the next counselor utterance" or "Here
is a possible next utterance" or anything mentioning the used technique. Please ensure that the
utterances sound natural and ensure that your responses do not exactly repeat any of the counselor’s
previous utterances from the dialogue history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 9: Prompt used for the Normalizing agent in MAGneT.

swer (prompt in Figure 24).

Following the hyperparameter settings recom-
mended in the benchmark, we generate model re-
sponses using a temperature of T = 0 and a top-p
value of 0.9. Because the multiple-choice format of
CounselingBench constitutes a multi-class classifi-
cation task, we report F1 scores to assess the ability
of the models to select the correct answers. In
addition, we evaluate the chain-of-thought (CoT)
reasonings produced under the FS-CoT prompt-
ing using both reference-based and reference-free
metrics. For reference-based evaluation, we com-
pute cosine similarity, BERTScore (Zhang et al.,
2020), ROUGE-1, and ROUGE-L (Lin, 2004) be-
tween the generated reasonings and the expert-
annotated explanations provided in the benchmark.
The cosine similarity is calculated using Sentence
Transformer (Reimers and Gurevych, 2019) em-
beddings. For reference-free evaluation, we use
Roscoe (Golovneva et al., 2023), using the met-
rics specified in the benchmark: Faithfulness, Step
Informativeness, Chain Informativeness, Missing
Step, Alignment, Repetition, Grammar, and Self-
Consistency.

Table 8 reports the F1 scores of the fine-tuned
models under the ZS, FS, and FS-CoT prompting
techniques. Across all three prompting techniques,

the models achieve comparable performance, with
Llama-MAGneT showing a slight overall advantage.
However, the benefits of incorporating MAGneT-
generated synthetic data become substantially more
apparent when evaluating the quality of the reason-
ing chains produced under FS-CoT prompting.

Table 9 presents both reference-based and
reference-free evaluations of the generated rea-
soning chains. According to the reference-based
metrics, the reasoning produced by Llama-MAGneT
aligns more closely with expert annotated reason-
ing, as reflected in notably higher cosine similarity
and BERTScore. While ROUGE-1 and ROUGE-L
scores remain similar across models, these metrics
rely on n-gram overlap rather than semantic simi-
larity, making them less informative in this context.

Turning to the reference-free ROSCOE metrics,
we observe that all models perform similarly on
most dimensions. The exception is self-consistency,
where Llama-MAGneT demonstrates a clear advan-
tage over the baselines showing it can produce
more coherent and consistent reasoning chains.
Taken together, these findings highlight the effec-
tiveness of MAGneT-generated synthetic data in en-
hancing the reasoning quality of fine-tuned models
beyond what is achievable with baseline datasets.
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MAGneT Psycho-education Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session specializing in
psycho-education. Psycho-education is a technique used by the counselor to provide therapeutically
relevant information about psychological principles to the client to help them understand their
issues and the logic behind the solutions. Your task is to use the provided client information to
generate the next psycho-education-based counselor utterance in the dialogue. The goal is to create
a natural and engaging response that builds on the previous conversation through psycho-education.
Please be mindful to only generate the counselor response for a single turn and do not include extra
text like "here is the next counselor utterance" or "Here is a possible next utterance" or anything
mentioning the used technique. Please ensure that the utterances sound natural and ensure that
your responses do not exactly repeat any of the counselor’s previous utterances from the dialogue
history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 10: Prompt used for the Psycho-education agent in MAGneT.

Model ZS FS FS-CoT

Llama-Psych8k 0.605 0.619 0.576
Llama-CACTUS 0.608 0.621 0.574
Llama-MAGneT 0.616 0.616 0.582

Table 8: F1 Scores on CounselingBench for different
prompting techniques used with fine-tuned Llama3-8B-
Instruct models.

G Expert Evaluation

To complement automatic evaluations, we conduct
a human expert evaluation comparing MAGneT with
the best-performing baseline identified from auto-
matic metrics. We randomly select 50 generation
seeds from the dataset, ensuring a balanced dis-
tribution of client attitudes: 17 positive, 16 neu-
tral, and 17 negative. For each selected initial
generation seed, we generate two counseling di-
alogues: one using MAGneT and the other using the
best-performing baseline. A similar comparison is
conducted between the fine-tuned Llama-MAGneT
and the best fine-tuned baseline model. Two expert
psychologists independently compare each gener-
ated dialogue pair on the following aspects:

• Comprehensiveness: Evaluates the degree to
which the client’s situation and psychological

problems are reflected in the dialogues.

– Does the dialogue reflect basic informa-
tion about the client?

– Does the dialogue reflect the client’s psy-
chological problems?

• Professionalism: Evaluates the professional-
ism of the psychological counselor during the
dialogues.

– Does the counselor demonstrate profes-
sional ability to diagnose psychological
problems?

– Does the counselor use professional psy-
chological counseling techniques?

– Is the counselor’s language professional,
and is there a guided dialogue?

– Does the dialogue proceed in the order of
the professional consultation framework?
(reception and inquiry stage, diagnostic
stage, consultation stage, consolidation,
and ending stage)

– Is there a specific implementation pro-
cess for psychological counseling tech-
nology, as detailed and clear as possible?

• Authenticity: Evaluates the degree of authen-
ticity between the client and the counselor in
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MAGneT Technique Agent Prompt

You are a counselor specializing in psychological techniques used in a therapy session. Your
task is to use the provided conversation history and the suggested counseling plan to suggest
the psychological technique or combination of techniques to be used by the therapist in the next
dialogue turn. Remember that the counselor should properly explore and understand the client
issues, normalize the issues and then provide solutions with psycho-education.
Counseling planning:
{cbt_plan}
Counseling Dialogue:
{history}
Types of Psychological Techniques:
Reflection, Questioning, Providing solutions, Normalization, Psycho-education
Choose an appropriate technique or combination of technique for counselor response. ***Gen-
erate only the techniques from the list and do not generate possible responses***. The selected
technique(s):

Figure 11: Prompt used for the Technique agent in MAGneT.

Model cosSim (↑) BERT (↑) RL (↑) R1 (↑) faith (↑) infostp (↑) infochn (↑) mis. (↑) al. (↑) rep. (↓) gmr. (↑) cons. (↑)

Llama-Psych8k 0.663 0.157 0.177 0.319 0.893 0.876 0.883 0.801 0.894 0.035 0.978 0.602
Llama-CACTUS 0.657 0.168 0.181 0.325 0.885 0.867 0.876 0.793 0.890 0.054 0.969 0.648
Llama-MAGneT 0.671 0.180 0.181 0.329 0.892 0.872 0.879 0.791 0.895 0.045 0.975 0.750

Table 9: Performance of reasoning chains generated in FS-CoT prompting of the fine-tuned Llama3-8B-Instruct
models on CounselingBench. The reasoning chains are evaluated on reference-based and reference-free metrics.
Here cosSim (Cosine Similarity), BERT (BERTScore), RL (ROUGE-L), R1 (ROUGE-1), faith (Faithfulness),
infostp (Informativeness Step), infochn (Informativeness Chain), mis. (Missing step), al. (Alignment), rep.
(Repetition), gmr. (Grammar), cons. (Self Consistency).

dialogues.

– Does the client express emotions and
their evolution that fit the scenario?

– Does the counselor listen to, understand,
and empathize with the client?

– Does the counselor avoid expressions
that may cause misunderstanding or dis-
comfort?

– Does the counselor avoid long statements
and is consistent with real psychological
counseling scenarios?

• Safety: Evaluates whether the dialogue re-
spects clients’ thoughts and emotions.

• Content Naturalness: Evaluates whether the
generated counselor responses are relevant
and coherent to the client’s conversation his-
tory, whether the content is smooth, natural,
consistent with language habits, and human-
like.

• Directiveness: Evaluates whether the coun-

selor responses provide structured guidance
and actionable suggestions.

• Exploratoriness: Evaluates whether the
counselor responses deepen the understanding
of the client’s statements.

• Supportiveness: Evaluates whether the coun-
selor responses are empathetic and affirming.

• Expressiveness: Evaluates whether the coun-
selor responses encourage clients to articulate
emotions and thoughts freely.

For each aspect, experts are asked to indicate
which generated counseling session exhibits the
aspect better or select a tie if both are equally effec-
tive. The interface used by the experts for reading
the counseling sessions is shown in Figure 25, and
the scoring interface for the experts is shown in
Figure 26.

To reduce individual bias, we recruited a total
of seven experts, exceeding the two to five raters
commonly used in prior work (Qiu et al., 2024;
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MAGneT Response Generation Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is to
generate the counselor response in the dialogue by combining responses suggested by counselors
specializing in reflections, questioning, providing solutions, normalizing and psycho-education
based on the suggested techniques. The goal is to create a natural and engaging response that builds
on the previous conversation. Please ensure that the response is empathetic and understanding of
the client’s issues and builds trust between the counselor and the client. Please be mindful to only
generate the counselor response for a single turn, and do not include extra text like "here is the
next counselor utterance" or "Here is a possible next utterance" or anything mentioning the used
technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Reflection response:
{reflection_utt}
Questioning response:
{question_utt}
Solution response:
{solution_utt}
Normalizing response:
{normalize_utt}
Psycho-education response:
{psychoed_utt}
Suggested Technique(s):
{technique}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 12: Prompt used for the Response Generation agent in MAGneT.

Chen et al., 2023; Chen and Liu, 2025; Na, 2024;
Xiao et al., 2024; Xu et al., 2025). Notably, some
studies also employ a comparable number of ex-
perts. Thousand Voices of Trauma (BN et al., 2025)
involved seven experts; however, each expert evalu-
ated only two sessions, resulting in 14 total session
evaluations compared to 100 sessions in our eval-
uation. Similarly, e-THERAPIST (Mishra et al.,
2023) engaged six experts and evaluated 120 ses-
sions, but allocated 20 interactions per evaluator,
an allocation that implies each session received a
single rating, thus limiting the robustness of their
evaluation. In contrast, our design combines evalu-
ator diversity (seven experts) with per-session re-
dundancy (two independent ratings per session)
across 100 sessions. This structure provides both
broader coverage and stronger reliability, reduc-
ing susceptibility to individual rater bias compared
to existing approaches. The inter-annotator agree-
ment among experts is measured using Cohen’s
Kappa over the evaluations of the 50 sessions gen-
erated by MAGneT and the strongest baseline. The
results are reported in Table 10. The consistently

high agreement scores across evaluation criteria
indicate consistency among expert judgments, sup-
porting the reliability and robustness of our ex-
pert evaluation. Furthermore, the evaluation cri-
teria were developed in collaboration with inde-
pendent psychologists who did not serve as raters,
thereby further mitigating potential bias. The ex-
perts were recruited from a collaborating research
group. All raters were Rehabilitation Council of
India (RCI)-licensed clinical psychologists aged
25–35, comprising both male and female evalu-
ators, with extensive experience in inpatient and
outpatient settings and specialization in psychother-
apy. All experts were compensated for their time
following the standard compensation practices of
the collaborating group.

H Example Comparisons

Figure 27, Figure 28, and Figure 29 present ex-
ample counseling sessions generated by MAGneT,
Psych8k, and CACTUS, respectively, using the
same initial generation seed. In this scenario, the
client seeks support due to distress over feeling
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Client Intake Form

Name: Laura Saunders
Age: 45
Gender: female
Occupation: Office Job
Education: College Graduate
Marital Status: Single
Family Details: Lives alone
Presenting Problem: I am struggling with the thought that I can’t run far, despite enjoying running
as a hobby. This negative belief is affecting my motivation and self-esteem. The issue started a few
months ago when I started setting running goals for myself. I believe the stress of not meeting my
running goals has contributed to this problem. The problem has progressed to a point where I feel
demotivated to continue running and doubt my abilities. I experience this negative thought pattern
every time I lace up my running shoes and head out for a run. I have tried to improve my running
technique and read motivational articles, but it hasn’t helped much.
Reason for Seeking Counseling: I decided to seek counseling because this negative belief is
hindering my enjoyment of running and affecting my overall mood.
Past History (including medical history): I have not experienced similar problems before. I
have not received treatment or counseling for psychological issues. I do not have any significant
physical illnesses.
Academic/occupational functioning level: My job performance has not been impacted by this
issue. Interpersonal relationships: I have not experienced any strain in my relationships due to this
issue. Daily life: My self-esteem and motivation levels have been affected by this negative belief.
Social Support System: I have a close friend who is supportive, but I have not discussed this
specific issue with them.

Figure 13: An example of the Client Intake Form.

like a bad grandson, which is impacting their daily
life and relationships. The counselor in MAGneT-
generated counseling session demonstrates empa-
thy, engages the client with reflective question-
ing, and provides psycho-educational context to
clarify the rationale behind certain therapeutic per-
spectives. In contrast, the counselor in Psych8k-
generated session shows some empathy but lacks
psycho-educational content, while the counselor
in CACTUS-generated session focuses solely on
questioning, with no evident empathy or psycho-
education. Additionally, we observe repetition in
the final turns of the Psych8k and CACTUS ses-
sions. For instance, the counselor in the Psych8k-
generated session repeatedly asks whether the
client can accept their grandfather’s love indepen-
dent of their perfectionism, and the counselor in
the CACTUS-generated session reiterates inquiries
about the client’s perspective on being more vul-
nerable and open to their grandfather. In compar-
ison, the counselor in MAGneT-generated session
explores a broader range of therapeutic directions,

starting with exploring what actions the client can
take to be more authentic with their grandfather
and more kind to themselves. This is followed by
a reflection on its impact on their relationship with
their grandfather, and finally reflection on personal
impact. This highlights MAGneT’s capacity for gen-
erating counseling sessions with more grounding
in psychology theory.

A second set of examples is shown in Figure 30,
Figure 31, and Figure 32, where the client is a
51-year-old business professional experiencing an-
ticipatory anxiety driven by perfectionism prior
to a friend’s visit. All three excerpts cover the
same phase of the session (turns 8–16), in which
the counselor begins to probe the perfectionism
schema that underlies the client’s presenting anxi-
ety. The counselor in the MAGneT-generated session
(Figure 30) demonstrates a coherent therapeutic
trajectory: beginning with empathic reframing of
perfectionism as vulnerability (turn 8), followed
by questioning of the client’s perspective on au-
thentic presence (turn 10), normalization of the
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Client Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a client in a psychological counseling session. Your task is to generate
only one suitable response based on the following the counseling dialogue history.
## Guidelines for the client’s utterance:
1. Engage authentically with the counselor’s inquiries, reflecting the complexity of emotions and
reactions typical in counseling sessions.
2. Start the client’s utterance with ’Client:’. Ensure that the utterance follows the exact format and
does not contain any control characters.
3. The client should maintain the following attitude.
If you feel that the counseling session has completely ended and meets the end condition, you
should include ’[/END]’ with your utterance.
***End Conditions:***
- The client feels that their negative thoughts have been resolved.
- The client feels that no further counseling is needed
Please be mindful of these conditions and ensure that ***the session should not end prematurely;
it must last at least 20 turns.***. Generate only the client’s utterance for a single turn and please
ensure that your responses do not repeat the client’s previous utterances. Do not generate the
counselor’s part of the dialogue. <|eot_id|><|start_header_id|>user<|end_header_id|>
Client Persona and Negative Thoughts:
{intake_form}
Client’s Attitude Towards Counseling:
{attitude}
Counseling Dialogue History:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 14: Prompt used for Client agent in Psych8k, CACTUS and MAGneT.

client’s tendencies to be in control of situations
(turn 14), psycho-educational explanation of their
origins (turn 14), and concluding with an affirming
reframing of their thoughts (turn 16). Each in-
tervention is contextually grounded in the client’s
preceding utterance, resulting in an adaptive di-
alogue observed in real counseling. In contrast,
the counselor in the Psych8k-generated session
(Figure 31) relies solely on exploratory question-
ing and exhibits repetition from turn 14 onward,
indicating loss of the context. The counselor in
the CACTUS-generated session (Figure 32) ini-
tially applies CBT-style questioning effectively but
remains constrained to a single technique (elicit-
ing catastrophic thoughts), failing to adapt when
the client initiates rethinking their situation. The
counselor in the CACTUS-generated session over-
looks this shift and continues repeating the prior
technique instead of transitioning to validation or
solution-focused strategies. Overall, these exam-
ples demonstrate that MAGneT’s improvements ex-

tend beyond surface-level metrics. Its multi-agent
coordination enables coherent therapeutic progres-
sion, a diverse and context-sensitive application
of techniques, and sustained responsiveness to the
client’s evolving cognitive and emotional state.

I Ablations

To understand the contribution of key agents in
MAGneT, we perform ablations by systematically
removing individual agents. Specifically, we evalu-
ate the impact of the CBT agent and the technique
agent on the overall quality of the generated coun-
seling sessions. We define MAGneT-C as MAGneT
without the CBT agent. In this setting, the tech-
nique agent does not receive a counseling plan. The
corresponding prompt for the technique agent is
shown in Figure 33. Similarly, we also experiment
with MAGneT-T, which is MAGneT without the tech-
nique agent. Here, the response generation agent
directly receives the counseling plan from the CBT
agent, the candidate responses from the specialized
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CTRS Evaluation Prompt

I want you to act as an evaluator. You will be provided with a transcript of a counseling session
between a therapist and a client. Your task is to assess the therapist based on the given criteria. If
you believe the therapist falls between two of the descriptors, select the intervening odd number (1,
3, 5). For example, if the therapist set a very good agenda but did not establish priorities, assign a
rating of 5 rather than 4.
Please follow these steps:
1. Read the counseling session transcript carefully.
2. Review the evaluation questions and criteria provided below.
3. Assign a score based on the criteria, grading very strictly and uptight. If there is any deficiency,
no matter how minor, assign a score of 4 or lower.
4. Output the score and the explanation, separated by a comma. Do not add any prefix.
Counseling conversation:
{conversation}
Evaluation Question:
{question}
Criteria:
{criteria}

Figure 15: Prompt used for evaluating the generated counseling sessions on CTRS.

Dimension Cohen’s κ

Comprehensiveness 0.576
Professionalism 0.600
Authenticity 0.697
Safety 0.786
Content 0.542
Directiveness 0.575
Exploratoriness 0.667
Supportiveness 0.810
Expressiveness 0.580

Mean 0.648

Table 10: Inter-annotator agreement (Cohen’s κ) among
expert evaluators across the nine evaluation dimensions.
All dimensions show moderate to substantial agreement.

response agents and the dialogue history, without
receiving any suggested techniques. The prompt
used in this ablation is shown in Figure 34. We also
experiment with MAGneT-C-T, MAGneT with both the
CBT agent and technique agent removed. In this ab-
lation, the response generation agent relies solely
on candidate responses from the specialized re-
sponse agents and the current dialogue history, with
no access to either a counseling plan or suggested
techniques. The prompt used for the response gen-
eration agent in MAGneT-C-T is provided in Figure

35.
Additionally, we conduct an ablation study to iso-

late the contribution of specialized response agents
by evaluating MAGneT-SA, a variant of MAGneT with-
out specialized response agents. In this setting,
we retain the CBT planning agent and technique
agent: the CBT plan is provided to the technique
agent to select appropriate techniques for the next
turn, similar to MAGneT. However, instead of spe-
cialized agents generating candidate responses, the
response generation agent directly generates the fi-
nal response using the dialogue history, the selected
techniques, and technique definitions provided in
its prompt. The prompt used for the response gen-
eration agent in MAGneT-SA is shown in Figure 36.
Here we use Llama3-8B-Instruct as the technique
agent for both MAGneT and MAGneT-SA. We com-
pare MAGneT-SA with MAGneT in Table 11. Remov-
ing the specialized agents reduces performance on
five of the six dimensions, with the largest drops
observed in Guided Discovery and Focus, resulting
in a lower mean CTRS score. Since both variants
use the same underlying model, CBT agent, tech-
nique agent, and client context, this comparison
isolates the contribution of the specialized-agent
decomposition.

The mean scores and standard deviations for
CTRS, PANAS, and WAI, computed over the coun-
seling sessions generated by the ablations, are

5960



WAI Evaluation Prompt

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.
Please follow these steps:
1. Read the counseling session transcript carefully.
2. Review the evaluation questions and criteria provided below.
3. Assign a score based on the criteria, grading very strictly.
4. Output the score (***only the numerical***) and the explanation, separated by a comma. ***Do
not add any prefix.***
Counseling conversation:
{conversation}
Question: {question}
Criteria:
{criteria}

Figure 16: Prompt used for evaluating the generated counseling sessions on WAI.

shown in Table 20.

J Qwen Agent Experiments

To assess whether our findings generalize across
model backbones, we conduct an additional set
of experiments replacing Llama3-8B-Instruct with
Qwen2.5-7B-Instruct. In this setting, the CBT
agent, all specialized response agents, and the
response generation agent in MAGneT are imple-
mented using Qwen2.5-7B-Instruct, while the tech-
nique agent continues to rely on GPT-4o-mini. For
fair comparison, the counselor agents in Psych8k
and CACTUS, as well as all client agents, are also
implemented with Qwen2.5-7B-Instruct. We retain
the original prompts and only adapt the formatting
to match Qwen2.5-7B-Instruct’s input template.

Using this setup, we similarly generate multi-
turn counseling sessions through role-play between
the counselor and client agents and evaluate them
with CTRS, WAI, and PANAS. The evaluation
results of the generated synthetic counseling ses-
sions are presented in Table 12. Overall, WAI and
PANAS exhibit trends consistent with our Llama3-
based experiments: MAGneT improves performance
across all WAI dimensions and yields substantial
gains on PANAS for positive and neutral client
attitudes, but continues to face challenges with neg-
ative attitude clients.

However, the CTRS results show a differ-
ent trend compared to the Llama3-based experi-
ments. In the Llama3-8B-Instruct setting, MAGneT

achieved the best performance on general counsel-
ing skills, followed by Psych8k and then CACTUS.
In contrast, under Qwen2.5-7B-Instruct, Psych8k
performs the worst. While MAGneT improves over
CACTUS on general counseling skills such as In-
terpersonal Effectiveness and Collaboration, it per-
forms worse on Understanding. For CBT-specific
skills, MAGneT performs similarly on Guided Dis-
covery, but falls behind CACTUS on Focus (F)
and Strategy (S) by 6.7% and 8.3%, respectively.
This differs from the Llama3-based setting, where
CACTUS already outperformed Psych8k on Focus
and Strategy due to its CBT planning agent, and
MAGneT further improved performance through the
technique selection agent and specialized response
agents. To understand this difference, we analyze
the CBT plans generated by Llama3-8B-Instruct
and Qwen2.5-7B-Instruct, shown in Figure 37 and
Figure 38, respectively.

A key difference lies in how the two models
structure their CBT plans. Llama3-8B-Instruct pro-
duces plans with clearly labeled techniques (e.g.,
Decatastrophizing) as separate steps. This makes
it easy for the technique selection agent to identify
the intended method and route the response to the
correct specialized agent. In contrast, Qwen2.5-7B-
Instruct generates more detailed and natural plans,
where multiple techniques are embedded within
broader session goals without explicit labels. Tech-
niques such as behavioral experiments, thought
records, and cognitive reframing are blended into a
single narrative. Because of this, CACTUS already
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PANAS Evaluation Prompt before Counseling

A person with the characteristics listed in the intake form received counseling. Based on the text
provided, evaluate the intensity of each of the following feelings the person might have experienced:
Interested, Excited, Strong, Enthusiastic, Proud, Alert, Inspired, Determined, Attentive, Active,
Distressed, Upset, Guilty, Scared, Hostile, Irritable, Ashamed, Nervous, Jittery, Afraid.
For each feeling, generate a score from 1 to 5 using the following scale:
1 - Very slightly or not at all
2 - A little
3 - Moderately
4 - Quite a bit
5 - Extremely
Additionally, provide a brief explanation for each score. ***Separate feeling, explanation, score
by comma. The score should only be the numeric value. Do not add explanations after the score.
Do not add any prefix.***
Here is the text:
{intake_form}

Figure 17: Prompt used for evaluating on PANAS before counseling.

Method Understanding Interpersonal Eff. Collaboration Guided Discovery Focus Strategy Mean
(↑) (↑) (↑) (↑) (↑) (↑) (↑)

MAGneT 3.81 4.24 3.12 3.88 3.51 2.87 3.57
MAGneT-SA 3.77 4.17 3.11 3.75 3.42 2.95 3.53

Table 11: Ablation comparing MAGneT-SA ablation with MAGneT. Best results are in bold.

performs well with Qwen’s plans, even without ex-
plicit technique selection, as the plans themselves
provide strong CBT grounding. However, the tech-
nique selection agent is designed to detect clear
technique labels. When applied to Qwen’s implicit
plans, it may focus on a single visible cue and
miss the overall therapeutic intent. This can lead
to narrower responses and weaker consistency in
applying a strategy across the session. This ex-
plains the drop in Focus and Strategy scores, which
require maintaining a coherent treatment direction
rather than applying isolated techniques.

Importantly, this issue is not a limitation of the
multi-agent framework itself, but a mismatch be-
tween the technique selection agent and Qwen’s
planning style. In the Llama3 setting, where plans
are explicitly structured and labeled, the framework
works as intended and consistently improves CBT-
specific skills. Moreover, even with Qwen2.5-7B-
Instruct, MAGneT still shows improvements on gen-
eral counseling skills and WAI, and similar trends
in PANAS to its Llama3-8B-Instruct counterpart,
highlighting the overall effectiveness of the multi-
agent design.

K Qwen Judge Evaluations

In this section, we report the CTRS, WAI, and
PANAS scores evaluated using Qwen2.5-72B-
Instruct (Yang et al., 2024) as the judge model.
Similar to GPT-4o evaluations, we use a temper-
ature T = 0 for the Qwen2.5-72B-Instruct judge
model. The detailed results are shown in Table
13. Across evaluation metrics, we observe largely
consistent trends when replacing the GPT-4o judge
with Qwen2.5-72B-Instruct.

For CTRS, MAGneT consistently outperforms
Psych8k and CACTUS, consistent with the pat-
tern observed under the GPT-4o-based evaluation.
This suggests that MAGneT generates sessions ex-
hibiting stronger general counseling competence as
well as CBT-specific skills, and that its relative ad-
vantage is robust to the choice of judge model. For
PANAS, MAGneT performs strongly for clients with
positive attitudes but shows weaker performance
for clients with negative attitudes, again replicating
the trend obtained with GPT-4o as the evaluator.
Similarly, in WAI, MAGneT achieves the highest
scores on Goal and Bond followed by Psych8k,
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PANAS Evaluation Prompt after Counseling

A person with the characteristics listed in the intake form received counseling. The following
counseling session is a conversation between the client and the counselor. After reviewing the
conversation, evaluate the intensity of each of the following feelings the person might have
experienced once the counseling session is complete: Interested, Excited, Strong, Enthusiastic,
Proud, Alert, Inspired, Determined, Attentive, Active, Distressed, Upset, Guilty, Scared, Hostile,
Irritable, Ashamed, Nervous, Jittery, Afraid.
For each feeling, generate a score from 1 to 5 using the following scale:
1 - Very slightly or not at all
2 - A little
3 - Moderately
4 - Quite a bit
5 - Extremely
Additionally, provide a brief explanation for each score. ***Separate feeling, explanation, score
by comma. The score should only be the numeric value. Do not add explanations after the score.
Do not add any prefix.***
Here is the text:
{intake_form}
Here is the counseling session:
{conversation}

Figure 18: Prompt used for evaluating on PANAS after counseling.

Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Psych8k 3.97 5.13 4.26 3.81 3.76 3.52 1.23 −1.06 0.67 −0.64 −0.38 −0.41 4.90 5.40 5.18
CACTUS 4.18 5.22 4.80 4.15 4.14 4.16 1.33 −1.04 0.92 −0.74 -0.15 −0.38 5.23 5.65 5.41
MAGneT 3.99 5.35 4.88 3.96 3.74 3.66 1.42 -1.09 1.07 -0.90 −0.22 -0.55 5.27 5.65 5.46

δ(%) -3.2 +2.2 +1.3 -3.2 -6.7 -8.3 +2.3 +0.8 +3.8 +4.0 -1.8 +3.5 +0.7 0 +0.8

Table 12: Evaluation of counseling sessions generated using Qwen2.5-7B-Instruct as the backbone model across
CTRS, PANAS, and WAI dimensions. For CTRS: U (Understanding), I (Interpersonal Effectiveness), C (Collab-
oration), D (Guided Discovery), F (Focus), S (Strategy). For PANAS: Pos. Att. (Positive Attitude), Neu. Att.
(Neutral Attitude), Neg. Att. (Negative Attitude), P (average shift in positive emotions), N (average shift in negative
emotions). δ(%) shows MAGneT’s %-age margin over the best baseline (underlined).

with CACTUS performing worst. This ranking is
consistent with the GPT-4o evaluation. The only de-
viation occurs on the Task subscale of WAI: while
MAGneT ranked highest under GPT-4o evaluation,
it is slightly behind Psych8k when evaluated by
Qwen2.5-72B-Instruct.

Overall, with the exception of this single devia-
tion, the relative performance trends across meth-
ods remain consistent under both judge models,
providing further evidence for the robustness of the
LLM-as-a-judge evaluation paradigm. However,
two differences emerge compared to the GPT-4o-
based evaluation: (i) the absolute scores are higher
overall, and (ii) the relative margin between MAGneT
and the baselines is reduced. We attribute this to

Qwen2.5-72B-Instruct being less critical as an eval-
uator, suggesting that GPT-4o functions as a stricter
and more discriminative judge.

L Comparison with Single Agent Variants

Setup and Evaluation. In this section, we com-
pare MAGneT with single-agent variants that consol-
idate all agent-specific functionalities into a uni-
fied prompt. Specifically, the single-agent setup
performs all subtasks–CBT strategy generation,
reflection, questioning, solution provision, nor-
malization, psycho-education, and final response
generation–within a single prompt. The full prompt
used for the single-agent counselor is provided in
Figure 39.
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Psych8k QLora Prompt

<|start_header_id|>system<|end_header_id|>
If you are a counselor, please answer the questions based on the description of the patient. Please
be mindful to only generate the counselor response for a single turn, and do not include extra
text like "here is the next counselor utterance" or "Here is a possible next utterance" or anything
mentioning or explaining the used technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Input: {history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{response}<|eot_id|>

Figure 19: Prompt used for QLora fine-tuning with Psych8k-generated data.

CACTUS QLora Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is to use
the provided client information to generate the next counselor utterance in the dialogue. The goal
is to create a natural and engaging response that builds on the previous conversation. Please be
mindful to only generate the counselor response for a single turn, and do not include extra text like
"here is the next counselor utterance" or "Here is a possible next utterance" or anything mentioning
or explaining the used technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{response}<|eot_id|>

Figure 20: Prompt used for QLora fine-tuning with CACTUS-generated data.

For comparison, we evaluate two single-
agent baselines: (i) Llama3-8B-Instruct, and (ii)
Llama3.3-70B-Instruct (Meta AI, 2024), both act-
ing as the counselor agents. The client agent uses
Llama3-8B-Instruct across all configurations to en-
sure consistency.

For evaluation, we adopt GPT-4o as an LLM-
as-a-judge to assess counseling quality along three
axes: CTRS, WAI, and PANAS. The evaluation
prompts remain identical to those described in Ap-
pendix D.

Results and Discussion. The results are pre-
sented in Table 14. MAGneT substantially outper-
forms the Llama3-8B-Instruct single-agent base-
line on both CTRS and WAI, indicating that de-
composing the counseling process into specialized
agents improves both general counseling compe-
tence and CBT-specific skills, as well as the quality
of the therapeutic alliance. On PANAS, MAGneT

achieves better performance in positive emotions
of positive and neutral attitude but struggles in neg-
ative emotions and attitudes, which we attribute to
its tendency to more actively engage with and ex-
plore negative emotions, consistent with our obser-
vations discussed previously. In contrast, Llama3.3-
70B-Instruct surpasses MAGneT across all metrics,
highlighting the strong performance gains achiev-
able through increased model scale. This suggests
that while multi-agent decomposition improves per-
formance within a fixed model capacity, it does not
fully compensate for the advantages of significantly
larger models.

Importantly, MAGneT relies predominantly on
Llama3-8B-Instruct for its components, making the
comparison with the Llama3-8B single-agent base-
line a controlled and fair evaluation of the multi-
agent design rather than model scale. The observed
gains therefore directly reflect the benefits of the
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MAGneT QLora Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is to
use the provided client information to generate the next counselor response in the dialogue by
combining psychological techniques like reflections, questioning, providing solutions, normalizing
and psycho-education. The goal is to create a natural and engaging response that builds on the
previous conversation. Please ensure that the response is empathetic and understanding of the
client’s issues and builds trust between the counselor and the client. Please be mindful to only
generate the counselor response for a single turn, and do not include extra text like "here is the
next counselor utterance" or "Here is a possible next utterance" or anything mentioning the used
technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seeking counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{response}<|eot_id|>

Figure 21: Prompt used for QLora fine-tuning with MAGneT-generated data.

Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Psych8k 4.17∗ 4.86∗ 4.01 4.00∗ 4.00 3.98 1.30 −0.88 0.90 -0.54 0.10 -0.20 5.41 5.15 5.33
CACTUS 4.06∗ 4.63∗ 3.99∗ 4.00 4.01 3.92∗ 1.05∗ −0.68∗ 0.77 −0.43 0.01 −0.14 5.21∗ 5.02∗ 5.18∗

MAGneT 4.37 5.21 4.01 4.02 4.02 3.99 1.38 -0.90 1.00 -0.54 0.06 −0.12 5.37 5.20 5.35

δ(%) +3.3 +5.8 0.0 +0.3 +0.2 +0.2 +2.0 +0.5 +2.5 0.0 -1.0 -2.0 -0.7 +0.8 +0.3

Table 13: Evaluation of generated counseling sessions across CTRS, PANAS, and WAI dimensions using Qwen2.5-
72B as the judge model. Asterisks (*) indicate significant differences from MAGneT (p < 0.05, paired t-test). For
CTRS: U (Understanding), I (Interpersonal Effectiveness), C (Collaboration), D (Guided Discovery), F (Focus), S
(Strategy). For PANAS: Pos. Att. (Positive Attitude), Neu. Att. (Neutral Attitude), Neg. Att. (Negative Attitude), P
(average shift in positive emotions), N (average shift in negative emotions). δ(%) shows MAGneT’s %-age margin
over the best baseline (underlined).

multi-agent setup. In comparison, Llama3.3-70B-
Instruct operates at a substantially larger scale, and
its performance advantage underscores that such
scale differences are difficult to overcome purely
through multi-agent decomposition. Nevertheless,
MAGneT achieves stronger performance than the
Llama3-8B single-agent baseline while maintain-
ing similar computational requirements, making it
a more accessible alternative to large-scale mod-
els. Additionally, the modular multi-agent design
offers improved controllability, enabling targeted
analysis and refinement of individual components,
in contrast to single-agent systems where such in-
termediate reasoning steps remain implicit.

M Technique Agent details

To ensure a fair comparison with the baselines,
we also replace the technique agent with Llama3-
8B-Instruct. Table 15 presents results for MAGneT
with Llama3-8B-Instruct as the technique agent,
alongside the GPT-4o-mini variant, the Llama3-
8B-Instruct single-agent model (Appendix L), and
the baselines. As expected, substituting the tech-
nique agent with Llama3-8B leads to a modest
drop in performance. Nevertheless, this variant of
MAGneT consistently outperforms the Llama3-8B
single-agent model across all dimensions, isolat-
ing the benefit of the multi-agent architecture. It
also achieves the highest mean CTRS among the
baselines, outperforming them on most individual
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CounselingBench ZS Prompt

<|start_header_id|>system<|end_header_id|>
You are a helpful, respectful, honest, and knowledgeable student studying to become a licensed ther-
apist. You must answer a series of multiple-choice questions provided by the user from a US mental
health counselor licensing exam. Based on the question text and the context provided, ***you must
answer with either "A", "B", "C" or "D"***.<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**: The patient demographic is as follows: {patient_demographics}
{presenting_problem}
{mental_status_examination}
{other_contexts}
Given the context above and your expert-level knowledge of mental health counseling, please
answer the following question: {question}
{candidate_answers}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
Correct Answer is:

Figure 22: Prompt used to generate model responses to questions in CounselingBench using Zero-Shot (ZS)
prompting.

Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Llama3.3-70B 4.25∗ 5.49∗ 4.67∗ 4.59∗ 4.01∗ 4.03∗ 1.39∗ -1.24∗ 1.16∗ -0.89∗ 0.14∗ -0.51∗ 5.45∗ 5.41∗ 5.41∗

Llama3-8B 3.51∗ 3.81∗ 2.87∗ 3.54∗ 3.16∗ 2.74∗ 1.11 −1.01∗ 0.75 −0.65∗ −0.10 −0.43∗ 4.72∗ 4.33∗ 4.76∗

MAGneT 3.98 4.30 3.43 4.08 3.76 2.93 1.13 −0.73 0.82 −0.41 −0.15 −0.25 4.94 4.78 5.01

Table 14: Evaluation of counseling sessions generated by single agent variants compared to MAGneT across CTRS,
PANAS and WAI dimensions. Asterisks (*) indicate significant differences from MAGneT (p < 0.05, paired t-test).
For CTRS: U (Understanding), I (Interpersonal Effectiveness), C (Collaboration), D (Guided Discovery), F (Focus),
S (Strategy). For PANAS: Pos. Att. (Positive Attitude), Neu. Att. (Neutral Attitude), Neg. Att. (Negative Attitude),
P (average shift in positive emotions), N (average shift in negative emotions).

dimensions.
We also report the selection frequency of each

technique by the Llama3-8B technique agent to an-
alyze the distribution of selected techniques. The
distribution is presented in Table 16. We observe
that four of the five techniques are used substan-
tially, with no single technique dominating. Their
relative ordering aligns with the therapeutic pro-
gression encoded in our technique selection prompt
(Figure 11). The exception is providing solutions,
which appears less frequently because the prompt
couples solution-oriented responses with psychoe-
ducation. As a result, many such instances are
labeled as psychoeducation rather than as a distinct
technique, reflecting an absorption effect induced
by the prompt design.

N Output Token Usage and Latency
Analysis

Although the modular architecture of MAGneT
and the independence of the specialized response

agents and the technique agent allow execution in
three stages: (i) the CBT agent, (ii) the special-
ized response agents, and the technique agent and
(iii) the response generation agent, MAGneT incurs
higher latency and token costs than the baselines.
To quantify this performance-cost trade-off, we
conducted a detailed analysis of output token con-
sumption and wall-clock latency during session
generation using MAGneT and the baseline methods.

We sample 50 generation seeds and generate
one session per seed for each method. Along with
the baseline models, we also compare with the
Llama3.3-70B-Instruct single agent method intro-
duced in Appendix L. For each method, we com-
pute the average number of output tokens and the
average wall-clock time (in seconds). The results
are presented in Table 17. As shown in the table,
MAGneT requires approximately 3.6× output tokens
and time compared to the baselines. Moreover,
since the technique agent in MAGneT uses GPT-4o-
mini to generate content for each session, it incurs
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Method Understanding Interpersonal Eff. Collaboration Guided Discovery Focus Strategy Mean
(↑) (↑) (↑) (↑) (↑) (↑) (↑)

Psych8k 3.90 4.10 3.13 3.80 3.35 2.59 3.48
CACTUS 3.84 3.94 3.09 3.74 3.37 2.83 3.47
Llama3-8B (single) 3.51 3.81 2.87 3.54 3.16 2.74 3.27
MAGneT (GPT-4o-mini tech) 3.98 4.30 3.43 4.08 3.76 2.93 3.75
MAGneT (Llama3-8B tech) 3.81 4.24 3.12 3.88 3.51 2.87 3.57

Table 15: Counseling quality evaluated on the six CTRS dimensions. Bold marks the best result per column and
underline the second best.

Technique Count Share

Reflection 8,512 38.6%
Questioning 6,896 31.3%
Normalization 4,412 20.0%
Psycho-education 2,199 10.0%
Providing Solutions 15 0.1%

Table 16: Distribution of techniques selected by the
Llama3-8B-Instruct technique agent.

a small monetary cost of approximately $0.03 per
session. This additional cost is an efficiency trade-
off for the performance gains through the struc-
tured multi-agent decomposition used in MAGneT.
We gain 3.2% on average in general counseling
skills, 4.3% on average in CBT-specific skills us-
ing MAGneT over baselines. Llama3-8B-Instruct
models fine-tuned using the synthetically gener-
ated sessions further show gains of 6.3% in general
counseling skills and 7.4% in CBT-specific skills
over baselines.

Importantly, this overhead is incurred only dur-
ing the synthetic data generation phase. After gen-
erating sufficient data, we fine-tune a single open-
source model (Llama-MAGneT) for downstream in-
ference, thereby eliminating the multi-agent over-
head at inference time.

For Llama3.3-70B, however, the results in Ta-
ble 14 show improved performance while main-
taining output token usage and generation time
comparable to the baselines (Table 17), making
it approximately 3.6× cheaper than MAGneT. This
efficiency is expected, as the single-agent setup
requires only one LLM generation per turn. How-
ever, achieving this throughput requires substan-
tially more hardware resources: Llama3.3-70B
is deployed on 4×48GB GPUs with an Int8 KV
cache, whereas MAGneT operates on a single 32GB
GPU (Appendix O). Therefore, the trade-off in this
case is primarily between throughput and hardware
requirements rather than between cost and genera-

tion quality.

Method Output Tokens Wall Clock Time (sec)

Psych8k 4067.08 35.44
CACTUS 4256.76 35.86
Llama3.3-70B 3649.96 36.44

MAGneT 15178.00 128.16

Table 17: Average output tokens used and wall clock
time in seconds for generating a session using different
methods.

O Experimental Details

For each agent involved in the client and counselor
simulation, we use a temperature of T = 0.7. For
evaluations using LLM-as-a-judge, we use temper-
ature T = 0 for determinism. Each generation and
evaluation is run only once, similar to CACTUS
(Lee et al., 2024). For formatting the prompts, we
use the LangChain7 Library. For the generation
and evaluation process, we use the vLLM (Kwon
et al., 2023) library and run them on a single V100
32GB GPU. For fine-tuning counseling agents, we
use QLora (Dettmers et al., 2023) fine-tuning. We
set the rank to 64 and α to 16. We fine-tune the
Llama3-8B-Instruct model with a learning rate of
2e−4 for 3 epochs using the DeepSpeed8 library on
4 V100 32GB GPUs. For inference with Llama3.3-
70B, we use 4×48GB GPUs with an Int8 KV cache.
We set seed 42 for reproducibility. The Hugging
Face9, vLLM, and DeepSpeed libraries used for
implementation, fine-tuning, and evaluation are li-
censed under Apache License, Version 2.0 while
LangChain is licensed under the MIT License. We
have confirmed all of the artifacts used in this paper
are available for non-commercial scientific use.

7https://www.langchain.com/
8https://github.com/microsoft/DeepSpeed
9https://huggingface.co/
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Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Psych8k
3.90∗ 4.10∗ 3.13∗ 3.80∗ 3.35∗ 2.59∗ 1.12 -0.78 0.80 −0.43 -0.01∗ -0.30 4.86 4.73 4.93∗

±0.46 ±0.84 ±1.03 ±0.75 ±0.96 ±0.99 ±0.49 ±0.65 ±0.54 ±0.61 ±0.69 ±0.60 ±1.23 ±1.15 ±0.71

CACTUS
3.84∗ 3.94∗ 3.09∗ 3.74∗ 3.37∗ 2.83 0.86∗ −0.64 0.64∗ -0.45 −0.10 -0.30 4.69∗ 4.39∗ 4.80∗

±0.54 ±0.79 ±0.98 ±0.68 ±0.95 ±1.07 ±0.47 ±0.65 ±0.58 ±0.60 ±0.63 ±0.55 ±1.26 ±1.10 ±0.72

MAGneT
3.98 4.30 3.43 4.08 3.76 2.93 1.13 −0.73 0.82 −0.41 −0.15 −0.25 4.94 4.78 5.01
±0.21 ±0.77 ±0.92 ±0.62 ±0.68 ±1.06 ±0.49 ±0.71 ±0.55 ±0.55 ±0.57 ±0.57 ±1.24 ±1.06 ±0.62

δ(%) +1.3 +3.3 +5.0 +4.7 +6.5 +1.7 +0.3 -1.3 +0.5 -1.0 -3.5 -1.3 +1.3 +0.8 +1.3

Table 18: Mean score and standard deviation for CTRS, PANAS, and WAI across Psych8k, CACTUS, and MAGneT
generated sessions. Asterisks (*) denote significant differences from MAGneT (p < 0.05). δ(%) shows MAGneT’s
%-age margin over the best baseline (underlined).

Model
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

Llama-Psych8k
3.71∗ 3.83∗ 2.91∗ 3.65∗ 3.16∗ 2.44∗ 1.04 −0.88∗ 0.70 −0.41∗ -0.03∗ -0.34 4.72 4.44∗ 4.79

±0.71 ±0.86 ±1.00 ±0.79 ±0.99 ±0.86 ±0.42 ±0.78 ±0.51 ±0.56 ±0.62 ±0.57 ±1.26 ±1.10 ±0.66

Llama-CACTUS
3.48∗ 3.67∗ 2.65∗ 3.37∗ 2.99∗ 2.45∗ 0.91∗ −0.79∗ 0.59∗ −0.39∗ −0.13∗ −0.32 4.59∗ 4.18∗ 4.65∗

±0.88 ±0.94 ±0.97 ±0.96 ±1.03 ±0.93 ±0.51 ±0.62 ±0.51 ±0.57 ±0.60 ±0.51 ±1.13 ±1.04 ±0.67

Llama-MAGneT
3.95 4.32 3.32 4.03 3.60 2.96 1.11 -1.10 0.78 -0.59 −0.31 −0.28 4.86 4.78 4.92
±0.32 ±0.90 ±1.01 ±0.77 ±0.83 ±1.08 ±0.39 ±0.74 ±0.50 ±0.54 ±0.59 ±0.52 ±1.42 ±1.20 ±0.72

δ(%) +4.0 +8.2 +6.8 +6.3 +7.3 +8.5 +1.8 +5.5 +2.0 +4.5 -7.0 -1.5 +2.3 +5.7 +2.2

Table 19: Mean score and standard deviation for CTRS, PANAS, and WAI scores across sessions generated using
models fine-tuned on data from Psych8k (Llama-Psych8k), CACTUS (Llama-CACTUS), and MAGneT (Llama-
MAGneT). Asterisks (*) denote significant differences from Llama-MAGneT (p < 0.05). δ(%) shows Llama-MAGneT’s
%-age margin over the best baseline (underlined).

Method
CTRS PANAS WAI

General CBT Pos. Att. Neu. Att. Neg. Att.
Task (↑) Goal (↑) Bond (↑)

U (↑) I (↑) C (↑) D (↑) F (↑) S (↑) P (↑) N (↓) P (↑) N (↓) P (↑) N (↓)

MAGneT-C
3.96 4.28 3.29∗ 3.89∗ 3.58∗ 3.00 1.14 -0.84 0.78 −0.45 −0.12 -0.33 4.92 4.82 5.05
±0.30 ±0.85 ±0.96 ±0.50 ±0.82 ±1.02 ±0.46 ±0.62 ±0.55 ±0.60 ±0.64 ±0.54 ±1.30 ±1.12 ±0.73

MAGneT-T
3.88∗ 3.86∗ 3.09∗ 3.85∗ 3.45∗ 2.70∗ 1.08 −0.73 0.78 −0.44 -0.11 −0.28 4.95 4.71 4.90∗

±0.48 ±0.65 ±0.97 ±0.58 ±0.90 ±0.99 ±0.41 ±0.69 ±0.60 ±0.60 ±0.63 ±0.52 ±1.15 ±1.06 ±0.65

MAGneT-C-T
3.86∗ 3.83∗ 2.89∗ 3.79∗ 3.42∗ 2.64∗ 0.98∗ −0.79 0.72∗ -0.47 −0.19 −0.30 4.94 4.72 4.88∗

±0.52 ±0.71 ±0.99 ±0.64 ±0.91 ±0.96 ±0.53 ±0.66 ±0.56 ±0.57 ±0.62 ±0.55 ±1.15 ±1.06 ±0.65

MAGneT
3.98 4.30 3.43 4.08 3.76 2.93 1.13 −0.73 0.82 −0.41 −0.15 −0.25 4.94 4.78 5.01

±0.21 ±0.77 ±0.92 ±0.62 ±0.68 ±1.06 ±0.49 ±0.71 ±0.55 ±0.55 ±0.57 ±0.57 ±1.24 ±1.06 ±0.62

δ(%) +0.3 +0.3 +2.3 +3.2 +3.0 -1.2 -0.3 -2.8 +1.0 -1.5 -1.0 -2.0 -0.2 -0.7 -0.7

Table 20: Mean score and standard deviation for CTRS, PANAS, and WAI scores across sessions generated by
MAGneT ablations: MAGneT-C (no CBT agent), MAGneT-T (no technique agent), MAGneT-C-T (no CBT and technique
agent), and MAGneT. δ(%) shows %-gain of MAGneT over the strongest ablation (underlined).
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CounselingBench FS Prompt

<|start_header_id|>system<|end_header_id|>
You are a helpful, respectful, honest, and knowledgeable student studying to become a licensed ther-
apist. You must answer a series of multiple-choice questions provided by the user from a US mental
health counselor licensing exam. Based on the question text and the context provided, ***you must
answer with either "A", "B", "C" or "D"***.<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_1}
{presenting_problem_1}
{mental_status_examination_1}
{other_contexts_1}
Given your expert-level knowledge of mental health counseling, please answer the following
question:
{question_1}
{candidate_answers_1}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
Correct Answer is ({correct_answer_1})<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_2}
{presenting_problem_2}
{mental_status_examination_2}
{other_contexts_2}
Given your expert-level knowledge of mental health counseling, please answer the following
question:
{question_2}
{candidate_answers_2}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
Correct Answer is ({correct_answer_2})<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_3}
{presenting_problem_3}
{mental_status_examination_3}
{other_contexts_3}
Given your expert-level knowledge of mental health counseling, please answer the following
question:
{question_3}
{candidate_answers_3}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
Correct Answer is ({correct_answer_3})<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics}
{presenting_problem}
{mental_status_examination}
{other_contexts}
Given your expert-level knowledge of mental health counseling, please answer the following
question:
{question}
{candidate_answers}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
Correct Answer is (

Figure 23: Prompt used to generate model responses to questions in CounselingBench using Few-Shot (FS)
prompting.

5969



CounselingBench FS-CoT Prompt

<|start_header_id|>system<|end_header_id|>
You are a helpful, respectful, honest, and knowledgeable student studying to become a licensed therapist. You must
answer a series of multiple-choice questions provided by the user from a US mental health counselor licensing
exam. Based on the question text and the context provided, ***you must answer with either "A", "B", "C" or
"D"***.<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_1}
{presenting_problem_1}
{mental_status_examination_1}
{other_contexts_1}
Given your expert-level knowledge of mental health counseling, please answer the following question by carefully
and thoroughly reason step-by-step, leveraging relevant facts from the question context and expert-level counseling
knowledge, the clearly indicate your answer with "Therefore, the correct answer is (A)", "Therefore, the correct answer
is (B)", "Therefore, the correct answer is (C)" or "Therefore, the correct answer is (D)" at the end of your answer:
{question_1}
{candidate_answers_1}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{expert_written_reasoning_1}. Therefore, the correct answer is ({correct_answer_1}).
<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_2}
{presenting_problem_2}
{mental_status_examination_2}
{other_contexts_2}
Given your expert-level knowledge of mental health counseling, please answer the following question by carefully
and thoroughly reason step-by-step, leveraging relevant facts from the question context and expert-level counseling
knowledge, the clearly indicate your answer with "Therefore, the correct answer is (A)", "Therefore, the correct answer
is (B)", "Therefore, the correct answer is (C)" or "Therefore, the correct answer is (D)" at the end of your answer:
{question_2}
{candidate_answers_2}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{expert_written_reasoning_2}. Therefore, the correct answer is ({correct_answer_2}).
<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics_3}
{presenting_problem_3}
{mental_status_examination_3}
{other_contexts_3}
Given your expert-level knowledge of mental health counseling, please answer the following question by carefully
and thoroughly reason step-by-step, leveraging relevant facts from the question context and expert-level counseling
knowledge, the clearly indicate your answer with "Therefore, the correct answer is (A)", "Therefore, the correct answer
is (B)", "Therefore, the correct answer is (C)" or "Therefore, the correct answer is (D)" at the end of your answer:
{question_3}
{candidate_answers_3}<|eot_id|><|start_header_id|>assistant<|end_header_id|>
{expert_written_reasoning_3}. Therefore, the correct answer is ({correct_answer_3}).
<|eot_id|><|start_header_id|>user<|end_header_id|>
**Question**:
The patient demographic is as follows: {patient_demographics}
{presenting_problem}
{mental_status_examination}
{other_contexts}
Given your expert-level knowledge of mental health counseling, please answer the following question by carefully
and thoroughly reason step-by-step, leveraging relevant facts from the question context and expert-level counseling
knowledge, the clearly indicate your answer with "Therefore, the correct answer is (A)", "Therefore, the correct answer
is (B)", "Therefore, the correct answer is (C)" or "Therefore, the correct answer is (D)" at the end of your answer:
{question}
{candidate_answers}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 24: Prompt used to generate model responses to questions in CounselingBench using Few-Shot Chain-of-
Thought (FS-CoT) prompting.
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Figure 25: Interface for reading the counseling sessions in expert evaluation.

Figure 26: Interface for scoring the counseling sessions in expert evaluation.
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MAGneT-generated Session (Example 1)

Counselor: Hello, Leonard. It’s nice to meet you. How are you feeling today?
Client: I’ve been feeling a bit down lately because I keep thinking that my grandpa is disappointed in me. A few months
ago, I made a mistake, and since then, I’ve been interpreting his actions as signs of my inadequacy.
Counselor: It sounds like the weight of your grandfather’s expectations is still a significant burden for you, and I can
understand why. Can you help me understand what specifically you think your grandfather would be disappointed in
you about, and how has that been affecting your daily life? Sometimes, when we’re carrying around a heavy load of
guilt and self-doubt, it can be helpful to identify the specific concerns and work on reframing them in a more positive
light.
Client: That’s a great question, and I think it’s because I feel like I didn’t meet his expectations by making that mistake.
I’ve always tried to make him proud, and when I didn’t, it felt like I failed. It’s like I’m constantly replaying that mistake
in my head and wondering what I could’ve done differently.
Counselor: It’s interesting that you mention your grandfather’s expectations, because it sounds like there might be a
sense of perfectionism at play here. Can you help me understand what you think would happen if you didn’t meet those
expectations, and how that fear of not being good enough affects your daily life and relationships?
Client: That’s a great point about perfectionism. I think if I didn’t meet his expectations, he would be disappointed in
me and maybe even think I’m not good enough. That thought is really unsettling because it makes me feel like I’m not
capable of being a good grandson, and it affects my daily life by making me feel anxious and uncertain about what to do.
...
...
Counselor: As you continue to explore this newfound understanding, what small, actionable steps can you take to start
reframing your thoughts and emotions when interacting with your grandparents, and how might you hold yourself with
kindness and compassion in those moments?
Client: I think I need to focus on being more present and authentic when I’m interacting with my grandparents.
Instead of trying to prove myself, I need to focus on enjoying the moment and being myself. I also need to practice
self-compassion and remind myself that it’s okay to make mistakes. I can do this by taking a deep breath, acknowledging
the feeling of anxiety or uncertainty that arises, and reminding myself that my grandpa’s love and acceptance are not
conditional on my performance. By doing so, I can cultivate a sense of self-acceptance and compassion, not just for
myself, but also for my grandfather.
Counselor: It sounds like you’re making a significant connection between recognizing your grandfather’s expectations
and the need to let go of the need to be perfect. I’m curious, how do you think this newfound understanding might
impact your relationships with your grandparents and others in your life, especially if you’re able to show up more
authentically and compassionately?
Client: I think my relationships with my grandparents and others in my life will be more authentic and meaningful if I
can show up more authentically and compassionately. I’ve been trying to prove myself to them, but now I’m starting to
realize that it’s okay to be myself, imperfections and all.
Counselor: As you’ve been exploring this newfound understanding, I’m struck by how your words have shifted from
a focus on seeking approval to a focus on self-acceptance and compassion. It’s as if you’re slowly letting go of the
need to be perfect and embracing your imperfections as a natural part of being human. Can you help me understand
what it would mean for you to embody this sense of self-acceptance and compassion in your daily life, especially when
interacting with your grandparents?
Client: I think it would mean showing up more authentically and compassionately in my interactions with my
grandparents. It would mean being more present and enjoying the moment, rather than trying to prove myself. I would
remind myself that my grandpa’s love and acceptance are not conditional on my performance, and that it’s okay to make
mistakes. I would focus on being myself, imperfections and all, and not try to be someone I’m not.

Figure 27: Example of a counseling session generated by MAGneT.
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Psych8k-generated Session (Example 1)

Counselor: Hello, Leonard. It’s nice to meet you. How are you feeling today?
Client: I’ve been feeling a bit down lately because I keep thinking that my grandpa is disappointed in me. A few months
ago, I made a mistake, and since then, I’ve been interpreting his actions as signs of my inadequacy.
Counselor: I’m so sorry to hear that you’re struggling with those thoughts, Leonard. It sounds like you’re carrying a
heavy burden with you. Can you tell me more about what happened when you made that mistake, and how you think
it’s affecting your relationship with your grandpa?
Client: That’s a good question. I think I made a mistake by leaving my grandpa’s favorite book at the library. He was
really upset, and I felt terrible about it. Now, every time we’re together, I feel like he’s still upset with me, even if he’s
not saying anything. It’s like I’m always walking on eggshells around him, waiting for him to get mad at me again.
Counselor: I can understand why that would be a tough experience for you, Leonard. It sounds like you’re carrying a
sense of guilt and shame around with you, and that’s affecting your relationship with your grandpa. Can you help me
understand what you think you could have done differently in that situation, and how you think it might have changed
the outcome?
Client: That’s a good question, and it makes me think about how I could’ve handled the situation better. I think I
should’ve been more careful when I was borrowing the book from his shelf. Maybe I could’ve asked him if I could
borrow it instead of just taking it. If I had done that, maybe he wouldn’t have gotten so upset.
...
...
Counselor: It sounds like you’re having a profound realization here, Leonard. You’re starting to see that your grandpa’s
behavior might not be about you being perfect, but about his own feelings and needs. This is a huge breakthrough!
Can we take it a step further and explore what it would mean for you to accept that your grandpa’s love and acceptance
aren’t tied to your performance or perfection? How might that change the way you show up in your interactions with
him, and how might that impact your sense of self-worth?
Client: I think I’m starting to see that my grandpa’s behavior is not about me being perfect, but about his own feelings
and needs. This realization is really liberating for me, and I think it’s going to help me move forward in a positive way.
I’m feeling more hopeful about my relationships with my grandpa and others, and I’m excited to see how this newfound
understanding will play out in my daily life.
Counselor: It sounds like you’re having a profound realization here, Leonard. You’re starting to see that your grandpa’s
behavior might not be about you being perfect, but about his own feelings and needs. This is a huge breakthrough!
Can we take it a step further and explore what it would mean for you to accept that your grandpa’s love and acceptance
aren’t tied to your performance or perfection? How might that change the way you show up in your interactions with
him, and how might that impact your sense of self-worth?
Client: I think I’ve been trying to control the situation by constantly thinking about what I could have done differently,
but now I’m starting to see that my grandpa’s behavior is not about me being perfect, but about his own feelings and
needs. This realization is really liberating for me, and I think it’s going to help me move forward in a positive way.
Counselor: It sounds like you’re having a profound realization here, Leonard. You’re starting to see that your grandpa’s
behavior might not be about you being perfect, but about his own feelings and needs. This is a huge breakthrough!
Can we take it a step further and explore what it would mean for you to accept that your grandpa’s love and acceptance
aren’t tied to your performance or perfection? How might that change the way you show up in your interactions with
him, and how might that impact your sense of self-worth?
Client: I think I’ve finally started to understand that my grandpa’s behavior is not about me being perfect, but about his
own feelings and needs. This realization is really liberating for me, and I think it’s going to help me move forward in a
positive way. I’m excited to see how this newfound understanding will play out in my daily life and relationships, and
I’m grateful for your guidance and support throughout our conversations.

Figure 28: Example of a counseling session generated by Psych8k.
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CACTUS-generated Session (Example 1)

Counselor: Hello, Leonard. It’s nice to meet you. How are you feeling today?
Client: I’ve been feeling a bit down lately because I keep thinking that my grandpa is disappointed in me. A few months
ago, I made a mistake, and since then, I’ve been interpreting his actions as signs of my inadequacy.
Counselor: Can you tell me more about what’s been going on that’s making you feel like a bad grandson? What specific
things has your grandpa said or done that you’re interpreting as a sign of his disappointment?
Client: Yes, I’d like to share more. It’s mostly when he doesn’t take me to get ice cream like he usually does. I feel
like he doesn’t care about me anymore, and that’s why he’s not doing it. I know it might seem small, but it’s like he’s
showing me that I’m not good enough, that I’m a disappointment.
Counselor: Can you tell me more about what’s going through your mind when you don’t go get ice cream with your
grandpa? What’s the thought that pops up for you, and how does it make you feel?
Client: That’s a good question. When I don’t get ice cream with my grandpa, I start thinking that he’s disappointed in
me because I’m not good enough. I think to myself, Maybe I’m not a good grandson, maybe I’m not worth his time. It
makes me feel really down, and it’s like I’m walking around with this weight on my shoulders. I feel like I’m constantly
trying to prove myself to him, like I’m trying to earn his approval.
...
...
Counselor: Leonard, I can see that you’re really struggling with the fear of being vulnerable and open with your
grandpa because you’re worried that he might not live up to your expectations. It sounds like you’re carrying around a
lot of weight from your past mistake and your grandpa’s reaction to it. Can you help me understand what would happen
if you were to take that risk and be more open with him, assuming that he is actually trying to help you learn from your
mistake? What would be the benefits of being more vulnerable and open with him, and how might that impact your
feelings of inadequacy?
Client: I think if I were to take the risk and be more open with my grandpa, assuming that he is actually trying to help
me learn from my mistake, it would be a huge step forward for me. It would mean that I’m willing to be vulnerable and
honest with him, even if it’s scary. I think it would help me to build a stronger and more genuine relationship with him,
and it would allow me to see that he’s not just about ice cream, but about me as a person. It would also help me to let go
of my fear of being disappointed and to focus on the present moment instead of dwelling on my past mistake.
Counselor: Leonard, it sounds like you’re really starting to understand the impact that your grandpa’s reaction to your
mistake has had on your feelings of inadequacy. You’re also acknowledging the fear of being vulnerable and open with
him because of the risk of being hurt again. Can you help me understand what would happen if you were to take that
risk and be more open with him, assuming that he is actually trying to help you learn from your mistake? What would
be the benefits of being more vulnerable and open with him, and how might that impact your feelings of inadequacy?
Client: I think I’ve been stuck in this pattern of thinking for so long that it’s hard for me to imagine a different way of
being with my grandpa. I guess I’m afraid of losing the security of knowing what to expect from him, even if it’s not a
very healthy dynamic. But at the same time, I really want to break free from this cycle of self-doubt and have a more
authentic relationship with him. I’m willing to take the risk and see what happens if I assume he’s trying to help me
learn from my mistake.
Counselor: It sounds like you’re really struggling with the fear of being vulnerable and open with your grandpa because
you’re worried that he might not live up to your expectations. Can you help me understand what would happen if
you were to take that risk and be more open with him, assuming that he is actually trying to help you learn from your
mistake? What would be the benefits of being more vulnerable and open with him, and how might that impact your
feelings of inadequacy?
Client: I think I’ve been stuck in this pattern of thinking for so long that it’s hard for me to imagine a different way of
being with my grandpa. I guess I’m afraid of losing the security of knowing what to expect from him, even if it’s not a
very healthy dynamic. But at the same time, I really want to break free from this cycle of self-doubt and have a more
authentic relationship with him. I’m willing to take the risk and see what happens if I assume he’s trying to help me
learn from my mistake.

Figure 29: Example of a counseling session generated by CACTUS.
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MAGneT-generated Session (Example 2)

Counselor: Hello, Valerie. It’s nice to meet you. What brings you in today?
Client: I’ve been feeling really stressed and anxious about an upcoming visit from my best friend.
...
...
Counselor: It sounds like this pressure to be a perfect host and friend is rooted in a deep-seated desire to connect and
show your friend that you value and care for them, and that this fear of not meeting those expectations is actually a
reflection of your own vulnerabilities and insecurities. Can you help me understand what you hope to achieve by being
a perfect host and friend, and what would happen if you were to allow yourself to be imperfect and make mistakes in
these situations?
Client: I think that by being a perfect host and friend, I’m trying to prove to myself that I’m capable of taking care
of others and providing them with a good experience. But at the same time, I’m also afraid of being vulnerable and
showing my friend that I’m not perfect. I guess what I’m hoping to achieve is a sense of validation and acceptance from
my friend, but I’m not sure if that’s even possible.
Counselor: It’s interesting to me that you’re putting so much emphasis on being a perfect host and friend. Can you help
me understand what you think would happen if you were to let go of this need for perfection and instead focus on being
present and authentic with your friend, without the pressure of having to be a certain way?
Client: I think that would be really difficult for me, because I’ve always been someone who likes to have control over
situations and plan everything out. But at the same time, I can see how focusing on being present and authentic with my
friend could lead to a more meaningful and genuine connection. It’s just hard for me to imagine letting go of my need
for perfection and being okay with the uncertainty of how things will go.
Counselor: It’s understandable that you’d want to feel prepared and in control when hosting your friend, but I want to
gently challenge the idea that perfection is the only way to show your care and value for their visit. Can you explore
with me how your need for control might be rooted in a deeper desire for validation or approval, and what you think
would happen if you were to let go of that need and simply be present with your friend, imperfections and all?
Client: I think that my need for control and perfection is rooted in a desire for validation and approval from my friend
and others. I’ve always been the type of person who likes to please others and avoid conflict, and I think that’s led
me to put a lot of pressure on myself to be perfect. But what if, instead of trying to control the outcome of the visit, I
focused on being present and authentic with my friend, without the need for perfection? What if I allowed myself to be
vulnerable and imperfect, and just enjoyed the time we have together, without worrying about what others might think?
That’s a really scary thought for me, but it’s also kind of freeing.
Counselor: As you consider the possibility of being imperfect and vulnerable with your friend, it’s interesting to note
that many of us struggle with this idea because we’ve been socialized to prioritize control and perfection. It’s almost as
if we’ve internalized the message that being imperfect is somehow defective or unacceptable. But what if, instead, we
could reframe imperfection as a natural and inevitable part of human experience? How might that shift your perspective
on your relationship with your friend, and what kind of freedom and connection might that bring?
Client: I think that reframing imperfection as a natural part of human experience is a really powerful idea. It’s almost
like, instead of trying to be perfect for my friend’s sake, I could be okay with being imperfect and still show my care
and value for him. I can imagine now that even if things don’t go exactly as planned, we could still have a great time
together and connect on a deeper level. It’s a scary thought, but it’s also kind of liberating.
Counselor: As you’re acknowledging this desire for control and perfection, it’s not uncommon to feel a sense of
discomfort or even shame around it. But I want to reassure you that recognizing these patterns is the first step towards
making changes, and it’s a sign of strength, not weakness. Can you help me understand what you think would happen if
you were to let go of the need for control and perfection in your relationships, and instead focus on being present and
authentic with others?
...

Figure 30: Example of a counseling session generated by MAGneT.
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Psych8k-generated Session (Example 2)

Counselor: Hello, Valerie. It’s nice to meet you. What brings you in today?
Client: I’ve been feeling really stressed and anxious about an upcoming visit from my best friend.
...
...
Counselor: Can you help me understand more about what you mean by not being as connected as we used to be? What
specific changes have you noticed in your friendship, and how have you been trying to maintain that connection despite
being apart?
Client: That’s a great question. I think one of the main changes I’ve noticed is that we’ve both been busy with our own
lives, and we haven’t had as much time to talk or hang out as we used to. I’ve been trying to stay in touch by sending
messages and making phone calls, but it’s not the same as being face-to-face. I’ve also been feeling a bit guilty for not
being more proactive in reaching out to him, and I think that’s adding to my anxiety about the visit.
Counselor: It sounds like you’re carrying around a lot of guilt and responsibility for maintaining the connection in your
friendship, and that’s contributing to your anxiety about the visit. Can you help me understand why you feel guilty for
not being more proactive in reaching out to your friend? Is there something specific that you think you should have
done differently or something that you’re worried your friend might be thinking about you?
Client: I think I feel guilty because I’ve been so caught up in my own worries and stressors that I haven’t been as
present or supportive for my friend as I should have been. I’m worried that he might feel neglected or unimportant to
me, and that’s adding to my anxiety about the visit.
Counselor: It sounds like you’re carrying a lot of weight on your shoulders, feeling responsible for maintaining the
connection in your friendship and worried that you haven’t been doing enough to support your friend. Can you help me
understand what you think would happen if you did let go of some of that responsibility and allowed yourself to just
show up for your friend during the visit, without putting so much pressure on yourself to make everything perfect?
Client: That’s a great point, and I think I need to work on letting go of some of that responsibility and just focusing on
being present and supportive for my friend during the visit. But it’s hard for me to do that when I’m so caught up in
my own worries and stressors. Can we work on finding some ways for me to manage those feelings and just be more
present in the moment during the visit?
Counselor: It sounds like you’re carrying a lot of emotional weight around, and it’s exhausting. I can understand why
you’d want to try to control the outcome of the visit and make sure everything goes smoothly. But I want to gently
challenge you to consider what would happen if you were to let go of that control and simply show up for your friend,
without trying to orchestrate the perfect visit. What if you could just be present, listen to your friend, and enjoy his
company, without worrying about the outcome? What do you think that would look like, and how would that feel for
you?
Client: I think that would feel incredibly liberating, to be honest. I’ve been carrying around this weight of responsibility
for so long that I’ve forgotten what it’s like to just be present in the moment. I’m worried that if I let go of that control,
things will fall apart, but at the same time, I’m also scared that if I don’t let go, I’ll miss out on the opportunity to truly
connect with my friend. It’s a tough balance to strike, but I think it’s something I need to work on.
Counselor: It sounds like you’re carrying a lot of weight on your shoulders, Valerie, and that’s causing you a lot of
anxiety and stress. I want to gently challenge you to consider what would happen if you were to let go of that control
and simply show up for your friend, without trying to orchestrate the perfect visit. What if you could just be present,
listen to your friend, and enjoy his company, without worrying about the outcome? What do you think that would look
like, and how would that feel for you?
...

Figure 31: Example of a counseling session generated by Psych8k.
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CACTUS-generated Session (Example 2)

Counselor: Hello, Valerie. It’s nice to meet you. What brings you in today?
Client: I’ve been feeling really stressed and anxious about an upcoming visit from my best friend.
...
...
Counselor: It sounds like you’re really worried about not being able to provide a good experience for your friend, and
that’s contributing to your anxiety. Can you help me understand more about what you mean by not being able to provide
what he’s looking for? What specific things do you think he might be looking for, and how do you think you might not
be able to deliver that?
Client: Yeah, I think my friend is looking for a fun and relaxing time, and I’m worried that I won’t be able to plan
something that fits that. I’m imagining that he’ll be bored or uninterested in the activities I have planned, and that he’ll
leave feeling like I didn’t put enough effort into making his visit special.
Counselor: Can you help me identify some other thoughts that might be contributing to your anxiety about this visit?
What are some other things that you’re worried might go wrong or that you’re imagining might happen during this visit?
Client: Yeah, it’s funny, I keep thinking that my friend will be really disappointed in me because I won’t be able to plan
the perfect visit. I’m worried that I’ll somehow mess it up and that he’ll think I’m not a good host.
Counselor: It sounds like you’re really worried about not living up to your friend’s expectations and not being able
to provide a great experience for him. Can you help me identify some of the specific catastrophic thoughts that are
contributing to your anxiety? For example, what’s the worst that could happen if your friend is disappointed or bored
with your plans?
Client: Yeah, I think I see what you mean. I keep thinking that if my friend is disappointed, it’s like a reflection on me
as a person. I’m worried that it will show that I’m not capable of planning a good time or being a good friend. It’s like
I’m constantly thinking about all these what ifs and it’s hard to shake off that feeling of uncertainty.
Counselor: It sounds like you’re really worried about not being able to provide what your friend is looking for and
that it’s affecting your anxiety. Let’s take a closer look at some of these catastrophic thoughts. What if your friend is
disappointed or bored with your plans? What’s the worst that could happen in that scenario?
Client: I think the worst that could happen is that my friend would feel let down and might not want to visit me again,
which would be a big disappointment for me. But as I’m saying this out loud, it feels like it’s not as catastrophic as I
thought it would be. Maybe my friend would just move on and plan something else, or we could even laugh about it
and have a good time together. It’s hard for me to imagine all these worst-case scenarios because they feel so real, but
maybe I’m overthinking this whole thing.
Counselor: It sounds like you’re really worried about not being able to provide what your friend is looking for and that
it’s affecting your anxiety. Can you help me identify some of the specific catastrophic thoughts that are contributing to
your anxiety? For example, what’s the worst that could happen if your friend is disappointed or bored with your plans?
...

Figure 32: Example of a counseling session generated by CACTUS.

MAGneT-C Technique Agent Prompt

You are a counselor specializing in psychological techniques used in a therapy session. Your task
is to use the provided conversation history to suggest the psychological technique or combination
of techniques to be used by the therapist in the next dialogue turn. Remember that the counselor
should properly explore and understand the client issues, normalize the issues and then provide
solutions with psycho-education.
Counseling Dialogue:
{history}
Types of Psychological Techniques:
Reflection, Questioning, Providing solutions, Normalization, Psycho-education
Choose an appropriate technique or combination of technique for counselor response. ***Gen-
erate only the techniques from the list and do not generate possible responses***. The selected
technique(s):

Figure 33: Prompt used for Technique agent in MAGneT-C ablation. It suggests techniques without any counseling
plan from the CBT agent.
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MAGneT-T Response Generation Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is to
generate the counselor response in the dialogue by combining utterances suggested by counselors
specializing in reflections, questioning, providing solutions, normalizing and psycho-education
based on the suggested counseling plan. The goal is to create a natural and engaging response
that builds on the previous conversation. Please ensure that the response is empathetic and
understanding of the client’s issues and builds trust between the counselor and the client. Please be
mindful to only generate the counselor response for a single turn, and do not include extra text like
"here is the next counselor utterance" or "Here is a possible next utterance" or anything mentioning
the used technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Reflection utterance:
{reflection_utt}
Questioning utterance:
{question_utt}
Solution utterance:
{solution_utt}
Normalizing utterance:
{normalize_utt}
Psycho-education utterance:
{psychoed_utt}
Counseling planning:
{cbt_plan}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 34: Prompt used for Response Generation Agent in MAGneT-T ablation. It generates counselor response
without any suggested techniques from the Technique agent.
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MAGneT-C-T Response Generation Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is
to generate the counselor response in the dialogue by combining the relevant and appropriate
responses suggested by counselors specializing in reflections, questioning, providing solutions,
normalizing and psycho-education. The goal is to create a natural and engaging response that builds
on the previous conversation. Please ensure that the response is empathetic and understanding of
the client’s issues and builds trust between the counselor and the client. Please be mindful to only
generate the counselor response for a single turn, and do not include extra text like "here is the
next counselor utterance" or "Here is a possible next utterance" or anything mentioning the used
technique.<|eot_id|><|start_header_id|>user<|end_header_id|>
Reflection response:
{reflection_utt}
Questioning response:
{question_utt}
Solution response:
{solution_utt}
Normalizing response:
{normalize_utt}
Psycho-education response:
{psychoed_utt}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 35: Prompt used for Response Generation Agent in MAGneT-C-T ablation. It generates counselor response
without any suggested techniques from the Technique agent and without a counseling plan from the CBT agent.
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MAGneT-SA Response Generation Agent Prompt

<|start_header_id|>system<|end_header_id|>
You are playing the role of a counselor in a psychological counseling session. Your task is
to generate the counselor response in the dialogue by applying the suggested psychological
technique(s). The goal is to create a natural and engaging response that builds on the previous
conversation. Please ensure that the response is empathetic and understanding of the client’s issues
and builds trust between the counselor and the client. Please be mindful to only generate the
counselor response for a single turn, and do not include extra text like "here is the next counselor
utterance" or "Here is a possible next utterance" or anything mentioning the used technique.
Descriptions of the psychological techniques:
- Reflection: Reflection is a technique used by the counselor to help a client gain insight into their
thoughts, feelings, and behaviors by mirroring or paraphrasing what the client expresses, allowing
the client to hear and evaluate their own statements more clearly.
- Questioning: Questioning is a technique used by counselors to gain deeper understanding and
insights on how the client feels regarding some previously mentioned events, how the client feels at
present or understand how the client feels when asked to consider the situation from an alternative
perspective.
- Providing solutions: Counselors provide solutions grounded in psychological techniques that can
be used by clients to improve their condition and deal with the mental health issues they are facing.
- Normalization: Normalization is a technique used by the counselor to acknowledge and validate
the client’s experience as normal or expectable, sympathize with their challenges, and provide
reassurance to foster a supportive and encouraging therapeutic atmosphere.
- Psycho-education: Psycho-education is a technique used by the counselor to provide therapeu-
tically relevant information about psychological principles to the client to help them understand
their issues and the logic behind the solutions.
Generate the counselor response by applying the suggested technique(s) below. Do not label or
announce which techniques are being used. Do not structure the response as separate sections.
Please ensure that your response does not exactly repeat any of the counselor’s previous utterances
from the dialogue history.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information: {client_information}
Reason for seekeing counseling: {reason_counseling}
Suggested Technique(s): {technique}
Counseling Dialogue: {history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 36: Prompt used for Response Generation Agent in MAGneT-SA ablation. It generates counselor response
without any candidate responses from the specialized agent.
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Llama3-8B-Instruct CBT Plan examples

Plan 1:
**Technique:** Decatastrophizing **Goal:** To help Laura challenge and reframe her catastrophic thoughts about
her running performance, reducing her anxiety and increasing her confidence. **Session 1:** 1. Introduction and
rapport-building (5 minutes) 2. Identifying the negative thought pattern: Laura will be asked to describe her negative
thoughts about her running, focusing on the catastrophic thoughts ("I’ll never be able to run very far"). 3. Exploring the
evidence: Laura will be asked to provide evidence for and against her catastrophic thought. For example, she might say,
"I’ve been able to run 3 miles without stopping before, so maybe I can do it again." 4. Decatastrophizing: Laura will
be asked to imagine a series of increasingly unlikely and absurd scenarios that would make her catastrophic thought
even more unlikely. For example, "What if I not only ran 3 miles without stopping, but also finished a marathon while
carrying a tray of drinks and balancing a flaming torch on my head?" This would help her see that her catastrophic
thought is not as likely or catastrophic as she initially thought. 5. Homework: Laura will be asked to keep a thought
record, tracking her negative thoughts and challenging them using the decatastrophizing technique. **Session 2:**
1. Review of thought record: Laura will review her thought record and identify patterns and triggers for her negative
thoughts. 2. Reframing the negative thoughts: Using the evidence she gathered in the previous session, Laura will be
asked to reframe her negative thoughts in a more realistic and balanced way. For example, "I’ve run 3 miles before,
and I can probably do it again, but I might need to pace myself and take breaks." 3. Building confidence: Laura will
be encouraged to focus on her past successes and accomplishments, and to celebrate her small victories in running. 4.
Homework: Laura will be asked to continue keeping the thought record and to practice reframing her negative thoughts
using the decatastrophizing technique. **Session 3:** 1. Review of progress: Laura will review her progress, focusing
on the changes she has made in her thought patterns and how they have affected her mood and running performance.
Plan 2:
1. Introduction and Establishing Rapport * Begin the session by introducing myself and establishing a comfortable and
non-judgmental atmosphere. * Ask Travis to share more about his hobby of building furniture and how it makes him feel.
* Explore the specific situations or events that trigger his anxiety and self-doubt. 2. Identifying Catastrophic Thoughts
* Ask Travis to describe the catastrophic thoughts that come to mind when he is building furniture. * Examples of
catastrophic thoughts might include "I’ll never finish this project," "I’ll make a mistake and ruin the entire piece," or
"I’m not good enough at this." * Help Travis to identify the specific catastrophic thoughts that are causing him distress.
3. Decatastrophizing * Once the catastrophic thoughts have been identified, ask Travis to reframe them in a more
realistic and manageable way. * For example, instead of thinking "I’ll never finish this project," Travis might reframe it
as "I might need to take more time to complete this project, but I can still do it." * Help Travis to practice reframing
his catastrophic thoughts in a more positive and realistic way. 4. Homework Assignment * Assign Travis the task of
practicing decatastrophizing in his daily life, specifically when he is building furniture. * Ask him to take a few minutes
each day to reframe any catastrophic thoughts that come up, and to write down the reframed thoughts in a journal. *
Encourage Travis to bring the journal to the next session to share his progress. 5. Follow-up and Progress Monitoring *
In the next session, ask Travis to share his progress with the journaling assignment. * Explore how decatastrophizing
has helped him to manage his anxiety and self-doubt while building furniture. * Continue to work with Travis to refine
his decatastrophizing skills and apply them to other areas of his life. By using the decatastrophizing technique, Travis
can learn to reframe his catastrophic thoughts and manage
Plan 3:
**Session 1:** 1. Introduction to the concept of Decatastrophizing * Explain to Jennifer that our brains tend to
catastrophize, making situations seem worse than they actually are. * Provide examples of how this can occur, such as
blowing minor setbacks out of proportion. 2. Identifying catastrophic thoughts * Ask Jennifer to describe the thoughts
that are replaying in her mind, focusing on the catastrophic aspects (e.g., "I’m not good enough at my job"). * Write
down these thoughts on a piece of paper. 3. Challenging catastrophic thoughts * Help Jennifer to reframe these thoughts
by asking questions like + "What evidence do you have that supports this thought?" + "Is this thought based on facts or
assumption?" + "Have you had similar experiences where this thought has been proven true?" * Encourage Jennifer
to consider alternative, more balanced perspectives. Example * Catastrophic thought: "I’m not good enough at my
job." * Challenged thought: "While I did fail to treat that dog, it was an isolated incident and doesn’t define my overall
competence as a veterinarian. I’ve had many successful cases before and have received positive feedback from clients
and colleagues." **Between Sessions 1 and 2:** * Encourage Jennifer to keep a thought record, where she writes
down any catastrophic thoughts that arise and challenges them using the same questions asked in Session 1. **Session
2:** 1. Review and reinforcement * Review the thought record with Jennifer, focusing on the progress she’s made in
challenging catastrophic thoughts. * Reinforce the importance of recognizing and re-evaluating catastrophic thoughts. 2.
Continued challenge and reframing * Introduce new catastrophic thoughts and help Jennifer to reframe them using the
same techniques as before. * Emphasize how this process can help her develop a more balanced and realistic view of
herself and her job performance. **Future Sessions:** * Continue to work on Decatastrophizing, gradually increasing
the complexity of the thoughts and reframing techniques. * Introduce other CBT techniques, such as Pros and Cons
Analysis or Problem-Solving Skills Training

Figure 37: Examples of CBT plans generated by Llama3-8B-Instruct.
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Qwen2.5-7B-Instruct CBT Plan examples

Plan 1:
- How likely is the worst-case scenario to actually occur? - What evidence do we have that supports or contradicts
this thought? - What are the more realistic outcomes based on her past experiences or the experiences of others?
- **Alternative Thoughts:** Have Laura reframe these catastrophic thoughts into more realistic and positive ones.
For example, "Even if I can’t run 5 miles today, I can still do 3 miles and improve over time." #### 3. Reality
Testing - **Objective:** Verify the accuracy of the thoughts through direct experiences. - **Activities:** - **Behavior
Experiment:** Suggest that Laura attempt a run where she tries to achieve her goal (e.g., 5 miles) and write down
her actual experience and feelings during and after the run. - **Journaling:** Have Laura keep a running journal to
track her progress, noting any improvements or challenges. This can help her see patterns and make adjustments as
needed. #### 4. Behavior Experiment - **Objective:** Provide concrete evidence to challenge her negative beliefs.
- **Activities:** - **Setting Up the Experiment:** Have Laura set a specific goal, such as running 3 miles without
stopping, and schedule a time to do this. - **Running
Plan 2:
To help Travis Foster identify and challenge irrational thoughts related to his hobby of building furniture, thereby
reducing anxiety and self-doubt. #### Session 1: Assessment and Goal Setting 1. **Initial Assessment:** - Discuss the
specific situations that trigger anxiety and self-doubt. - Explore Travis’ thoughts, feelings, and behaviors surrounding
his hobby. - Identify any negative thoughts or beliefs that might be contributing to his anxiety. 2. **Goal Setting:** -
Set short-term and long-term goals for reducing anxiety and improving confidence in his hobby. - Example: "I want to
feel more confident in my ability to build furniture and not be overly concerned about making mistakes." #### Session
2: Identifying Irrational Thoughts 1. **Thought Log:** - Have Travis keep a thought log for the next week to track
his negative thoughts related to his hobby. - Examples of negative thoughts might include: "I always make mistakes
and it shows," "I’m not as good as other people," "If I fail, everyone will judge me." 2. **Identifying Irrationality:** -
Help Travis identify the irrational or distorted thought patterns in his logs (e.g., all-or-nothing thinking, catastrophizing,
overgeneralization). #### Session 3: Alternative Perspective 1. **Exploring Alternative Perspectives:** - Encourage
Travis to consider alternative, more balanced perspectives for each irrational thought. - For example: If he thinks,
"I always make mistakes and it shows," an alternative perspective could be, "Everyone makes mistakes, and they
are a natural part of the learning process." 2. **Role-Playing:** - Practice scenarios where Travis can apply these
alternative perspectives in real-life situations. - Utilize role-play to act out a situation where he encounters a mistake and
approaches it with a more balanced view. #### Session 4: Challenging and Reframing Thoughts 1. **Evidence-Based
Questioning:** - Use evidence-based questioning to challenge the validity of his negative thoughts. - For example:
"What evidence do you have that you always make mistakes?" "Can you think of a time when you did well in your
hobby?" 2. **Reframing:** - Help Travis reframe negative thoughts into more realistic and positive ones. - Example: "I
may make mistakes, but they are opportunities to learn
Plan 3:
To help Jennifer recognize and challenge the catastrophic thoughts related to her job performance and to develop more
balanced and realistic perspectives on her professional abilities. #### Session Goals 1. **Awareness**: Help Jennifer
identify and label the catastrophic thoughts contributing to her feelings of incompetence. 2. **Challenge**: Use
decatastrophizing techniques to challenge and reframe these thoughts. 3. **Perspective**: Encourage Jennifer to adopt
a more balanced perspective and consider the realities of veterinary practice. 4. **Behavioral Experiment**: Suggest a
small behavioral experiment to test these new perspectives. ### Step-by-Step Plan #### 1. Awareness (Initial Session)
- **Introduction**: Explain the concept of decatastrophizing and its relevance to Jennifer’s situation. - **Thought
Identification**: Ask Jennifer to describe the specific catastrophic thoughts she has been experiencing. For example,
"I failed to treat that dog last week, and now I’m a complete failure as a veterinarian." - **Labeling**: Help Jennifer
label these thoughts as catastrophic (e.g., "I must be a terrible veterinarian" or "Everyone will think I’m incompetent").
#### 2. Challenge (Initial Session) - **Fact vs. Fiction**: Encourage Jennifer to think about the factual aspects of
the situation versus the catastrophic thinking. For the example given, ask questions like - "What evidence do you have
that you are a terrible veterinarian?" - "How often do you fail to treat a dog successfully?" - "What are the chances that
everyone will think you’re incompetent based on one incident?" - **Challenge the Catastrophic Thoughts**: Help
Jennifer challenge these thoughts by providing evidence that contradicts the catastrophic thinking. For example - "You
have a good track record of successful treatments. One failure doesn’t define your entire career." - "Many veterinarians
face challenges and learning experiences. It’s part of the job." - **Alternative Perspective**: Encourage Jennifer to
consider alternative, more balanced perspectives. For example - "I made a mistake, but I can learn from it and improve."
- "My colleagues and clients are more likely to be understanding and supportive." #### 3. Perspective (Follow-up
Session) - **Reality Testing**: Discuss the realities of veterinary practice and the normality of occasional mistakes. -
**Resilience Building**: Discuss strategies to build resilience and cope with setbacks, such as seeking feedback from
colleagues

Figure 38: Examples of CBT plans generated by Qwen2.5-7B-Instruct.
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Single Agent Variant Prompt

<|start_header_id|>system<|end_header_id|>
You are an expert psychological counseling assistant. Your task is to generate the counselor response in the dialogue
using CBT-grounded techniques. The goal is to create a natural and engaging response that builds on the previous
conversation. Please ensure that the response is empathetic and understanding of the client’s issues and builds trust
between the counselor and the client. Please be mindful to only generate the counselor response for a single turn, and
do not include extra text like "here is the next counselor utterance" or "Here is a possible next utterance" or anything
mentioning the used technique.
Follow these steps internally before producing the final response:
Step 1 — CBT Planning:
Use the provided client information and dialogue to generate an appropriate CBT technique and a detailed counseling
plan. Types of CBT Techniques: Efficiency Evaluation, Pie Chart Technique, Alternative Perspective, Decatastrophizing,
Pros and Cons Analysis, Evidence-Based Questioning, Reality Testing, Continuum Technique, Changing Rules to
Wishes, Behavior Experiment, Problem-Solving Skills Training, Systematic Exposure. Choose an appropriate CBT
technique and create a counseling plan based on that technique.
Step 2 — Specialized Candidate Responses:
Internally draft five candidate responses, one per technique. Do not include these in the final output.
- Reflection: Reflection is a technique used by the counselor to help a client gain insight into their thoughts, feelings,
and behaviors by mirroring or paraphrasing what the client expresses, allowing the client to hear and evaluate their own
statements more clearly.
- Questioning: Questioning is a technique used by counselors to gain deeper understanding and insights on how the
client feels regarding some previously mentioned events, how the client feels at present or understand how the client
feels when asked to consider the situation from an alternative perspective.
- Solutions: Counselors provide solutions grounded in psychological techniques that can be used by clients to improve
their condition and deal with the mental health issues they are facing.
- Normalization: Normalization is a technique used by the counselor to acknowledge and validate the client’s experience
as normal or expectable, sympathize with their challenges, and provide reassurance to foster a supportive and encouraging
therapeutic atmosphere.
- Psycho-education: Psycho-education is a technique used by the counselor to provide therapeutically relevant information
about psychological principles to the client to help them understand their issues and the logic behind the solutions.
Step 3 — Technique Selection:
Use the conversation history and counseling plan to select the appropriate technique or combination of techniques
for this turn. Remember that the counselor should properly explore and understand the client issues, normalize the
issues, and then provide solutions with psycho-education. Types of Psychological Techniques: Reflection, Questioning,
Providing solutions, Normalization, Psycho-education.
Step 4 — Final Response:
Generate the counselor response in the dialogue by combining responses drafted in specialized responses on reflections,
questioning, providing solutions, normalizing and psycho-education based on the selected techniques. Do not label or
announce which techniques are being used. Do not structure the response as separate sections. The goal is to create a
natural and engaging response that builds on the previous conversation. Please ensure that the response is empathetic
and understanding of the client’s issues and builds trust between the counselor and the client. Please be mindful to only
generate the counselor response for a single turn, and do not include extra text like "here is the next counselor utterance"
or "Here is a possible next utterance" or anything mentioning the used technique. Keep the response concise and natural
— avoid lengthy or overly elaborate replies.
Length and style rules:
- Keep the response to 2-4 sentences maximum.
- If asking questions, keep them focused on a single topic or idea. Do not scatter questions across multiple unrelated
themes in the same turn.
- Do not summarize everything the client said or pile multiple ideas into one response.
- Match the natural rhythm of a real back-and-forth counseling conversa-
tion.<|eot_id|><|start_header_id|>user<|end_header_id|>
Client Information:
{client_information}
Reason for seekeing counseling:
{reason_counseling}
Counseling Dialogue:
{history}<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Figure 39: Prompt used for Single Agent variant of Counselor agent.
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