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Abstract
Effectively providing emotional support is a critical yet intricate
interpersonal skill. Supporters often lack accessible and practical
training opportunities to develop this competency. To address this
gap, we introduce ESR-Coach, a Large LanguageModel (LLM)-based
coaching system designed to train individuals in emotionally sup-
portive communication. ESR-Coach leverages multiple AI agents
to generate practice scenarios, demonstrate reference responses,
and provide assessments on user practice replies. We evaluate the
proficiency of our system on these three tasks, demonstrating high-
fidelity case generation, helpful exemplary responses, and valid
response assessments. In our user study (N=20), ESR-Coach helped
participants achieve an average improvement of 17% in response
helpfulness. After training, participants also employed more diverse
and effective strategies. We further discuss the social intelligence
of LLMs and their potential to foster humans’ interpersonal skills
in real-world scenarios.

CCS Concepts
•Human-centered computing→ User studies; • Applied com-
puting→ Computer-assisted instruction; Interactive learn-
ing environments; • Computing methodologies → Natural
language generation.
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1 Introduction
Emotional support is the communicative process that helps alle-
viate individuals’ emotional distress and assists them in working
through life challenges [12, 42, 46]. This form of support from so-
cial networks like friends, family, and colleagues plays a crucial
role in individual mental health and well-being [30]. In everyday
social interactions, people naturally turn to their personal networks
for comfort and guidance during difficult times [11, 39, 64]. These
daily communications serve as a first-line setting where individu-
als share emotions and provide verbal encouragement. However,
despite the importance of these interactions, most people in sup-
portive roles lack training in how to provide effective emotional
support [20, 54, 82].

Traditionally, developing proficient emotional support skills re-
quires specialized training typically available to professional coun-
selors and mental health practitioners [48, 57]. This training de-
mands substantial resources in terms of time, financial investment,
and access to qualified trainers, creating barriers that make it im-
practical for the general population [35, 74]. Earlier computational
approaches to training support skills employed traditional machine
learning techniques, which primarily focused on predicting trainee
performance or delivering relatively fixed content [13, 18, 61].While
these systems provided valuable assistance, they often required sig-
nificant human oversight and struggled to create widely accessible
and adaptive learning experiences. The recent emergence of power-
ful Large Language Models (LLMs) presents a new opportunity to
overcome these long-standing limitations [82]. Unlike earlier sys-
tems, LLMs possess strong generative capabilities and contextual
understanding, enabling them to offer more accessible and adapt-
able training practices [44, 74] with reduced reliance on human
supervision.
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Figure 1: People learn from LLM-generated examples and
provide their own support responses to others.

Building on this potential, we introduce ESR-Coach, exploring
the use of LLMs to help individuals enhance their supportive lan-
guage. As illustrated in Figure 1, people can learn to provide sup-
portive responses from the interaction with LLMs. Our system
design is inspired by prior work that uses LLMs to simulate practice
cases [15, 47, 74], provide example responses [16, 35], and offer
feedback [14, 44, 69]. We combine these elements into a unified
framework ESR-Coach where multiple AI agents work together to
coach the user in emotional support. Specifically, (1) a demonstrator
provides high-quality reference responses for users to learn from;
(2) an assessor evaluates user inputs and offers immediate feedback;
and (3) a generator dynamically creates emotionally challenging
scenarios tailored to the user’s evolving performance. All three
agents are prompted with strategies derived from Hill’s Helping
Skills Theory [33, 34] and cognitive restructuring [9, 65], aiming
to help users learn response strategies that are effective in dealing
with others’ negativity.

We first conducted an evaluation with four psychology experts
to verify the reliability of each module’s implementation. Expert
ratings showed that the representative LLMs (GPT-3.5 and 4) gen-
erated high-fidelity negative situations and thoughts, along with
helpful responses, with both dimensions averaging about 4 out of
5. To enhance the assessor LLM, we developed a data augmenta-
tion approach that fine-tuned the assessor using expanded expert-
annotated data, which substantially improved its alignment with
human judgment.

To evaluate the efficacy of our ESR-Coach in enhancing users’
emotionally supportive communication skills, we explore the fol-
lowing research questions through a user study:

RQ1: How well does ESR-Coach improve users’ perfor-
mance in providing emotionally supportive responses?

RQ2: How well does ESR-Coach shape users’ strategic de-
velopment in emotional support?

To answer these questions, following previous work [35] in-
volving 15 participants, we recruited 20 participants through a
crowdsourcing platform, Prolific, to interact with ESR-Coach. Each

participant completed a total of 35 cases, each comprising a help-
seeker’s situation and their associated negative thoughts. For a
refined before-and-after comparison, the coaching process con-
sisted of five sequential phases, comprising three evaluation phases
(5 cases each) interleaved with two training phases (10 cases each).
During the three evaluation phases, participants were asked to
respond to cases without the assistance of ESR-Coach. In the two
training phases, we supplied our participants with dynamic cases,
reference responses, and feedback generated by ESR-Coach. Addi-
tionally, participants were divided into five groups to interact with
different parts of ESR-Coach to investigate how ESR-Coach influ-
enced learning outcomes. The assessor LLM in ESR-Coach assessed
the helpfulness of users’ responses during the coaching process,
resulting in a total of 700 data points. Regarding RQ1, our analysis
suggested that ESR-Coach has the potential to enhance the quality
of user responses, with helpfulness scores increasing by 17 percent
on average. Users often reached a high performance plateau in the
intermediate evaluation, indicating a potential for rapid adaptation
of human learners. The group study showed that providing demon-
stration responses, delivering actionable feedback, and generating
dynamic cases all contributed to improving the helpfulness of user
responses. We investigated RQ2 by analyzing dynamics in strategy
usage and measuring strategy effectiveness. Results showed that
users tended to employ a wider range of support strategies and
apply them more effectively after training. Case studies further
illustrated instances where participants learned to select and adapt
appropriate strategies tailored to specific emotional situations.

We summarize our contributions as follows:
• We propose ESR-Coach, a multi-agent LLM framework that
trains and assesses people in providing supportive responses.

• We investigate the feasibility and effectiveness of ESR-Coach,
encompassing the generation of training cases, the creation
of reference responses, and the assessment of users’ perfor-
mance.

• Our user study presents preliminary findings on the im-
provement of emotionally supportive responses from users
coached by ESR-Coach.

2 Background and Related Work
2.1 Emotional Support
The aim of this study is to explore the use of LLMs in training
individuals to provide verbal support in social relationships, such
as those among peers, friends, and family members. Building upon
previous emotional support conversation systems [46, 71], this
study is grounded in Hill’s Helping Skills Theory [33, 34]. Our
work adapts this established framework for everyday, peer-to-peer
support contexts. Mainstream emotional support conversation sys-
tems [46, 86] incorporate seven types of response strategies in Hill’s
Helping Skills Theory, excluding the “challenging” strategy, as it is
more suited for professional therapy than for layperson support.
Furthermore, cognitive restructuring [9, 50, 65] studies suggest
that reframing people’s negative thoughts to be positive can be
beneficial to their mental health. Therefore, we propose a similar
strategy to cognitive restructuring, called “perspective shifting”.
This strategy aims to help individuals seeking emotional support
view situations from a more positive perspective [67]. It is gentler
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Strategy Description Example

Question Seeking details about the issue to assist the individ-
ual in clarifying their challenges.

Could you elaborate on how you felt during that
moment?

Restatement or
Paraphrasing

Rephrasing the individual’s words in a simpler, more
concise manner to aid them in gaining clarity.

It seems as though you feel overlooked by others.
Is that accurate?

Reflecting Feelings Expressing and identifying the emotions the indi-
vidual is experiencing.

It appears that you’re quite anxious about this
interview, and it holds significant importance to
you.

Self-disclosure Sharing personal experiences or emotions that are
similar to those of the individual to show empathy.

I understand exactly how you feel; I too struggle
with speaking to unfamiliar people.

Affirmation and
Reassurance

Acknowledging the person’s strengths, motivations,
and abilities while offering support and confidence.

You’ve put in great effort, and I’m confident
you’ll succeed!

Providing
Suggestions

Offering potential actions that might help, being
cautious not to dictate specific steps.

Trying some deep breathing exercises might
help you relax.

Giving Information Supplying relevant details, facts, opinions, re-
sources, or answers to questions to inform the indi-
vidual.

Many others face similar situations, so try not
to stress too much.

Perspective
Shifting

Presenting alternative viewpoints or guiding the
person towards a more optimistic outlook.

Perhaps they’re hesitant to share the truth be-
cause they don’t want to upset you.

Table 1: Strategies for providing supportive responses.

than “challenging” and is better suited for everyday conversations
rather than professional counseling settings. In summary, we adopt
the seven types of response strategies and add “perspective shift-
ing” as the eighth, replacing the “challenging” strategy. All of our
prompts provided to both users and LLMs include descriptions of
these strategies. All strategies, their descriptions, and examples are
listed in Table 1.

Hill’s Helping Skills Theory divides the helping process into
three stages. To explicitly identify and analyze negativity, we fol-
low a previous cognitive reframing study [65], providing cases
consisting of situations and thoughts to LLMs and users. In our
adaptation, both the LLM demonstrator and the human user pro-
vide supportive responses in a single turn to a given case, enabling
more efficient training and focused practice on specific strategies.
Additionally, we disclosed multiple strategies to users in each round
of training, improving the training efficiency.

2.2 AI for Training People
Artificial intelligence has long been applied to facilitate training
and educational processes [7, 58, 75]. Traditional approaches typi-
cally rely on machine learning techniques to facilitate the teaching
process, primarily by predicting trainee behavior and performance
[18, 49, 72, 83] and providing auxiliary support [3, 13, 61, 78]. The
rise of generative AI, particularly LLMs, has introduced new capa-
bilities for dynamically creating contextualized content and facili-
tating interactive practice [1, 2, 38, 79]. This has spurred growing

exploration into using LLMs for social and communication skills
training [5, 26, 45, 63, 82].

Our study explores how to train individuals to provide verbal
support to emotional help-seekers via LLMs. Research related to
this topic can be broadly categorized into three categories: commu-
nication simulation, response assistance, and real-time feedback.
The first category of studies simulates the roles of individuals seek-
ing mental support by generating cases and interactive dialogues,
thus providing psychological helpers with practice opportunities
[15, 47, 74]. For example, Wang et al. [74] developed a framework
that uses LLMs programmed with structured cognitive models to
simulate individuals, enabling trainees to practice conversations.
Louie et al. [47] introduced a pipeline that leverages expert-defined
principles to guide LLMs in creating customized role-playing agents
for communication practice. The second category of work has exam-
ined how LLMs can assist helpers by providing problem detection
or response suggestions in real-time while communicating with
individuals [16, 35]. For instance, Hsu et al. [35] introduced an AI
tool that diagnoses which counseling strategies are needed in a
given context and suggests example responses to counselors during
practice sessions. The final group of research employs LLMs to
provide feedback for skill enhancement [14, 44, 52, 69]. As exem-
plified by Lin et al. [44], who created an interactive trainer that
delivers just-in-time feedback grounded in psychological theory,
significantly improving participants’ communication skill mastery.
Steenstra et al. [69] developed an LLM-powered training system
with a simulated patient that provides turn-by-turn performance

1159



IUI ’26, March 23–26, 2026, Paphos, Cyprus Gongyao et al.

Demonstrator
LLM

Situation and
Thought

Response
Assessor

LLM

Feedback

Reference Response 

Generator
LLM

Trainee

Cases

Step 0

Step 1

Step 4

Step 2

Step 3

Step 1
Step 2
Step 3
Step 4

Assessment:
Without Reference

Training:
With Reference Coaching Process

Figure 2: Our ESR-Coach system trains people to provide supportive responses.

visualizations and detailed feedback for counseling skill acquisi-
tion. Our study encompasses all these three categories of methods
by utilizing LLMs to adaptively create cases for users to practice,
generate reference responses, and offer constructive feedback.

3 ESR-Coach
This section details our proposed ESR-Coach training system. We
first present the overall system design and its core components.
We then describe a pre-study expert evaluation that assessed the
capabilities of various LLMs for the system’s key tasks. Based on its
findings, we introduce a data augmentation method to enhance the
assessor LLM. Finally, we outline the complete, integrated coaching
process used in our user study.

3.1 System Design
Figure 2 provides an overview of our ESR-Coach. It includes a
response demonstrator LLM that offers supportive responses as
references for human users, an assessor LLM that assesses user
responses and provides feedback for improvement, and a case gen-
erator LLM that creates training cases based on users’ previous
performance. All prompts used for the LLMs are listed in the Ap-
pendix C.

3.1.1 Case and Response Demonstration. As illustrated in Figure 2,
ESR-Coach first randomly selects a case 𝒙 that includes a situation
and a negative thought from the manually annotated dataset [65].
Given the case 𝒙 , the demonstrator LLMM generates a response
𝒚𝑚 for the human user P’s reference, as formulated in Equation 1.

𝒚𝑚 = M (𝒙) (1)

Subsequently, the user P considers both the case 𝒙 and the LLM-
generated reference response 𝒚𝑚 to formulate their own response
𝒚𝑟 , as shown in Equation 2.

𝒚𝑟 = P
(
𝒙,𝒚𝑚

)
(2)

3.1.2 Response Feedback. Evaluating user responses is essential for
tracking improvements over time [14]. Moreover, existing research
has demonstrated that real-time feedback is effective for enhancing
users’ skill development. Thus, we use an LLM as the assessor
E to produce feedback 𝒆 for each response 𝒚 given a case 𝒙 , as
formulated in Equation 3.

𝒆 = E (𝒙,𝒚) (3)

The most basic form of 𝒆 is a single score 𝒔, which the assessor
LLM assigns to the target response 𝒚. Prior research has shown
that comments and suggestions can help participants to refine their
writing during human-computer interactions [52, 53]. Thus, we
prompt the assessor LLM to generate a comment 𝒄 and a suggestion
𝒖 before providing the score 𝒔. This forms a structured feedback
tuple 𝒆 = ⟨𝒔, 𝒄, 𝒖⟩ in natural language.

3.1.3 New Case Generation. Generating training cases adapted to
previous performance can enhance the effectiveness of training
[8, 22]. Thus, we employ an LLM as the case generator. Given the
previous case 𝒙 , response 𝒚, and feedback 𝒆, the generator LLM G
will produce a new training case tailored for the user. To minimize
latency that could affect the user experience, we input only the
current round’s data into the generator G to generate a case for
the next round of training. This generation process is formulated
in Equation 4.

𝒙 (𝑖+1) = G
(
𝒙 (𝑖 ) ,𝒚 (𝑖 ) , 𝒆 (𝑖 )

)
(4)
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The entire training process, in which the user receives both a new
personalized case and a reference response, crafts their own re-
sponse, and receives feedback, will iterate until a specified number
of rounds (cases) is completed.

3.2 Expert Evaluation of LLMs
Prior to carrying out the user study on the entire ESR-Coach system,
we evaluated the capabilities of various LLMs in training emotional
support responses. We began by evaluating LLM-generated cases
𝒙 (𝑖 )
m encompassing a pair of situations and thoughts, as well as

their corresponding supportive responses 𝒚 (𝑖 )
m . Subsequently, we

examined the consistency between assessment scores 𝒔 (𝑖 )m given by
an LLM and 𝒔 (𝑖 )e by experts.

3.2.1 Evaluation Setup. We collected real-world cases from a previ-
ous study [65], which curated 300 pairs of situations and thoughts
from Thought Record Datasets [10] and Mental Health America.
Subsequently, we prompted an LLM with medium performance,
namely GPT-3.5 [43, 87], to represent typical LLMs and generate
another 300 pairs of situations and thoughts. Then, we divided this
dataset of 600 cases into two groups, with each group containing
150 real and 150 generated cases. After that, we employed two rep-
resentative LLMs, GPT-3.5 and GPT-4, to each provide supportive
responses to one of the two groups.1 This resulted in 300 responses
generated by GPT-3.5 and the other 300 generated by GPT-4.

To evaluate the quality of these LLM-generated materials, we
engaged four domain experts, all holding or pursuing master’s de-
grees in psychology, to assess LLM performance across three key
tasks: case generation, response demonstration, and response as-
sessment. Each expert was assigned 150 samples for evaluation. A
two-level stratified sampling approach was employed to ensure an
equal number of real and generated cases, as well as an equal num-
ber of responses from GPT-3.5 and GPT-4, in each assessment group.
Experts evaluated case fidelity and response helpfulness using a
1-5 Likert scale. Additionally, they had the option to modify the
LLM-generated responses and were required to label the response
strategies of either the original or their modified responses.

Assessment is a crucial component of a training system [82].
While LLMs have shown promising performance in text assessment
[40, 87], little research has been done on the use of LLMs in the
automatic assessment of emotional responses. Thus, we prompted
LLMs to assess the 600 supportive responses generated by GPT-
3.5 and GPT-4, using a 1–5 Likert scale. Then we compared these
assessment scores to those made by human experts. To accommo-
date variability, we had the LLMs generate an assessment score for
each response five times and report both the mean and standard
deviation.

3.2.2 Generation of Cases and Responses. Figure 3 shows that both
real and LLM-generated cases were regarded as high fidelity, with
only a small difference (0.11 on the scale of 1 to 5) in scores between
the generated and real samples. This finding highlights the remark-
able capacity of GPT-3.5 in generating situations and thoughts

1Including a wider variety of models would strengthen our study, but it would also
significantly increase the manpower cost. As such, for an evaluation of LLMs’ capa-
bilities before the user study, we selected the most representative series for ease of
comparison under limited budget.

Real Generated All
1

2

3

4

5

Fid
el

ity
 S

co
re

4.59 ± 0.60 4.48 ± 0.65 4.54 ± 0.63

Figure 3: Fidelity scores of real cases and LLM-generated
cases.

Real Generated All

GPT-3.5 3.98 (± 0.89) 3.99 (± 0.89) 3.99 (± 0.89)
GPT-4 4.49 (± 0.74) 4.53 (± 0.57) 4.51 (± 0.66)
Average 4.23 (± 0.86) 4.26 (± 0.80) 4.25 (± 0.83)

Table 2: Helpfulness of responses from LLMs, where two
models respond to both real and generated cases.

GPT-3.5 GPT-4 All

# Modified Responses 75 35 110
Avg. Modification Ratio (%) 47.61 21.04 39.15

Table 3: Statistics on the modification of LLM responses by
experts. # denotes ‘the number of’.

that closely resemble real-world scenarios. Previous studies have
demonstrated that a model’s capabilities correlate strongly with
both the emotional intelligence [59] and the quality of data genera-
tion [84]. Given that GPT-3.5 attains medium performance among
LLMs [43, 87], we believe LLMs in general can generate socially
and emotionally high-fidelity cases.

Table 2 shows that, as assessed by our experts, both GPT-3.5
and GPT-4 achieved high scores on response helpfulness, with little
difference in scores between real and generated cases. Furthermore,
GPT-4 outperformed GPT-3.5, which aligns with general perfor-
mance differences between the two models. In addition to scoring,
revisions made by experts to the LLM-generated responses serve
as another measure of generation quality. Intuitively, fewer manual
revisions indicate a higher level of confidence in the responses. We
compute the word-level minimum editing distance (MED) between
each revised response and the original response. Table 3 summarizes
the number of modified responses and the average MED of all these
modified responses. We see that experts modified fewer responses
generated by GPT-4 than those by GPT-3.5, and their modifications
were less extensive on GPT-4 responses than on GPT-3.5 responses.
This finding aligns with the helpfulness assessments conducted by
the experts. In summary, LLMs demonstrate a considerable ability
to generate supportive responses.

3.2.3 LLM Assessment v.s. Expert Assessment. As illustrated in Ta-
ble 4, LLMs exhibited low consistency with experts in response
assessment. Even the advanced model GPT-4 obtained a Pearson
coefficient of only 0.21. This finding highlights the inadequacy of
LLMs in assessing supportive responses. Moreover, we calculated
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Pearson Spearman

GPT-3.5 0.15 (± 0.07) 0.10 (± 0.05)
GPT-4 0.21 (± 0.06) 0.19 (± 0.08)

Table 4: Consistency between LLMs’ and experts’ assessment
scores on supportive responses.

the average difference between the scores given by the LLMs and
experts. We found that on average, the scores given by GPT-3.5
were 0.73 points higher than those of experts, while the scores given
by GPT-4 were 0.42 points higher. This indicates that LLMs tend to
provide higher scores than human experts. Consequently, we need
to close this gap in using LLMs to assess supportive responses, as
our goal is to develop an LLM-driven coaching system.

3.3 Enhancement for Assessor LLM
3.3.1 Data Augmentation. As described in Section 3.2.3, we found
that LLM assessments of supportive responses differed considerably
from those made by humans. A simple resolution is to use a human-
annotated dataset 𝑫𝑒 that contains triplets

〈
𝒙,𝒚𝑚, 𝒔𝑒

〉
for training

an assessor LLM, where 𝒔𝑒 denotes the evaluation by psychology
experts on the response 𝒚𝑚 to case 𝒙 . However, the responses
submitted by the human user in the coaching process should be a
mix of responses 𝒚𝑟 obtained with given reference responses and
the user’s own formulations 𝒚𝑝 . In such a scenario, the assessor
LLM trained solely on LLM-generated responses 𝒚𝑚 may provide
inaccurate assessment scores on the mixed responses.

To address this issue, we propose a data augmentation approach
to align the training data used for fine-tuning the assessor LLM
with that utilized in the actual coaching process. Our approach
is grounded in the observed correlation between LLM capability
and response quality [87], which was also evident in our expert
evaluation. Specifically, as shown in Table 2, GPT-3.5 received an
average helpfulness score that was approximately 0.5 points lower
than GPT-4 when responding to the same cases.

To construct a spectrum of response quality that mirrors what
might be produced by human trainees at different skill levels, we
employ a less powerful LLMM𝑤 (Qwen-1.5) to generate weaker
responses 𝒚𝑤 . Based on the observed performance gap between
GPT-4 and GPT-3.5, we posit a comparable degradation for M𝑤

relative to GPT-3.5. Given that helpfulness scores are integers on
a 1-5 scale, we apply a decrement of 1 point to the original expert
scores 𝒔𝑒 to assign scores 𝒔𝑎 to these weaker responses. Formally,
for each case 𝒙 with its expert-annotated response score 𝒔𝑒 , we
generate:

𝒚𝑤 = M𝑤 (𝒙)
𝒔𝑎 = max (𝒔𝑒 − 1, 1) (5)

where𝒚𝑤 represents the weak response and 𝒔𝑎 is the score assigned
to it. The max operation ensures scores remain within the valid
range [1, 5]. This approach creates a training set with varied re-
sponse quality while maintaining consistent relative scoring across
responses to the same case.

Through this process, we obtain the augmented fine-tuning data
𝑫𝑎 (|𝑫𝑎 | = |𝑫𝑒 |), which contains triples

〈
𝒙,𝒚𝑤 , 𝒔𝑎

〉
. We union this

Pearson Spearman

Llama-3.1-8B 0.21 (± 0.06) 0.21 (± 0.06)
GPT-4††† 0.24 (± 0.05) 0.26 (± 0.06)

Our Assessor 0.67 (± 0.05) 0.69 (± 0.05)
- Suggestions† 0.66 (± 0.07) 0.68 (± 0.06)
- Comments†† 0.66 (± 0.06) 0.68 (± 0.06)
- Sugg & Comm†† 0.65 (± 0.06) 0.67 (± 0.05)

† : 𝑝 < 0.05, †† : 𝑝 < 0.01, † † † : 𝑝 < 0.001

Table 5: Performance of our fine-tuned assessor on the eval-
uation set.

augmented data 𝑫𝑎 with the expert-annotated data 𝑫𝑒 to fine-tune
the assessor LLM on this mixed dataset, enabling the LLM to learn
how to evaluate both reference responses generated by strong LLMs
and those generated by weaker LLMs, thus equipping the assessor
LLM to handle a variety of responses from human users.

3.3.2 Evaluation of Fine-tuned Assessor LLM. To ensure perfor-
mance, our assessor LLM E was fine-tuned on 600 assessment data
𝑫𝑒 labeled by human experts and another 600 augmented data 𝑫𝑎

generated by using a weaker LLM. We used Llama-3.1-8B as the
foundation model for finetuning due to its open-source accessibility
and reasonable performance. The fine-tuned assessor LLM exhibits
a Pearson coefficient of 0.79 and a Spearman coefficient of 0.78
with the expert assessment data 𝑫𝑒 , indicating a high correlation
between its scores and those of human experts. Nevertheless, the
advantage of the weaker LLM-generated data 𝑫𝑎 , i.e., how accu-
rately the fine-tuned assessor assesses weak responses, remains to
be examined. Therefore, we built an additional evaluation dataset
to test the assessor’s performance.
Evaluation Dataset. To save human labeling effort, we utilized
another weaker LLM to construct the evaluation set. To prevent the
model from favoring data generated by itself [87], we adopted the
same augmentation method as in Section 3.3.1 but used a different
model (Mistral-7B) to generate the evaluation set 𝑫∗

𝑎 . The scores
for responses 𝒚∗𝑤 ∈ 𝑫∗

𝑎 were assumed to be lower than those for
responses 𝒚𝑚 ∈ 𝑫𝑒 generated by stronger LLMs.

Before evaluating the assessor, we verified our assumption on
this evaluation set 𝑫∗

𝑎 by checking whether 𝒚∗𝑤 was indeed weaker
than 𝒚𝑚 . For an efficient assessment, we conducted a pair-wise
comparison. We randomly sampled 50

〈
𝒙,𝒚𝑚

〉
tuples from expert-

annotated data 𝑫𝑒 and retrieved their corresponding responses 𝒚∗𝑤
from the evaluation data 𝑫∗

𝑎 , forming triples
〈
𝒙,𝒚𝑚,𝒚∗𝑤

〉
. Due to re-

source constraints, we invited two PhD students, who learned both
response strategies and example reference responses. They were
asked to choose the better response from a pair consisting of 𝒚𝑚
and𝒚∗𝑤 , without knowing which response corresponds to𝒚𝑚 or𝒚∗𝑤 .
The average Cohen’s Kappa Score between the human selections
and the assumed better responses is 0.77 (with a human-human
agreement score of 0.80), indicating a high level of agreement be-
tween the evaluation data and human assessment.
Results. Next, we used the evaluation set D∗

𝑎 to evaluate our fine-
tuned assessor LLM. Following previous studies on evaluating asses-
sors [28, 87], we calculated the Pearson and Spearman coefficients

1162



ESR-Coach IUI ’26, March 23–26, 2026, Paphos, Cyprus

to assess the correlation between the assessor’s predictions and the
assigned ground truth scores for the evaluation set. We repeated
the experiment five times and report both the average and stan-
dard deviation. Table 5 lists the correlation coefficients between
the predicted scores from our trained assessor and the assigned
scores for the responses in the evaluation set. It shows that our fine-
tuned assessor’s assessment exhibited a high correlation with the
evaluation data and outperformed both the Llama model (without
fine-tuning) and the GPT-4 model (𝑝 < 0.001). Additionally, the aug-
mentation of comments and suggestions led to a slight performance
improvement, as indicated by minor decreases in the correlation
scores.

3.4 The Coaching Process
We selected GPT-3.5 as the demonstratorM and the case generator
G for its good performance in the previous evaluation. For the
assessor E, we chose Llama 3.1-8B fine-tuned on our augmented
assessment data. We intentionally chose not to adopt the most
advanced models (e.g., GPT-4) for our final system, as we aim to
investigate the advantages and disadvantages of using LLMs for
coaching within a stable and broadly applicable framework. Our
chosen number and models of LLMs for the user study are compa-
rable to those in related work [35, 44, 76], which typically involved
one or two LLMs. Finally, we integrated these components into our
ESR-Coach system and conducted a user study, examining users’
performance in providing supportive responses with and without
training using our ESR-Coach.

To ensure effective training and improvement tracking, we de-
sign a coaching process in a sequence of five phases, as illustrated in
the bottom-left corner of Figure 2. In the first, third, and last phases
(“evaluation”), users provide supportive responses to cases without
using ESR-Coach, whereas in the second and fourth phases (“train-
ing”) users provide supportive responses using ESR-Coach. This
allows us to compare user performance across the three evaluation
phases to measure the impact of the two training phases.

In the first evaluation phase, a case 𝒙 that includes a situation
and a negative thought is randomly selected from a case database
[65] per round. In each round, the user P is required to provide a
response 𝒚𝑝 to the given case 𝒙 without any reference response.
After completing all practices in the evaluation phase, the user
proceeds to the following training phase. In the training phase, the
user engages in iterative training using our ESR-Coach. In the first
round, the case generator LLM generates a case 𝒙 based on their
performance in the final round of the preceding evaluation phase.
Then, the user is given a reference response from the demonstrator
LLM and formulates their response. The response to the case 𝒙 is
then evaluated by the assessor LLM E, which provides feedback 𝒆
to the user to aid in learning. In the next round, the user receives a
new case generated by the case generator LLM based on the user’s
previous performance, and undergoes the same process as the first
round. After round-by-round training, the user advances to the
next evaluation phase. Upon completion of the three evaluation
phases, interleaving with two training phases, the coaching process
concludes.

Gender Age Race/Ethnicity

Man 65% 25-30 30% White 45%
Women 35% 31-40 40% Asian 15%

41+ 30% Black 25%
Mixed 10%
Other 5%

Table 6: Breakdown of participant demographics by gender,
age, and race/ethnicity.

4 User Study
We conducted a user study on our coaching system ESR-Coach to
evaluate the improvement of trainees’ responses throughout the
coaching process.

4.1 Setup
We evaluated the effectiveness of our system through a before-and-
after controlled experiment. The entire coaching process for each
participant consisted of the following five phases: (1) evaluation
before training, (2) first training, (3) evaluation post first training,
(4) second training, and (5) evaluation post second training. Each
evaluation phase contained 5 cases, and each training phase 10
cases. Thus each trainee completed a total of 35 cases in the study.

We recruited 20 participants from Prolific and divided them into
five groups. This resulted in 700 data points, which is comparable to
prior exploratory studies (258 in Lin et al. [44] and 66 in Wang et al.
[74]) that use LLMs to coach humans in the mental health domain.
Nevertheless, we acknowledge it limits the statistical power for
between-group comparisons. Our primary goal with this design
was to conduct an investigation into the learning mechanisms and
outcomes, and provide initial evidence for the effect of each compo-
nent, which can be validated at a larger scale in future work. Table
6 lists the demographic information of our 20 participants. As our
objective is not to train professional counselors, we do not require
trainees to possess prior psychological knowledge. Nevertheless,
there may be disparities in the trainees’ initial conversational skills.
Therefore, we required that trainees learn from the provided re-
sponse techniques before beginning their training with our system
to mitigate these initial discrepancies. In order to facilitate the
tracking of trainee behavior and the customization of the training
process, we built a training platform from scratch. We used Flask as
the backend and JavaScript as the frontend, keeping this simple and
facilitating follow-up work. We provided a guideline that includes
the use guide of the system and an introduction and explanations
of response strategies for each participant on the front page of our
system. Participants can only click to start the coaching process if
they confirm that they have read the guideline.

All participants within a group received the same level of sys-
tem support, while the five groups differed in the specific coaching
components they had access to. Specifically, during the evalua-
tion phase, all participants responded to cases 𝒙 given to them
without any reference response. In comparison, in the training
phase, all groups received different levels of assistance from the
coaching system. The first group received LLM reference responses
𝒚𝑟 from the demonstratorM. The second group further received
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LLM comments 𝒄 from the assessor E, whereas the third group
received suggestions 𝒖. The fourth group received both comments
and suggestions from the assessor E. Finally, the fifth group not
only received reference responses, comments and suggestions, but
also training cases from the generator G based on their previous
performance, as described in Section 3.1.3.

4.2 Measurements
Our before-and-after experimental design allows for a direct com-
parison of user performance, providing clear evidence of the impact
of interaction with ESR-Coach. To comprehensively evaluate the
effectiveness of our system in training users to provide emotionally
supportive responses, we investigated the following dimensions.
Helpfulness of Response.We collected a total of 700 response
samples (20 participants × 35 cases each). To assess the quality
of these responses at scale, we employed our fine-tuned assessor
LLM E. This assessor showed high agreement with human experts
(Pearson r=0.79) on standard responses, and also reliable perfor-
mance (Pearson r=0.67) on a generated assessment dataset with
lower-quality responses. We used it to score the helpfulness of each
response on a 1-5 scale. This automated assessment enabled two
levels of analysis. First, we compared the helpfulness scores from
the pre-training and post-training evaluation phases to measure
the overall improvement. Second, we examined the performance
trajectory across all five phases, including the two training sessions,
to provide a more detailed view of the learning process throughout
the coaching experience. To complement these quantitative find-
ings, we also conducted case studies to provide qualitative insights
into how participants’ responses evolved.
Diversity and Effectiveness of Response Strategy. Beyond help-
fulness, we examined how participants’ use of support strategies
evolved. Specifically, we used GPT-4, prompted with ten expert-
annotated demonstrations, to automatically label the strategies
present in each user response. This allowed us to track the diversity
of strategies employed by participants before, during, and after
training. We further investigated the correlation between strategy
diversity and response helpfulness to understand whether employ-
ing a wider range of strategies leads to more effective support.
Additionally, we analyzed the situational appropriateness of strat-
egy use through case studies, comparing the strategies, scores, and
contextual fit of responses from different phases.

Additionally, our design of multiple user groups enabled us to iso-
late the contribution of each system component. By comparing the
learning outcomes across the five groups, which received different
combinations of reference responses, feedback (comments and/or
suggestions), and dynamically generated cases, we could assess the
individual and combined effects of demonstration, assessment, and
personalization on trainee improvement.

5 Results
In this section, we present our findings from the user study. We
structure the results around our two research questions, first quan-
tifying the performance improvements achieved with ESR-Coach
(RQ1), and then delving into the evolution of users’ strategic capa-
bilities (RQ2).

5.1 RQ1: Improvement in Response
Performance

5.1.1 Improvement of Helpfulness Score. Table 7 presents the trainee
performance across three evaluation phases. Analysis of the overall
trends reveals consistent improvement throughout the coaching
process. The average helpfulness score across all groups was cal-
culated as (3.17 + 3.53 + 3.55 + 3.52 + 3.26)/5 = 3.41 in the initial
evaluation, increasing to (3.27+3.79+3.79+3.91+3.75)/5 = 3.70 af-
ter the first training phase. This represents an overall improvement
of (3.70 − 3.41)/3.41 × 100% = 8.5%. The improvement was largely
sustained in the final evaluation phase, with an average score of
(3.32 + 3.73 + 3.76 + 3.90 + 3.82)/5 = 3.71.

Participants showed the most substantial gains after the first
training phase, with the improvement rate from initial to first post-
training evaluation (8.5%) being substantially higher than the addi-
tional improvement from first to second post-training evaluation
(0.3%). This pattern shows a rapid initial learning curve, where
learners efficiently apply supportive response skills from limited ex-
posure to training materials. The sustained performance in the final
evaluation suggests that the improvements persisted throughout
the duration of our study session.

The observed plateau after the first training phase may reflect
the efficient design of our coaching system, which enables users to
reach a proficient level of supportive communication with minimal
training iterations. This has practical implications for designing
accessible and time-efficient emotional support training programs.
Together, these results quantify how well ESR-Coach improves per-
formance: users achieved substantial and sustained improvement,
with the majority of gains realized rapidly during the initial train-
ing phase. Having established that ESR-Coach leads to significant
overall improvement, we next dissect these results to understand
the contribution of each system component.

5.1.2 Effectiveness of Each Component. To understand how these
improvements are achieved, we analyzed the contribution of each
system component through our comparison study between user
groups. The demonstrator module alone provided a foundation for
improvement, achieving a 4.73% gain in helpfulness scores (𝑝 <

0.01). This establishes that high-quality reference responses serve
as an effective starting point for skill development.

The assessment components exhibited distinct but complemen-
tary benefits. Comments from the assessor yielded a 7.37% improve-
ment (𝑝 < 0.05), focusing on qualitative feedback, while suggestions
contributed a 6.76% gain (𝑝 < 0.05), providing actionable guidance.
When combined, these assessment elements produced synergistic
effects, achieving 10.80% improvement (𝑝 < 0.01), suggesting that
comprehensive feedback covering both evaluative and prescriptive
aspects maximizes learning potential.

The condition that integrated all three components of ESR-Coach
(Group 5) achieved the highest effectiveness with 17.18% improve-
ment. This integrated approach, combining demonstration, compre-
hensive feedback, and dynamic case generation, creates a cohesive
learning environment where each module reinforces the others.
The dynamic case generator appears to amplify the effectiveness of
other components by providing appropriately challenging scenarios
tailored to individual progress.
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Group Method Before Post-1st Tr. Post-2nd Tr. Impr.(%)

1 Demonstrator M 3.17±.04 3.27±.04 3.32±.12 4.73††
2 + Assessor’s Comments E𝑐 3.53±.05 3.79±.06 3.73±.07 7.37†
3 + Assessor’s Suggestions E𝑢 3.55±.04 3.79±.13 3.76±.11 6.76†
4 + Assessor’s Full Feedback E 3.52±.07 3.91±.11 3.90±.12 10.80††
5 + Full Feedback + Generator (All) 3.26±.08 3.75±.12 3.82±.02 17.18†

† : 𝑝 < 0.05, †† : 𝑝 < 0.01, † † † : 𝑝 < 0.001

Table 7: The average helpfulness scores of each trainee group in the three evaluation phases. Post-1st Tr. denotes the evaluation
phase after the 1st training phase. † represents the statistical significance (paired t-test within group) of the helpfulness
improvement before and after training.

Before Train 1st Train Post-1st Train 2nd Train Post-2nd Train
1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

With Demonstrator Only
+ Assessor's Comments
+ Assessor's Suggestions
+ Assessor's Full Feedback
+ Full Feedback + Generator

Figure 4: Score variations during the coaching process. Each
curve corresponds to a method in Table 7 in order.

The progressive enhancement from individual components to the
fully integrated system underscores the importance of our holistic
design approach. Rather than operating in isolation, the demon-
strator, assessor, and generator form an interconnected ecosystem
that supports different aspects of the learning process, ultimately
enabling substantially greater improvement than any single com-
ponent could achieve independently.

5.1.3 Performance Dynamics. We further analyzed the learning
process by examining score variations across all phases, as shown
in Figure 4. The trajectories reveal distinct patterns in how different
coaching approaches affect skill applications over time.

Groups receiving only reference responses (Group 1) or refer-
ence responses with comments (Group 2) exhibited higher scores
during training phases compared to evaluation phases. This pat-
tern suggests that trainees may adopt a conservative approach
when lacking explicit improvement suggestions, potentially relying
more heavily on the provided reference responses during practice
sessions.

In contrast, the complete ESR-Coach system (Group 5) demon-
strated a smoother andmore consistent performance curve through-
out the coaching process. The scores for this group progressed
steadily from 3.26 in the initial evaluation to 3.82 in the final evalu-
ation, with consistent improvement across both training and eval-
uation phases. This pattern indicates a more stable and effective

0 100 200 300 400 500 600 700
Number of Strategies

Before Train

1st Train

Post-1st Tr.

2nd Train

Post-2nd Tr.

Self-disclosure
Restatement or Paraphrasing
Giving Information

Others
Question
Perspective Shifting

Reflecting Feelings
Affirmation and Reassurance
Providing Suggestions

Figure 5: Statistics of strategies employed in trainee re-
sponses during the coaching process, divided by phases.

performance improvement, where adaptively generated training
scenarios appear to facilitate continuous improvement without the
performance fluctuations observed in other conditions.

These findings complement the overall performance improve-
ments reported in RQ1 by showing how different coaching compo-
nents influence the improvement of response performance. While
all groups showed improvement, the integrated approach of ESR-
Coach supported a more coherent increase, underscoring the value
of combining demonstration, feedback, and personalization in emo-
tional support training.

5.2 RQ2: Evolution of Strategy Usage and
Effectiveness

While RQ1 established that ESR-Coach improves response perfor-
mance, RQ2 seeks to understand how this improvement is achieved
by examining the evolution of users’ strategic behaviors. We ana-
lyze both the diversity of strategies employed and their contextual
effectiveness.

5.2.1 Response Strategy Usage. We analyzed the evolution of strat-
egy usage by counting occurrences in each phase, as shown in
Figure 5. Overall, the most frequently employed strategies were
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Figure 6: The average helpfulness scores of different strate-
gies when applied to personal versus interpersonal issues.

Providing Suggestions, Affirmation and Reassurance, Reflecting
Feelings, and Perspective Shifting. The increase in strategy usage
after training sessions, particularly for Question and Reflecting
Feelings strategies, indicates the flexible skill application of users.
Notably, the Question strategy showed substantial growth, with
usage increasing from 17 instances in the initial phase to 81 dur-
ing the second training phase. This strategy allows trainees to
express empathy and provide assistance by actively seeking to un-
derstand the help-seeker’s situation. The progressive adoption of
such inquiry-based approaches throughout the coaching process
reflects trainees’ improving sophistication in navigating emotional
support conversations.

5.2.2 Impact of Response Strategies. To investigate how the effec-
tiveness of support strategies varies across different contexts, we
first categorized the emotional dilemmas in our cases into two types:
personal issues and interpersonal issues. This categorization
was performed automatically by GPT-4. While automated labeling
has limitations, it serves as a consistent proxy for analyzing strat-
egy distribution. We then analyzed the average helpfulness score
achieved by each strategy within each context, as summarized in
Figure 6.

Our analysis first reveals a fundamental finding: all eight prede-
fined support strategies achieved higher scores (ranging from 3.75 to
4.20) than the “Others” category (3.25-3.36) in both contexts. This re-
sult demonstrates the overall effectiveness of the theory-grounded
strategies used in ESR-Coach. Furthermore, we observed distinct
patterns of effectiveness across the two contexts. Some strategies
demonstrated context-independent robustness, showing minimal
performance difference (<=0.1). For example, “Reflecting Feelings”
and “Self-disclosure” performed similarly well in both contexts,
indicating that emotional validation and building rapport through
shared experience are universally appreciated regardless of the is-
sue type. Conversely, other strategies exhibited context-dependent
effectiveness. The strategy of “Restatement or Paraphrasing” was

markedly more effective for interpersonal issues. In situations in-
volving others, accurately paraphrasing the help-seeker’s perspec-
tive may be particularly valuable for fostering clarity and mutual
understanding.

A clear pattern emerged among information-handling strategies.
“Question” (seeking information from the help-seeker) and “Pro-
viding Suggestions” (offering actionable advice) were both more
effective for personal issues. This aligns with the nature of internal
struggles, which often benefit from self-reflection and personal-
ized guidance. In contrast, “Giving Information” (providing factual
insights) was more effective for interpersonal issues, where exter-
nal facts and resources can help navigate complex social situations.
These findings, in response to RQ2, suggest that users of ESR-Coach
not only employed more strategies, but also appeared to adapt their
response approaches based on the specific emotional context.

5.2.3 Case Study. This case analysis examines the strategic devel-
opment of User 2 (in Group 1, receiving reference responses) and
User 18 (in Group 5, the complete system), who were selected as rep-
resentative examples of the dominant learning patterns observed
in their respective groups. We show three evaluation phases using
an identical case between two groups for a fair assessment. Figure
7 presents the case study. Each color box in the figure presents user
responses, key issues identified from the assessor LLM’s feedback,
and helpfulness scores, corresponding to the cases.

In the initial evaluation, both users leveraged few strategies and
showed little empathy. Their responses primarily offered practical
suggestions while addressing surface-level issues rather than un-
derlying emotional concerns. Their responses provided suggestions
without acknowledging feelings of being perceived as lazy, reflect-
ing a common pattern where novice supporters focus on immediate
solutions. These initial responses of both users offered basic utility
but lacked emotional depth, resulting in the moderate helpfulness
scores of 3/5.

In the intermediate evaluation, User 2 utilized a new strategy
Perspective Shifting alongside the used strategy Providing Sugges-
tions. This expansion demonstrates that reference responses serve
as a useful learning resource for individuals. By observing reference
responses, people are able to acquire basic response strategies ac-
cordingly. New strategy utilization was similarly identified in User
18. Notably, there was a consistent inclination among these users
to acquire and employ the Perspective Shifting strategy, which may
be attributed to the fact that this type of perspective transformation
is novel and engaging for ordinary individuals. In addition, both
users tend to provide suggestions regarding others’ circumstances
but neglect emotional engagement. This impacts the demonstration
of empathy to some degree, which in turn reduces the helpfulness
of their replies.

In the evaluation after second training, User 2 maintained consis-
tent application of previously acquired strategies through habitual
use of Perspective Shifting and Providing Suggestions. This pat-
tern highlights the importance of receiving feedback during the
training process. Without targeted feedback, users may plateau in
their strategic development despite initial gains. With the complete
ESR-Coach, User 18 demonstrated strategic integration by com-
bining reflecting feelings with questioning and perspective taking.
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Response: It doesn't mean that you are always doing
poorly. Maybe you can try to find a new opportunity.

Strategy:  Perspective Shifting, Providing
Suggestions

Main Issues:  Well integrates and applies the two
strategies but shows a little emotional concern to the
seeker's situation and thought.

Score: 4

Response: It is common in relationships. Why not
ask your partner to help you make the dinner? 

Strategy: Giving Information, Providing
Suggestions

Main Issues: Rationalize but lacks emotional care.

Score: 3

Participant 2 (in Group 1)

Case: I was looking forward to relaxing but my
partner asked me to make dinner instead. My
partner thinks I am lazy.

Case: I showed a new game idea to some
friends in a chat room we all have together, but
only 2 of them responded. My friends aren't
interested in my game idea.

Phase 1: Before Training Phase 3: After 1st Training

Participant 2 (in Group 1)

Response:  Your friends may not have seen your
message yet. Give them some extra time to respond.

Strategy: Perspective Shifting, Providing
Suggestions

Main Issues: Uses two strategies that show some
helpfulness, but shows lack of attention to feelings,
which weakens the empathy.

Score: 4

Participant 2 (in Group 1)

Participant 18 (in Group 5)

Response: They may be interested but are interested
in other games at the moment. Perhaps you need to
contact those who have not replied and ask for
feedback.

Strategy: Perspective Shifting, Providing Suggestions

Main Issues: Uses multiple strategies but lacks
emotional acknowledgment.

Score: 4

Response: Maybe having an easy dinner would
be the best answer. Maybe he could cook the
dinner once a week.

Strategy: Providing Suggestions

Main Issues: It does not directly address the
underlying thought of feeling lazy or provide
much emotional support.

Score: 3

Participant 18 (in Group 5)

Response: It sounds like you feel frustrated with an
unexpected evaluation. Could you tell me more about
your feelings? One negative feedback does not mean
that you are not qualified for your job. This can be a
useful feedback and helps you improve for the future. 

Strategy: Reflecting Feelings, Question, Perspective
Shifting

Main Issues: No Obvious Issues.

Score: 5

Participant 18 (in Group 5)

Case: I didn't get as good of feedback on a
work assignment as I wanted. I didn't do as
good a job as I thought.

Phase 5: After 2nd Training

Figure 7: Strategic development of User 2 (Group 1) and User 18 (Group 5) across three evaluation phases. The case study
illustrates the progression in strategy application, accompanied by feedback and helpfulness scores.

User 18’s response sequence addressed both emotional and cogni-
tive dimensions, creating a more nuanced support response. This
progression from isolated strategy use to contextual integration
illustrates the potential of ESR-Coach to foster flexible strategy
application.

6 Discussion
6.1 From Machine Social Intelligence to Human

Skills
Social intelligence, defined as the capacity to understand and ef-
fectively navigate human social interactions [70, 80], is a core re-
quirement for systems that coach interpersonal skills [82]. Previous
work has investigated the social intelligence of LLMs, showing con-
siderable abilities of LLMs to understand the diverse social context
[17, 60, 73]. For LLMs to serve as credible coaches for the improve-
ment of communication skills, they should demonstrate capabilities
beyond linguistic fluency, encompassing a functional understand-
ing of human emotions, social contexts, and the nuanced principles
of supportive communication [81, 82].

Our user study provides empirical evidence that the LLM-based
coaching system effectively facilitates the use of adaptive inter-
personal skills in human trainees. The significant improvement
in participants’ response helpfulness (subsection 5.1), alongside
their increased use of diverse and contextually appropriate sup-
port strategies (subsection 5.2), suggests that our system guided
users toward more effective and context-aware communication.
As shown in Section 5.2, results show that participants were able
to not only identify what to say but also flexibly adjust their sup-
port. As shown in Table 7, the most substantial growth in strategic
capability occurred in the group that received the complete coach-
ing system. This suggests that a multifaceted approach combining
demonstration, detailed feedback, and adaptive practice is effective
for cultivating communication flexibility.

Furthermore, our work highlights the potential of LLM-driven
systems as scalable platforms for social intelligence training. Re-
cent explorations into LLMs’ capabilities in theory of mind [17]
and social reasoning [25] are advancing the frontier of machine
social intelligence. As these foundational abilities improve, we an-
ticipate they will enable the creation of even more refined and
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adaptive coaches. Such future systems could better understand a
trainee’s specific emotional state and interpersonal needs, thereby
offering more personalized guidance to support the development
of sophisticated interpersonal skills across diverse populations and
situations.

6.2 Learning of Social Skills
Human learning, particularly the acquisition of complex social and
emotional skills, is a profoundly intricate process [21, 36, 37]. It
involves the cognitive understanding of strategies, the development
of situational awareness, and the cultivation of empathy [23, 29].
The inherent subjectivity of social interactions further complicates
both the learning and the assessment of these competencies [32, 35,
44].

Our study provides preliminary insights into this process within
a structured coaching environment. As presented in Figure 4, partic-
ipants showed rapid initial gains after the first training, highlighting
the strong learning capabilities of humans. The case study in Sec-
tion 5.2.3 further investigates this progression, showing how users
evolved from offering simple solutions to constructing nuanced re-
sponses that combined emotional validation with perspective shift-
ing. Beyond these immediate improvements, the sustainability of
learning effects is a critical consideration for real-world application.
While this aspect remains under-explored, the stable performance
participants maintained in later phases needs future investigation
into long-term skill maintenance through long-term post-testing.

Our findings also highlight the challenges in fostering deep learn-
ing. In Figure 4, the variance in individual learning trajectories and
the plateau effects observed in some groups indicate differing paces
of performance improvement. The behavioral measures we em-
ployed, while effective for tracking performance, offer a limited
view of the underlying cognitive and emotional changes that drive
improvement. Ultimately, a deeper understanding of how these
social skills are acquired and internalized will likely require cross-
disciplinary collaboration [37]. Future work could integrate per-
spectives from cognitive science [41, 68] and neuroscience [24, 27]
to complement behavioral data and illuminate the hidden mecha-
nisms of learning.

6.3 Design Considerations
6.3.1 LLM-based Assessment. A fundamental challenge in our sys-
tem design involved balancing assessment quality with practical
constraints. While human expert evaluation provides the most re-
liable quality judgments, it cannot provide the real-time feedback
required for effective coaching. To address this tension, we devel-
oped a hybrid approach using a fine-tuned LLM as the assessor. The
solution leveraged expert-annotated data to maintain alignment
with human judgment while achieving the scalability needed for
immediate feedback during practice sessions. This work establishes
a foundation for the future exploration of more advanced training
paradigms for assessor LLMs. For instance, leveraging the iterative
human-machine interaction inherent in coaching, future systems
could employ active learning [62] or reinforcement learning from
human feedback (RLHF, [6]) to continuously refine the assessor
based on challenging cases and user feedback.

6.3.2 System Design of Multiple Agents. Our three-agent architec-
ture was designed to implement a complete coaching cycle encom-
passing demonstration, practice, and feedback. For the assessment
module, we employed a data augmentation approach aimed to ex-
pose the assessor to a broader range of response qualities, better
preparing it to evaluate the varied responses produced by human
learners. This multi-agent design, evaluated through both expert
evaluation in Section 3.2 and user study in Section 5, provides a
starting point for exploring richer paradigms of LLM collaboration
in coaching. For instance, Qian et al. [55] adopted a hierarchical
design on LLM collaboration to finalize tasks. With the increasing
number of agents and context length, context engineering [51]
paves the way for more adaptive and flexible multi-agent collab-
oration. For example, the amount and extent of the information
exchanged among agents could be curated based on the user re-
sponses and scenarios [4].

6.3.3 Generalizability. In this initial system design, we prioritized
establishing a clear foundation for emotional support training by
focusing on general principles rather than incorporating specific
relationship contexts or personality factors. This approach allowed
us to investigate core learning mechanisms under controlled con-
ditions. These simplifications in turn provide a scalable training
foundation that can be extended with more complex interpersonal
dynamics in future work. Moreover, this LLM-based system has the
potential to be used in the coaching of other interpersonal skills.
As pointed out in Shaikh et al. [63], humans can learn to resolve
interpersonal conflict via an LLM-driven simulation system with
feedback, which is consistent with our findings in emotional sup-
port. Therefore, our framework presents a promising approach that
could be adapted for training other interpersonal competencies,
such as the development of dialogic leadership [66] and qualitative
interviewing [77].

6.4 Ethical Considerations
We describe our procedures for research ethics management, in-
cluding research ethics review, participant selection and consent,
and risk control, in Appendix A. Beyond these standard compliance
measures, we considered broader ethical implications in deploying
AI for emotional coaching during our system design.

A concern with LLM-based coaching is the potential for misuse.
Specifically, users might use the system to automate superficial hu-
man connection without genuine empathy, or become over-reliant
on AI assistance. Therefore, we positioned ESR-Coach as a learning
scaffold rather than a communication substitute. Our system design
prioritizes active cognitive engagement over passive consumption,
requiring users to formulate their own responses and reflect on
AI feedback. Moving forward, it is crucial to investigate how to
maintain this balance in long-term usage, ensuring that users ap-
ply these skills in their own authentic voices rather than merely
mimicking AI patterns.

Deploying generative models in mental health contexts carries
the risk of generating emotionally inappropriate cases or feedback.
We mitigated this risk not only through the strict filtering and
expert review described in our Ethics Statement but also by ground-
ing the AI’s behavior in established psychological frameworks. By
incorporating Hill’s Helping Skills Theory [33] into the system
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prompts, we imposed a theoretical soft guardrail that aligns LLM
output with standards of professional support. While this theoreti-
cal grounding serves as an effective baseline for safety, real-world
complexity demands more dynamic safeguards. Future systems
should evolve to incorporate continuous expert verification for
high-stake emotional scenarios, ensuring that AI-mediated support
remains reliable at scale.

6.5 Limitations and Future Work
We summarize several limitations that point to valuable future di-
rections. The sample size of our user study, while comparable to
related work [35, 44, 74] in this emerging domain, remains relatively
small, which limits the statistical significance of our between-group
comparisons. Future research with larger and more diverse partic-
ipant pools would help validate and extend our results. Similarly,
while we expanded the initial dataset through LLM generation, the
seed data remained limited. Future work could incorporate broader
and more varied sources of emotional scenarios to enhance model
robustness.

The coaching paradigm we implemented, while effective for
improving users’ responses, constitutes a simplified version of real-
world emotional support. ESR-Coach currently operates through
single-turn exchanges and does not incorporate personal relation-
ships or individual personalities. Extending this framework to sup-
port multi-turn conversations and contextual factors would create
more realistic practice environments [35, 85]. This could involve de-
veloping LLM agents that simulate consistent help-seeker personas
across extended conversations.

Regarding the evaluation and supervision, our study employed
a sequential coaching design to track individual improvement. To
build upon this, future work could incorporate a control group that
practices without ESR-Coach to attribute the observed gains to
ESR-Coach’s coaching and to rigorously quantify the improvement
beyond practice effects. Additionally, our evaluation relies on the
“LLM-as-a-judge” paradigm [87], which has inherent limitations,
such as exhibiting a preference for longer responses, showing a
propensity for lenient scoring, and generating feedback with a
somewhat uniform style [19, 28]. To narrow this gap, we fine-tuned
our assessor on expert-annotated data to better align its judgments
with human preferences. In the future, exploring a hybrid system
that combines LLM workers with human expert supervision could
better capture the subtlety of empathetic communication.

7 Conclusion
We developed an LLM-based coaching system that effectively trains
individuals in providing supportive responses to others. Our frame-
work includes a training case generator LLM, a reference response
demonstrator LLM, and an assessor LLM that provides feedback
to trainees. Through expert evaluation, we found that LLMs could
generate highly realistic training materials and helpful responses.
Fine-tuned on our extended dataset, the assessor LLM becomes
capable of providing reliable feedback. A user study suggested that
trainees could improve their supportive responses by interacting
with ESR-Coach.

8 GenAI Usage Disclosure
We used ChatGPT and DeepSeek for the purpose of correcting
grammar, enhancing expressions, and assisting programming. In
our research, we employed generative AI to provide assistance
(i.e., practice cases, reference responses, and feedback) to users
in learning to deliver emotional support responses, which is our
central focus. Additionally, we used LLMs for data augmentation,
in order to enhance the LLMs’ performance for a fair and valid
assessment of user responses. However, it is crucial to clarify that:
(1) The method and experiment were designed by us independently.
(2) All experimental datasets were derived from empirical results.
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A Ethics Statement
IRB Approval. This research was ethically reviewed and approved
by the Institutional Review Board (IRB) of our organization.
Research Target. This study presented a system to train lay peo-
ple’s communication skills. In particular, the proposed system uses
LLMs to coach people in providing supportive responses to oth-
ers around them who express negative thoughts. Our system was
not targeted for professional or psychological counselors, and this
study did not evaluate any clinical outcomes.
Participants. All participants were aged 18 above and provided
informed consent, regarding the study purpose, risks, and data
collection. Before the study began, we informed all potential partic-
ipants that people 1) with mental health issues or 2) who have a
traumatic experience that may cause severe distress when recalled
would not be allowed to participate. Furthermore, we requested the
experts to provide their results from amental health self-assessment
test. As our objective is not to train professional counselors, we
do not require trainees to possess prior psychological knowledge.
Nevertheless, there may be disparities in the trainees’ initial conver-
sational skills. Therefore, we mandate that trainees learn from the
provided response techniques before commencing their experience
with our system to mitigate these initial discrepancies. In return
for their work, all participants were paid a reasonable amount of
money.
Data Collection and Usage. No private information was collected
and all data were manually filtered to ensure anonymity of people
and locations. All data and software developed in this undertaking
were utilized solely for research purposes.
Risk Control.We first required the psychology experts to report
risky cases during their annotation process. Before the user study,
all cases were manually checked, and those that potentially posed
risks were removed. We set filters on mental health issues on the
crowdsourcing platform and invited only those users who declared
to have no mental health issues and be under no risk. Nonetheless,
AI dynamically generated content may make participants uncom-
fortable in some specific conditions. Therefore, on one hand, we
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Count Avg. # Words

Case

Real 300 27.63
Generated 300 31.33
Total 600 29.49

Response

GPT-3.5 300 31.73
GPT-4 300 31.24
Total 600 31.49

Feedback

Comments ∈ D 600 80.40
Suggestions ∈ D 42.81
Comments ∈ D𝑎 600 59.08
Suggestions ∈ D𝑎 56.66

Table 8: Statistics of training materials, including cases (in-
put), responses (output) and feedback.

Strategy Count

Question 215
Restatement or Paraphrasing 175
Reflecting Feelings 416
Self-disclosure 26
Affirmation and Reassurance 461
Providing Suggestions 253
Giving Information 85
Perspective Shifting 308

Table 9: Statistics of each strategy.

added response strategies based on Hill’s Helping Theory [33] to
the prompts for LLMs as guidance. On the other hand, we informed
the participants that they have the right to terminate the study at
any time without incurring any negative consequences. This risk
assessment and control have been incorporated into our IRB review
and approval and provided in the informed consent form for the
participants. No risks were reported during the entire experiment.

B Data Statistics
Table 8 lists the statistical information of expert-annotated data.
It shows that LLM-generated cases are, on average, a little longer
than real cases. The responses of GPT-3.5 and GPT-4 are of roughly
the same considerable length. The LLM-generated comments and
suggestions are longer than cases and responses. Considering the
workload of experts, we did not require them to do a fine-grained
annotation to label what strategy was used in each sentence of
responses. Thus, we list the total number of occurrences of each
strategy in all responses. In Table 9, we observe that the most
commonly-used strategy is “Affirmation and Reassurance”, which
acknowledges the help-seeker’s strengths, motivations and abilities.
In contrast, the strategy “Self-disclosure” is used least, because
LLMs have no actual experience as humans.

C Prompts for LLMs
This study involved prompting LLMs to generate cases, responses,
evaluations and so on. Our prompts followed a structured pattern,
including backgrounds, instructions, constraints and input. Figures
8–12 list all prompts.

For case generation, an LLM is first prompted to generate 30
roles in the real world, such as students, teachers, parents. Then, for
each role, we repeatedly prompt the LLM to generate a total of 10
corresponding cases. For other generation tasks, we have provided
the table of strategies (Table 1) as references for generating theory-
grounded responses or feedback.

D Implementation Details
We utilized GPT-3.5-turbo-0125 and GPT-4o-2024-05-132 in our
study. We used the default temperature setting and empirically set
top_p to 0.4 in all cases, ensuring the stability of the LLMs’ output
while retaining diversity. We used GPT-3.5-turbo-0125 as the case
generator and the response demonstrator in SR-Coach. For fine-
tuning the assessor LLM, we adopted the full fine-tune strategy,
using Llama-3.1-8B-Instruct as the backbone. We used 4 × A6000
GPUs for fine-tuning, with a batch size of 8 samples per GPU. To
mitigate the GPU memory consumption, we utilized ZeRO stage
3 [56] and allowed offloading some memory to the CPU. The fine-
tuning epoch was 5 and the initial learning rate was 2e-5 with a
0.1 warmup ratio. We chose the last checkpoint as the well-trained
assessor for the evaluation and use in the human coaching process.
All automated experiments with LLMs were run 5 times, and the
mean and standard deviation are reported. Due to the constraints
of labor costs, LLM experiments involving manual annotation such
as manual evaluation of LLM responses, example generation, and
response assessment were run once with a fixed seed (42). To avoid
the preference problem that arises between identical models [43],
we chose Qwen1.5-7B-Instruct to generate augmented training
data 𝐷𝑎 and Mistral-7B-Instruct-v0.1 to generate the evaluation set
𝐷∗
𝑎 , both less proficient than GPT-3.5-turbo and GPT-4 in various

benchmarks [31, 43, 87]. We utilized vllm3 to accelerate the LLM
inference.

E Expert Annotation Interface
We used Label Studio4 to collect the annotations from experts.
The GUI for expert annotations is presented in Figure 13. The
experts assessed and labelled the data in the form of questionnaires,
illustrated in Table 10.

F Guideline and Consent Form of User Study
We provided a guideline and consent for each participant on the
front page of our system, presented as plain text in Table 11.

2https://platform.openai.com/docs/models
3https://docs.vllm.ai
4https://labelstud.io
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Prompt for Case Generation
You are an assistant with empathy.
Instructions:
Please generate 10 cases including a situation that {group_name} may face and corresponding negative thoughts that might arise (due to cognitive
traps) in the situation.
Constraints:
1. In the first person (for example, I...).
2. Keep the JSON format with keys "group", "situation", "negative_thoughts."

Figure 8: Prompt for generating cases with situations and negative thoughts for the construction of data.

Prompt for Response Demonstrator
You are an assistant with empathy. Given someone who faced a situation and had a negative thought, please provide a supportive response. Below are
some response strategies that may be helpful: {table_of_strategies}
Instructions:
1. Choose one or multiple strategies from the provided list to address negativity.
2. Explain the selected strategies and why they are beneficial.
3. Craft a brief, supportive response based on these strategies.
Constraints:
1. Consider a suggested reframed thought, but feel free to innovate.
2. Mimic an empathetic companion’s tone in your response.
3. Format your output as JSON with keys "strategy_type", "strategy_description", and "response."
Input:
{situation_and_thought}

Figure 9: Prompt for generating supportive responses to negative thoughts.

Prompt for Assessor
You are an assistant with empathy. Given a context (including both a situation and a thought) and a supportive response, you should generate an
evaluation and provide suggestions for improvement.
You should assess the response using the following 1-5 Likert scale:
[1] Not at all helpful
[2] Slightly helpful
[3] Neutral
[4] Somewhat helpful
[5] Very helpful
Instructions:
1. Offer the evaluation and output the score.
2. Provide suggestions for improving the response, with fewer suggestions for higher scores (responses with a 5 rating may not need to be revised).
Constraints:
Output must be in JSON format, with keys "comment", "score", and "suggestion."
Input:
{case_and_response}

Figure 10: Prompt for assessing supportive responses and providing feedback.
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Prompt for Comment and Suggestion Generation
You are an assistant with empathy. Given a provided context (including both a situation and a thought), a supportive response, and a score assigned by
psychological experts, generate a rationale for the score and provide suggestions for improvement.
Psychological experts assess the response using the following 1-5 Likert scale:
[1] Not at all helpful
[2] Slightly helpful
[3] Neutral
[4] Somewhat helpful
[5] Very helpful
Below are some response strategies for supportive responses that may be helpful:
{table_of_strategies}
Instructions:
1. Offer a rationale for the assigned score, don’t mention the score.
2. Provide suggestions for improving the response, with less suggestions for higher scores (responses with 5 rating may not need to be revised).
Constraints:
Output must be in JSON format, with keys "comment" and "suggestion."
Input:
{case_response_and_score}

Figure 11: Prompt for generating comments and suggestions based on expert scores.

Prompt for Dynamic Case Generator
You are an assistant with empathy. Given a context, a response, and a feedback from the psychological expert, you should generate a new training case
that includes a new real-world situation and a thought that a help-seeker may have had.
Below are some response strategies that may be helpful:
{table_of_strategies}
Instructions:
1. Generate a real-world situation that a help-seeker faced.
2. Generate a corresponding negative thought that the help-seeker had.
Constraints:
1. In the first person (for example, I...).
2. Format your output as JSON with keys "situation", "thought."
Input:
{case_response_and_feedback}

Figure 12: Prompt for dynamically generating new training cases based on feedback.

1174



ESR-Coach IUI ’26, March 23–26, 2026, Paphos, Cyprus

Figure 13: GUI for expert annotation.
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Introduction
Here is a situation, a corresponding thought as well as a reference response. Please first assess the fidelity of situation and thought. Then,
please score the response considering the helpfulness. Finally, if you think there should be modification in the response, you can modify
the response and then submit it.
Case
Situation: I am trying to help a friend with a personal issue but they are not being receptive to my advice.
Thought: My friend doesn’t value my opinion and support, which makes me feel unappreciated.
Response
I hear your concerns and understand why you might feel unappreciated. However, have you considered that your friend might be going
through a tough time and is struggling to accept help? It’s not necessarily a reflection of the value they see in your support. It’s possible
that they highly value your support, but they just need some time to process their own feelings.
Please answer the following questions:
1. How much fidelity do you believe this case (including Situation and Thought) has to the real world?
[1] Very Low
[2] Somewhat Low
[3] Neutral
[4] Somewhat High
[5] Very High
2. How helpful do you think this response would be in overcoming and reframing the negative thought?
[1] Not at all helpful
[2] Slightly helpful
[3] Neutral
[4] Somewhat helpful
[5] Very helpful
3. Do you think there should be any modifications to the reference response? If so, please make modifications or even rewrite it completely
and then submit the final response:

________________________________________________________
4. Select the strategies that match the final response:
[ ] Question
[ ] Restatement or Paraphrasing
[ ] Reflecting Feelings
[ ] Self-disclosure
[ ] Affirmation and Reassurance
[ ] Providing Suggestions
[ ] Giving Information
[ ] Perspective Shifting

Table 10: An example of questionnaire for experts.
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[IMPORTANT] Before you start experiencing our system, please read the consent form and guideline below.

Purpose
This study aims to investigate whether large language models can help train humans to provide supportive responses toward others’
negative thoughts.
Procedures
In this study, assuming others have some situations and negative thoughts, you are assigned to write appropriate supportive responses to
verbally support them. There are 35 samples in total. Among these samples, 20 samples have AI-generated responses for reference. You
can consider them. Then you can write on your own, or you can revise or directly submit the generated response. You should learn from
the reference and make appropriate adjustments to your ideas, rather than just submitting them for reference. 15 samples are without
references at the beginning, mid-term, and end, so you should write on your own in these cases. Note that you should provide complete
sentences, not short phrases.
Participant Requirements
1. Each participant must be 18 years and older.
2. Each participant must be familiar with English.
3. Each participant must not have a history of and must be currently free of mental illness.
4. If you have had a traumatic experience that may cause severe distress when recalled, you are not allowed to participate.
5. Ideally, each participant hopes to gain from the experience an increased ability to cope with negativity from friends or family members.
This is not mandatory, but if you are not interested, we do not recommend that you participate in this experiment.
Benefits
Participants may learn some communication skills for helping others by giving supportive responses. The publication of this research can
benefit the research community.
Compensation
You will receive 9 GBP for the whole experience. The entire process may take you approximately 1 hour.
Risks
There is negativity in the data. Althoughwe havemanually filtered potentially harmful information, negativity can bemildly psychologically
taxing for you.
Rights
Your participation is voluntary and can be freely stopped at any point by you.
Confidentiality Assurance
This study will not collect any private information of you.
Consent Confirmation
You must carefully check the following statements, which indicate your consent:
1. I confirm I am over 18 years old.
2. I confirm I don’t and haven’t had mental illness or a traumatic experience that may cause severe distress when recalled.
3. I have read and understood this consent form.
4. I agree to participate in this study.
As an online system, we collect your consent through your registration. Our registration system requires you to enter your Prolific ID for
your credentials. If you sign up for an account and confirm the information with our system, that indicates your informed consent.

How to respond?
Providing appropriate responses can be challenging. Here we provide several useful strategies to respond to others’ negativity for your
reference. You can use one or several strategies in your response. Before experiencing our system, please read these strategies below. You
should read them anytime if you feel unsure how to respond.
{Table of Response Strategies}
How to use the system?
You will see the log-in window at first. You should enter your Prolific ID into both Username and Password to register and sign in. Make
sure you enter the correct ID. Then, you will enter the system and should click on “Case xx” on the sidebar to begin. At the beginning, the
mid-term and the end of this training, you will not receive reference responses and feedback. This means you will need to complete your
response independently. Please respond carefully.

Table 11: Consent form and guideline for participants.
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