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Abstract

The increasing demand for mental health ser-
vices has led to the rise of Al-driven men-
tal health chatbots, though challenges related
to privacy, data collection, and expertise per-
sist. Motivational Interviewing (MI) is gain-
ing attention as a theoretical basis for boost-
ing expertise in the development of these chat-
bots. However, existing datasets are showing
limitations for training chatbots, leading to a
substantial demand for publicly available re-
sources in the field of MI and psychotherapy.
These challenges are even more pronounced
in non-English languages, where they receive
less attention. In this paper, we propose a novel
framework that simulates MI sessions enriched
with the expertise of professional therapists. We
train an MI forecaster model that mimics the
behavioral choices of professional therapists
and employ Large Language Models (LLMs)
to generate utterances through prompt engineer-
ing. Then, we present KMI, the first synthetic
dataset theoretically grounded in MI, contain-
ing 1,000 high-quality Korean Motivational
Interviewing dialogues. Through an extensive
expert evaluation of the generated dataset and
the dialogue model trained on it, we demon-
strate the quality, expertise, and practicality of
KMI. We also introduce novel metrics derived
from MI theory in order to evaluate dialogues
from the perspective of MI.

1 Introduction

In modern society, the issue of mental health is
emerging as a critical problem, with an increasing
demand for mental health services. This has led
to a shortage of mental health workers available
to meet the growing demand (Butryn et al., 2017).
Thus, there has been considerable expansion in the
investigation of Al-driven chatbots providing men-
tal health assistance (Inkster et al., 2018; Mousavi

“Equal contribution.
Corresponding author.

DS 384 [ it YAoflA EHOIFE A
OH=| = O30l 2 AX 2 ot lof.
(The failure of my college entrance exams when | was
a senior in high school left a big scar on my heart.)

02 ol8H XA AT Aol chzt
S21g0] 428 2H540l AELICE, @ ® @
(You might have started to undervalue yourself
or developed a fear of failure since then.)

Mm-hmm. Okay. Well--, Could you tell me ® @ ®

Non-English Basedon _ Not
Resource? MI Theory? Transcript?

Resources

exactly what happened? and —
[Open Question]

2 AP|2l FEo| XIFef LERHH ol
OtFlE 2 P& 0|X2 UAZK.
(The experience of that time still
has a big impact on you now.)
[Complex Reflection]

Ours

Figure 1: Comparison between KMI and existing re-
sources. KMI is the only dataset that is a non-English
resource, based on MI theory, and not derived from tran-
scripts. Other datasets fall short in some of these aspects,
limiting their suitability for chatbot applications.

et al., 2021). However, there are many challenges
in training such chatbots. It suffers from privacy
issues, requires a considerable amount of cost and
time for collecting data, and crucially, needs ex-
pertise in mental health. Cho et al. (2023) pointed
out that many mental health chatbots are designed
without any underlying theory for psychotherapy,
casting doubt on their utility for mental health sup-
port.

As a theoretical basis for enhancing expertise,
Motivational Interviewing (MI) has been attracting
increasing attention in developing mental health
support chatbots (Park et al., 2019; He et al., 2022;
Brown et al., 2023). Ml is a client-centered counsel-
ing technique to elicit behavior change by helping
clients explore and resolve ambivalence (Miller and
Rollnick, 2002). MI has been an active area of re-
search intersecting the disciplines of psychotherapy
and Natural Language Processing (NLP), due to its
effectiveness and well-structured behavioral coding
systems such as MITI (Motivational Interviewing
Treatment Integrity) (Moyers et al., 2003, 2014).

Few works have proposed MI datasets with anno-
tations from MI behavioral coding systems. Pérez-
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Rosas et al. (2016) developed an MI dataset us-
ing automatic captioning of YouTube and Vimeo
videos. However, the dataset is currently not pub-
licly available due to ethical reasons. Welivita and
Pu (2022) proposed an alternative of scraping data
from online peer support forums. Although these
dialogues are available in abundance, they have
shown significant differences from those collected
from professional counselors in terms of MI, thus
lacking expertise. In line with this problem, Wu
et al. (2023) presented AnnoMI, a dataset of 133 MI
conversations that were professionally transcribed
from MI demonstration videos and further anno-
tated by experienced MI practitioners. Despite its
decent transcription and annotation quality, it sig-
nificantly lacks in quantity due to the limited video
sources and the intensive human labor required.

In short, the mentioned datasets contain limita-
tions to be used for training MI-boosted chatbots,
such as lack of expertise or insufficient quantity.
Also, transcripts often include many onomatopoeic
words and instances of stammering, which are un-
desirable in chatbots. Furthermore, previous works
have predominantly focused on English. While in-
creasing language coverage is crucial in addressing
the challenges of mental health support (Cho et al.,
2023), research on other languages and cultures
has been relatively understudied.

To address these issues, we propose a novel
framework to generate synthetic dialogues that sim-
ulate MI sessions using Large Language Models
(LLMs). We carefully design two agents, the ther-
apist simulator and the client simulator, which al-
ternately take turns to generate utterances based
on few-shot in-context learning. To incorporate the
expertise of professional therapists, we train an MI
forecaster model, which predicts the next-turn ther-
apist behavior. Also, we focus on a non-English
language, Korean in our case!, and ground the di-
alogues in real-world contexts that reflect actual
Korean circumstances. Consequently, we present
KMI, a dataset of 1,000 Korean Motivational
Interviewing dialogues. As illustrated in Figure
1, KMI is the only dataset that overcomes the previ-
ously mentioned limitations of existing resources.
KMI covers a wide range of concerns and anxieties
common among Koreans, while successfully inte-
grating the MI strategy of professional therapists
simultaneously. Each therapist utterance within the

'South Korea is struggling with widespread mental health
problems such as depression and anxiety, highlighted by the
highest suicide rate among OECD countries (OECD, 2023).

dataset is annotated with a therapist behavior la-
bel. To the best of our knowledge, our work is the
first attempt to construct an MI dataset using the
generative capability of LLMs.

We evaluate KMI through a comprehensive eval-
uation process by engaging professional counselors.
We first validate the dataset’s quality from the per-
spective of both MI and general dialogue systems.
Notably, for the MI-driven evaluation, we introduce
novel metrics derived from MI theory to directly
measure how well the conversation complies with
the spirit of MI. Then, we train a dialogue model
using our dataset to assess its utility as a resource
for training a chatbot for mental health support.
Evaluation results demonstrate that our dataset not
only effectively captures the essence of MI, but also
offers practical utility for chatbot development.

Our contributions are as follows.

1. We propose a novel framework that simulates
MI sessions enriched with the expertise of pro-
fessional therapists. This is achieved by train-
ing and leveraging an MI forecaster model that
mimics the behavioral choices of real-world
therapists.

2. We present KMI, the first synthetic dataset
theoretically grounded in MI, which contains
1,000 high-quality Korean MI dialogues. We
publicly release our dataset to address the is-
sue of data shortage in psychotherapy?.

3. Through an extensive expert evaluation of
the generated dataset and the dialogue model
trained on it, we demonstrate the quality, ex-
pertise, and practicality of KMI. We also in-
troduce novel metrics derived from MI theory
in order to evaluate dialogues from the per-
spective of MI.

2 Related Work

Dialogue Generation Using LLMs Recent re-
search has increasingly focused on using LLMs to
generate dialogues for various applications. Kim
et al. (2022) proposed a human-machine collabo-
rative framework to build a large-scale dialogue
dataset for training conversational agents to han-
dle problematic content appropriately. Chen et al.
(2023a) used a small number of expert-written
conversations as in-context examples to create
synthetic multi-party conversations. Chen et al.

Zhttps://github.com/hjkim811/KMI
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Figure 2: The overall framework for generating the KMI dataset. The context data and dialogue history are originally
in Korean but have been translated into English for the figure.

(2023b) proposed LLM prompting methods to gen-
erate mixed-initiative dialogues. Kim et al. (2023)
created a large-scale social dialogue dataset by
distilling conversations from LLMs. Macina et al.
(2023) paired human teachers with an LLM stu-
dent to generate teacher-student tutoring dialogues
grounded in math reasoning problems.

NLP Applications in MI MI was developed as
a technique to assist individuals in resolving am-
bivalence and committing to change (Miller, 1983),
representing an evolution of client-centered therapy.
Along with the advancement in NLP, considerable
research efforts have been underway to apply NLP
techniques in the field of MI. Several studies have
been proposed to automatically classify a given ut-
terance into one of the MI behavioral codes. While
earlier approaches utilize linguistic features (Pérez-
Rosas et al., 2017) and recurrent neural network
architectures (Tanana et al., 2015; Xiao et al., 2016;
Cao et al., 2019; Gibson et al., 2019), recent ap-
proaches make use of pre-trained language models
such as RoBERTa (Liu et al., 2019; Tavabi et al.,
2021; Welivita and Pu, 2023). Some works adopt a
multimodal approach, leveraging additional infor-
mation such as speech features (Tavabi et al., 2020)
or facial features (Nakano et al., 2022).

Welivita and Pu (2023) demonstrated the poten-
tial of LLMs in boosting dialogues using the MI
strategy. They observed that among the MI dataset
curated from online platforms (Welivita and Pu,
2022), 92.86% of the advice given by peers falls
into the Advise without permission category, which

is MI non-adherent. To make the dataset more
MI-consistent, they fine-tuned BlenderBot (Roller
et al., 2021) and GPT-3 (Brown et al., 2020) to
rephrase these responses into more MI-adherent Ad-
vise with permission responses. Although this work
demonstrated the possibility of leveraging LLMs
in MI, the impact of rephrasing remains marginal,
considering that its capability is restricted to re-
vising the manner of speech and has limitations
in modifying the content itself. In our work, we
further exploit the generative ability of LLMs to
generate the entire dataset from scratch.

3 KMI: A Dataset of Korean
Motivational Interviewing Dialogues

This section introduces a novel framework to gen-
erate realistic motivational interviewing dialogues.
The overall framework is illustrated in Figure 2.
First, we collect context data (Section 3.1) that
reflects the actual concerns and anxieties experi-
enced by Koreans. Each context serves as the topic
of each dialogue. Next, we simulate an MI session
(Section 3.2) using a therapist simulator and client
simulator. The resulting KMI dataset is presented
in Section 3.3.

3.1 Collecting Context Data

To construct context data for generating realistic
dialogues, we web-crawl posts from a Korean psy-
chological counseling platform Mindcafe®, which
contain common concerns of Koreans. We collect a

*https://www.mindcafe.co.kr/pc/community
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MI Label Description

Examples

1. Simple Reflection
ous statement.

2. Complex Reflection

3. Open Question
4. Closed Question
very restricted range of answers.
5. Affirm
plimentary.
6. Give Information

advising.
7. Advise Making suggestions, offering solutions or possible actions.
8. Other Statements that are not classified under the above codes.

Repetition, rephrasing, or paraphrasing of the speaker’s previ-

Repeating or rephrasing the previous statement of the speaker
but adding substantial meaning/emphasis to it.

Questions that allow a wide range of possible answers.
Questions that can be answered with a yes/no response or a

Encouraging the speaker by saying something positive or com-

Educating, providing feedback, or giving an opinion without

It sounds like you’re feeling worried.

Speaker: Mostly, I would change for future generations.
Listener: It sounds like you have a strong feeling of re-
sponsibility.

What is your take on that?

Do you think this is an advantage?

You should be proud of yourself for your past efforts.

Logging your cravings is important as cravings often lead
to relapses.

We could try to brainstorm some ideas that might help.
Hi there.

Table 1: MI labels derived from the MITI code. The descriptions and examples of each label are taken from Welivita

and Pu (2022).

total of 7,530 posts from seven categories: mental
health, interpersonal relationships, ego & person-
ality, career & employment, academic & exami-
nation, addiction & obsession, and family. Then,
using GPT-4 API* (Achiam et al., 2023), we score
these posts on a scale from 1 to 3 in terms of the
post’s specificity and its suitability as a topic for an
MI session. Among the 3,098 posts that received a
score of 3, a total of 1,000 posts were sampled with
a predetermined quantity for each category. Details
regarding the collection, filtering, and sampling of
context data can be found in Appendix A.

3.2 Motivational Interviewing

For each context, we simulate an MI session using
an LLM-based therapist simulator (Section 3.2.1)
and client simulator (Section 3.2.2). They alter-
nately take turns to generate utterances. The con-
versation begins with a general open question by
the therapist, such as ‘Hello, what concerns have
brought you here today?’. For both simulators, we
utilize GPT-4 API for high-quality generation.

We define eight labels derived from MITI code
2.0 (Moyers et al., 2003) and 4.2.1 (Moyers et al.,
2014) to categorize therapist behaviors. Table 1
shows the description and example of each label.
Each therapist utterance in the final KMI dataset
is annotated with one of these eight labels, which
helps capture the nuances of therapeutic conversa-
tions and enhances the dataset’s utility for various
NLP applications.

3.2.1 Therapist Simulator

Using MI-consistent techniques and blending them
skillfully helps motivate clients to change (Moy-
ers et al., 2014). Thus, it is crucial to follow the

4gpt—4—®1 25-preview

behavioral choices of professional therapists to gen-
erate high-quality MI dialogues. In this work, this
is achieved by first predicting the next-turn thera-
pist behavior via MI forecaster and decision mod-
ule, and then generating the utterance based on the
predicted behavior by prompting an LLM. If one
could simulate a realistic therapist with expertise,
LLM-based simulation could be a significant break-
through in the field of MI, alleviating the issues of
extensive human workload and privacy concerns.

MI Forecaster MI forecaster aims to predict the
next-turn therapist behavior, which is one of the MI
labels listed in Table 1, given a dialogue history. We
fine-tune T5-base (Raffel et al., 2020) with a con-
verted dataset of AnnoMI (Wu et al., 2023), which
is preprocessed and converted for a forecasting
task. AnnoMI is an expert-annotated MI dialogue
dataset. As the original dataset doesn’t include Af-
firm among its utterance labels, we add Affirm label
to the dataset using the RoOBERTa-based MI clas-
sifier? developed in Welivita and Pu (2023). More
details regarding the preprocessing of AnnoMI can
be found in Appendix B.

Then we construct pairs of input text and out-
put text, where input text is the dialogue history
prefixed with the task instruction (Predict next
therapist’s dialogue act) and output text is
the next-turn therapist behavior label. We explore
various modeling settings to find the model with
the best predictive power: (1) we test history win-
dow sizes from 1 to 8 and (2) try inserting the MI
behavior label of each therapist utterance in the di-
alogue history to provide additional information to
the model. An example of the converted dataset is

>The checkpoints can be found in https://github.com/
anuradhal992/Boosting-with-MI-Strategy.
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Figure 3: Top-3 accuracy of the MI forecaster using 5-
fold cross-validation. The bold line represents the mean
accuracy across folds and the shaded area indicates the
95% confidence interval.

shown in Table 12 of Appendix C. To form the in-
put text, we concatenate the utterances in dialogue
history, each prefixed with a special token indi-
cating the speaker. In the setting where therapist
labels are provided, the annotated label of every
therapist utterance in dialogue history is inserted in
the special token.

Considering the relatively small size of the
dataset, we use 5-fold cross-validation to evalu-
ate each model setting. Statistics of the dataset and
implementation details can be found in Appendix
C. Though the next-turn label from AnnoMI is
used as the ground-truth label, it is not the only
correct choice given the nature of the task; even in
the same situation, different therapists might opt
for different strategies and approaches to deal with
the client depending on their counseling style and
therapeutic philosophy. Therefore, we use top-3 ac-
curacy instead of top-1 accuracy when monitoring
the model performance, assuming that the response
is plausible if the model’s prediction matches the
label in the dataset within three attempts.

The experimental results are illustrated in Fig-
ure 3. We observe that the model performs best
when six utterances are given as dialogue history
and therapist labels are provided, demonstrating
71.26% top-3 accuracy. Also, inserting therapist la-
bels in the dialogue history has improved accuracy
and reduced cross-fold variance, offering benefits
in the forecasting task. To verify the performance of
the MI forecaster, we provide additional baselines
Majority and Random. Majority predicts the three
most frequent labels for top-3 prediction, while
Random predicts labels randomly. Our model sig-
nificantly outperforms these baselines, validating
its effectiveness.

Finally, we train the final MI forecaster model
for the generation process of KMI. Based on the
experimental results, we adopt the optimal setting
previously mentioned and use all available data for
training, as a held-out test set is no longer required
at this stage. In each therapist’s turn, the MI fore-
caster predicts the three most likely MI labels based
on the previously generated dialogue history. Since
the generated utterances that function as input text
are in Korean, we first translate the dialogue his-
tory into English and then concatenate six recent
utterances to form the input text. We utilize Up-
stage SOLAR (Kim et al., 2024) translation API®
for translation.

Decision Module In each therapist’s turn, among
the three labels the MI forecaster predicted, the
decision module decides the final therapist label
to generate. Based on two simple rules, it comple-
ments the MI forecaster from a broader perspective:
(1) The same therapist label cannot appear three
times in a row. (2) Either open or closed, the ther-
apist cannot ask questions three times in a row.
The first rule is devised to keep the dialogue from
being too homogeneous. The second rule is a di-
rect implementation of a clinical guideline that ad-
vises against asking three questions in a row (Miller
and Rollnick, 2002). Such behavior might direct
the client into a passive, question-answering role,
which should be avoided in MI. In the order of
top-1, top-2, and top-3 predictions, the decision
module checks each label against these two rules.
The first prediction that complies with both rules is
determined to be the final therapist’s behavior for
the next turn.

Utterance Generation Once the label is deter-
mined, we generate the therapist’s utterance by
prompting an LLM to generate an utterance based
on the determined label and dialogue history. We
leverage in-context learning for this purpose, pro-
viding the definition and three examples of the
corresponding label. The definition and examples
are excerpted from Korean MI textbooks (Schu-
macher and Madson, 2017; Shin and Cho, 2016;
Shin, 2019), which could be considered among the
most credible sources available. These examples
contain speech patterns and linguistic expressions
actually used by professional Korean counselors.
In all prompts, we specify predefined constraints
to generate consistent and natural utterances. Also,

%solar-1-mini-translate-koen model
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Dialogue Statistics Total  Therapist Client
# Dialogues 1,000 - -
# Turns 18,116 9,558 8,558
Avg. Turns per Dialogue 18.12 9.56 8.56
# Therapist MI Label

Simple Reflection 1,269 (15%)

Complex Reflection 3,055 (36%)
Open Question 2,305 (27%)
Closed Question 109 (1%)
Affirm 914 (11%)
Give Information 87 (1%)
Advise 43 (1%)
Other 779 (9%)

Table 2: Statistics of KMI.

the simulator is instructed to conclude the conver-
sation if the client’s concerns seem to have been
resolved. The prompt for generating a simple re-
flection utterance, which includes instructions, con-
straints, definitions, and examples of simple reflec-
tion, and dialogue history is shown in Table 14 of
Appendix E. Along with the generated utterances,
the corresponding MI labels for each utterance are
included in our dataset as utterance-level annota-
tions.

3.2.2 Client Simulator

We generate client utterances by directly prompt-
ing an LLM. We provide the context and instruct
the LLM to generate responses based on the con-
text and dialogue history. In order to depict the
evolving states of clients throughout the MI ses-
sion, we adopt a simple but effective approach to
instruct the LLM to generate change talk, a client
language that indicates movement toward a partic-
ular change (Miller and Rollnick, 2023), if inter-
action with the counselor inspired a willingness to
change and speaking about change appears suitable
within the dialogue context. As in the therapist sim-
ulator, we provide the definition and four examples
of change talk excerpted from Korean MI textbooks
(Schumacher and Madson, 2017; Shin and Cho,
2016; Shin, 2019) for in-context learning. The four
examples each include one from the four types of
preparatory change talk—desire, ability, reasons,
and need (often abbreviated as DARN) (Miller and
Rollnick, 2023)—encompassing various types of
change talk. Descriptions of each type can be found
in Appendix D. Also, we specify predefined con-
straints in each prompt. The prompt for generating
a client utterance, which includes instructions, con-
straints, definition, and examples of change talk,

How would you feel if you heard those Q
encouraging words? [Open Question] Y

ﬁ Then I'll feel a little bit more appreciated
an for what | do and want to do it more.

boosts you to regain your confidence and

It sounds like your mother’s encouragement Q
push yourself further. [Complex Reflection] H

ﬁ Yes, | think that would really give me
as hope again and | would try harder.

Is there anything you would like to try to make these
changes in your relationship with your mother? Q
[Open Question] >

ﬁ I want to be honest with my mother about how | feel
== and discuss how we can improve our relationship.

It's great that you're willing to have an honest

conversation with your mother and take the first stepf® ¢
towards improving your relationship. [Affirm] o

Figure 4: An example of KMI dataset. The dialogue has
been translated into English for the figure. Examples of
full dialogues are provided in Appendix J.

context, and dialogue history is shown in Table 15
of Appendix E. Based on the proposed framework,
we finally generate KMI, a dataset consisting of
1,000 Korean MI dialogues.

3.3 Statistics

As shown in Table 2, KMI consists of 1,000 long-
turn dialogues, with an average of 18.12 turns per
dialogue. Each utterance by therapists is assigned
one of the MI labels. As detailed in Table 2, Com-
plex Reflection emerges as the most frequent label
within KMI, accounting for 36% of all therapist
utterances, followed by Open Question and Simple
Reflection. Although there are no strict guidelines
for the proportion of MI labels, MITI coding man-
ual (Moyers et al., 2014) provides summary scores
to measure clinicians’ competence in using MI. A
Reflection-to-Question Ratio (R:Q) of 1:1 is con-
sidered ‘fair’, while 2:1 is considered ‘good’. KMI
yields a ratio of 1.8:1, implying that it meets the
standard of professional clinicians. An example
dialogue in KMI is illustrated in Figure 4.

4 Evaluation

We evaluate the quality of the generated dataset
(Section 4.2) and the dialogue model fine-tuned
with it (Section 4.3). We compare our dataset with
CounselGPT’, the only Korean counseling dataset
to date that is created using OpenAl API, and An-
noMI. We translate AnnoMI into Korean using Up-

"https://github.com/MrBananaHuman/CounselGPT

10808


https://github.com/MrBananaHuman/CounselGPT

stage SOLAR (Kim et al., 2024) translation APIS,
in order to evaluate it in the context of Korean.

4.1 Evaluation Criteria

We evaluate the datasets and dialogue models from
two perspectives: MI and general dialogue systems.

MI Quality We aim to measure how closely the
dialogues adhere to the principles of MI. To achieve
this goal, we propose novel metrics derived from
MI theory: (1) Partnership, (2) Acceptance, (3)
Compassion, (4) Evocation, (5) Similarity, and
(6) Effectiveness. (1)~(4) are derived from the fun-
damental spirit of MI (Miller and Rollnick, 2012).
Similarity measures how closely the generated ther-
apist’s utterances resemble those of an actual ther-
apist. Effectiveness measures the overall efficacy
of the MI session. Descriptions of each evaluation
criterion can be found in Appendix F.

General Quality Following previous works
(Wan et al., 2022; Chen et al., 2023a), we use three
evaluation criteria to measure the general quality
of the dialogues: (1) Consistency, (2) Fluency,
and (3) On-topic. Consistency examines whether
the entire dialogue and utterances between turns
are consistent. Fluency assesses the flow of the
dialogue and the naturalness and fluidity of each
utterance. On-topic evaluates whether the dialogue
is relevant to the provided context.

4.2 Evaluation of Dataset

Evaluation Framework We assess the MI qual-
ity and general quality of KMI based on human
evaluation, particularly by experts. We recruited
four Korean psychological counseling experts® ex-
perienced in MI. For evaluation, we randomly sam-
ple 100 dialogues from each of KMI, Counsel-
GPT, and AnnoMI. Sampling details of KMI are
available in Appendix H.1. The experts are then
requested to evaluate the dialogues based on the
criteria defined in Section 4.1, using a Likert scale
ranging from 1 to 5. The median score is calcu-
lated by applying the majority vote approach. The
evaluation form we used is shown in Figure 5 of
Appendix 1.

MI Quality As demonstrated in Table 3, KMI
surpasses Counsel GPT and AnnoMI across all eval-
uation criteria of MI quality. CounselGPT, which

8solar-1-mini-translate-enko model
They are professional counseling psychologists certified
by the Korean Psychological Association.

Dataset KMI  CounselGPT  AnnoMI
MI Quality
Partnership 4.40 2.78 4.03
Acceptance 4.35 2.86 3.99
Compassion 3.81 3.05 3.50
Evocation 4.07 2.88 3.87
Similarity 3.94 2.96 3.72
Effectiveness 3.74 2.66 345
General Quality
Consistency 4.65 3.69 3.82
Fluency 4.22 3.40 2.25
On-Topic 4.17 - -

Table 3: Human evaluation results of MI quality and
general quality for sampled dialogues from KMI, Coun-
selGPT, and AnnoMI. All differences in pairwise com-
parisons between KMI and the other two datasets are
statistically significant at a significance level of 0.01.

is not built on MI theory, shows mostly low scores
across the MI quality criteria. AnnoMI achieves
high scores on the MI quality criteria but shows a
lower similarity score than our dataset. This might
be due to the quality degradation that occurs dur-
ing translation, as a subtle difference in nuance
could be significant in the context of psychother-
apy. Finally, achieving a score of 3.94 in similarity
and 3.74 in effectiveness illustrates that our dataset
qualifies as a valuable psychotherapeutic resource.

General Quality As shown in Table 3, KMI ex-
hibits a high score of 4.65 in consistency and 4.22
in fluency, both of which outperform CounselGPT
and AnnoMI. This indicates that our framework,
tailored to Korean, capably generates high-quality
dialogues. Also, the on-topic score of 4.17 demon-
strates that the dialogues in KMI showcase a strong
alignment with actual Korean situations. As Coun-
selGPT and AnnoMI do not contain context data,
on-topic is not evaluated on these datasets.

MI Label Accuracy In addition to the qualitative
evaluation, we measure the accuracy of MI labels in
the dataset to validate its reliability. We randomly
sample 30 utterances for each MI label from KMI,
resulting in a total of 210 utterances'®. Sampling
details are available in Appendix H.2. We then
ask the experts to assess whether each utterance
matches its assigned label, using True/False eval-
uation. Results in Table 4 demonstrate that most of
the utterances are consistent with their label, with
an average accuracy of 96.0%.

Y0ther is excluded.
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MI Label Accuracy (%) Dialogue Model KMI CounselGPT AnnoMI
Simple Reflection 96.7 MI Quality
Complex Reflection 96.7 I{; artnership :gi %2; ;%Z
0 t 100.0 cceptance . . .
pen Ques ton Compassion 3.29 231 2.44
Closed Question 95.0 .
Evocation 3.70 2.92 2.73
Affirm . 96.7 Similarity 3.18 2.60 2.46
Give Information 90.0 Effectiveness 3.00 2.10 2.28
Advi 96.7
vise General Quality
Average 96.0 Consistency 4.30 3.70 3.40
Fluency 3.55 2.70 2.50

Table 4: Accuracy of the correspondence between utter-
ances and MI labels.

4.3 Evaluation of Dialogue Model

Training Dialogue Models We assess dialogue
models fine-tuned with these datasets to verify the
utility of KMI as a training dataset for chatbots.
We fine-tune komt-1lama2-7b-v1!!, an LLaMA
2-7B (Touvron et al., 2023) model further tuned
with Korean multi-task instruction tuning, using
each of KMI, CounselGPT, and translated AnnoMI.
Fine-tuning details are stated in Appendix G.

Evaluation Framework We recruited four na-
tive Korean crowdworkers to participate in conver-
sations with the dialogue models. Given context
data, they are asked to interactively converse with
the model as if they were the writer of the given
context. They engage in 30 conversations with each
dialogue model, using an identical set of 30 con-
texts for each model. Among the collected data,
context data not previously used for data genera-
tion is used in this step. The completed dialogues
are then evaluated by experts'? based on the afore-
mentioned criteria, using a 5-point Likert scale.

MI Quality Results in Table 5 show that the
dialogue model fine-tuned on KMI outperforms
other models across all MI quality criteria by a
substantial margin. This highlights the value of
KMI for building mental health chatbots, espe-
cially those specialized in MI. We speculate that
the relatively low scores for similarity and effective-
ness are related to the capability of the base model,
komt-1lama2-7b-v1, since it might be challeng-
ing for a 7B-sized model to proficiently role-play a
professional therapist or lead an effective MI ses-
sion from a professional perspective. The scores
of CounselGPT and AnnoMI are mostly below 3,

Hhttps://github.com/davidkim205/komt
"2The same experts as in Section 4.2.

Table 5: Human evaluation results of MI quality and
general quality for dialogue models fine-tuned using
KMI, CounselGPT, and AnnoMI. All differences in
pairwise comparisons between KMI and the other two
datasets are statistically significant at a significance level
of 0.01.

implying limitations in their suitability for training
MI chatbots.

As shown in dialogue examples from each model
in Appendix K, the model fine-tuned with KMI gen-
erates utterances that comply with the principles of
MLI. In contrast, models fine-tuned with Counsel-
GPT and AnnoMI lack the features of MI and tend
to produce excessively lengthy utterances.

General Quality Results in Table 5 also show
that the dialogue model fine-tuned on KMI demon-
strates better consistency and fluency than other
models. AnnoMI displays the lowest scores in these
metrics, indicating the limitations of using a tran-
scribed dataset for chatbot development. On-topic
is not evaluated in dialogue models because it’s the
user’s role to raise and discuss content related to
the context data, not the model’s.

5 Discussion and Conclusion

In this paper, we introduced a novel framework to
generate synthetic motivational interviewing dia-
logues, along with KMI, the resulting dataset of
1,000 Korean MI dialogues. Through comprehen-
sive evaluations, we demonstrated its quality and
utility for chatbot development. For meaningful
evaluation, we also proposed novel metrics derived
from MI theory.

Our dataset has three main applications. First, it
could be used for developing mental health chat-
bots grounded in MI theory. We trained a Korean
chatbot in this paper, where expert evaluation re-
sults and usage examples (see Table 22) show that
our dataset is capable of building effective chatbots.
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Second, it could function as a labeled dataset of
(Utterance, MI label) pairs for classification
and forecasting tasks. MI label accuracy of 96.0%
demonstrates the reliability of the labels. Third, it
could serve as a reference for M1 practitioners. Full
dialogues of therapy sessions are usually private,
while MI textbooks provide only segments of di-
alogues. Despite being synthetic, KMI can offer
high-quality, full dialogues covering diverse topics.
In addition, our generation method is potentially
generalizable to other languages. Korean-specific
resources required in our framework are: (1) con-
text data, (2) 3~4 high-quality examples for each
MI label for few-shot prompting, and (3) a Korean-
to-English translation model. If these resources are
available, our framework could be further used to
boost non-English resources for psychotherapy.

Limitations

Error Analysis While our framework generally
performs well, we found some cases where the
dialogue doesn’t sufficiently reflect the contents
and details of the context data. These cases are
discussed below:

(1) When the client simulator generates an ut-
terance, it considers both the context and dialogue
history. The ideal scenario is when it responds to
the therapist while incorporating the details of the
context at the same time, but sometimes the coun-
selor might lead the conversation in a direction
that doesn’t align with the context data. In such
cases, the client simulator primarily focuses on
responding to the therapist’s last utterance, poten-
tially resulting in somewhat shallow or meandering
dialogues that don’t contain the details of the con-
text data.

(2) As the context data is collected from an on-
line counseling platform, some of it contains ex-
treme or violent content. We found that GPT-4 au-
tomatically filters such content when generating
utterances, removing problematic elements from
the final KMI dataset. Dialogues generated based
on such context might be less specific and realistic.

MI Forecaster Trained on English Dataset As
there were no public Korean MI resources available
prior to our work, we used AnnoMI, an English MI
dialogue dataset, to train the MI forecaster. An-
noMI consists entirely of English dialogues, most
of which are based on Western cultures. Thus, the
predictions made by the MI forecaster might be
biased toward the practices of therapists from these

cultural backgrounds. However, we suppose that
the core principles of MI such as partnership, accep-
tance, compassion, and evocation remain universal
regardless of the language and culture. It is known
that MI is well-suited to working with different lan-
guages and culturally diverse populations (Miller
and Rollnick, 2023). Also, McMaster and Griva
(2015) discovered that over 50 groups of health pro-
fessionals across North America, Europe, Africa,
and Asia generated remarkably similar responses
when asked what they would consider good prac-
tice and bad practice in their own settings. This
indicates that good MI practice would still remain
good MI practice in different cultures, supporting
the validity of our approach.

Effect of Translation Two kinds of translations
are involved in our research. First, in the genera-
tion process of KMI, we translate the generated
dialogue history into English to use it as the input
for the MI forecaster. Second, we translate AnnoMI
into Korean during the evaluation phase'3. In both
cases, we utilized Upstage SOLAR (Kim et al.,
2024), one of the most recent translation models, to
preserve the meaning of sentences, but some degra-
dation is inevitable. We consider the latter more
critical since slight variations in nuance or expres-
sion can have a substantial impact in the context of
psychotherapy, possibly resulting in lower scores
for AnnoMI. We believe the effect of translation
is more trivial in the former case, as the MI fore-
caster considers the overall content and flow of the
dialogue history to make predictions, rather than
focusing on detailed expressions.

Ethics Statement

Dataset Curation In the Korean psychologi-
cal counseling platform Mindcafe, individuals are
anonymous and they recognize that their writing is
archived on the site unless they delete it. We col-
lected only publicly available data and there was
no interaction with the Mindcafe users.

Human Evaluation For human evaluation, we
recruited four professional counselors. They were
compensated with 50,000 won per hour. For the
evaluation of dialogue models, we also recruited
four crowdworkers. They were compensated with
10,000 won per hour, which is higher than the Ko-
rean minimum wage at the time they worked.
BSince KMI is the first Korean dataset grounded in MI,

we had to choose an MI dataset from a different language for
comparison.
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Mental Health Support Chatbots The KMI
dataset was designed to facilitate the advancement
of chatbots that adhere to MI principles, particu-
larly for mental health support. However, despite
the promising capabilities of recent AI models, Al-
driven chatbots may still pose risks. The unpre-
dictability of generative models can lead to unin-
tended consequences, especially in sensitive con-
versations involving emotional distress. Therefore,
any deployment of chatbots trained on KMI should
be approached with caution, and human supervi-
sion is essential to ensure that the responses are
appropriate.

Acknowledgments

This work was supported by the BK21 FOUR Pro-
gram (Education and Research Center for Indus-
trial Innovation Analytics) funded by the Ministry
of Education, Korea (No. 4120240214912) and
the National Research Foundation of Korea (NRF)
grant funded by the Korea government (MSIT)
(No. 2021R1A2C2093785, RS-2024-00333484,
RS-2024-00414981).

References

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama
Ahmad, Ilge Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman,
Shyamal Anadkat, et al. 2023. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774.

Andrew Brown, Ash Tanuj Kumar, Osnat Melamed,
Imtihan Ahmed, Yu Hao Wang, Arnaud Deza, Marc
Morcos, Leon Zhu, Marta Maslej, Nadia Minian, et al.
2023. A motivational interviewing chatbot with gen-
erative reflections for increasing readiness to quit
smoking: Iterative development study. JMIR Mental
Health, 10:e49132.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot
learners. Advances in neural information processing
systems, 33:1877-1901.

Tracy Butryn, Leah Bryant, Christine Marchionni, and
Farhad Sholevar. 2017. The shortage of psychiatrists
and other mental health providers: causes, current
state, and potential solutions. International Journal
of Academic Medicine, 3(1):5-9.

Jie Cao, Michael Tanana, Zac Imel, Eric Poitras, David
Atkins, and Vivek Srikumar. 2019. Observing dia-
logue in therapy: Categorizing and forecasting be-
havioral codes. In Proceedings of the 57th Annual
Meeting of the Association for Computational Lin-
guistics, pages 5599-5611.

Maximillian Chen, Alexandros Papangelis, Chenyang
Tao, Seokhwan Kim, Andy Rosenbaum, Yang Liu,
Zhou Yu, and Dilek Hakkani-Tur. 2023a. Places:
Prompting language models for social conversation
synthesis. In Findings of the Association for Compu-
tational Linguistics: EACL 2023, pages 844-868.

Maximillian Chen, Xiao Yu, Weiyan Shi, Urvi Awasthi,
and Zhou Yu. 2023b. Controllable mixed-initiative
dialogue generation through prompting. In Proceed-
ings of the 61st Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short Papers),
pages 951-966.

Young Min Cho, Sunny Rai, Lyle Ungar, Jodo Sedoc,
and Sharath Guntuku. 2023. An integrative survey
on mental health conversational agents to bridge com-
puter science and medical perspectives. In Proceed-
ings of the 2023 Conference on Empirical Methods in
Natural Language Processing, pages 11346—11369.

James Gibson, David C Atkins, Torrey A Creed, Zac
Imel, Panayiotis Georgiou, and Shrikanth Narayanan.
2019. Multi-label multi-task deep learning for be-
havioral coding. IEEE Transactions on Affective
Computing, 13(1):508-518.

Linwei He, Erkan Basar, Reinout W Wiers, Marjolijn L
Antheunis, and Emiel Krahmer. 2022. Can chatbots
help to motivate smoking cessation? a study on the
effectiveness of motivational interviewing on engage-
ment and therapeutic alliance. BMC Public Health,
22(1):726.

Becky Inkster, Shubhankar Sarda, Vinod Subramanian,
et al. 2018. An empathy-driven, conversational artifi-
cial intelligence agent (wysa) for digital mental well-
being: real-world data evaluation mixed-methods
study. JMIR mHealth and uHealth, 6(11):e12106.

Hyunwoo Kim, Jack Hessel, Liwei Jiang, Peter West,
Ximing Lu, Youngjae Yu, Pei Zhou, Ronan Bras,
Malihe Alikhani, Gunhee Kim, et al. 2023. Soda:
Million-scale dialogue distillation with social com-
monsense contextualization. In Proceedings of the
2023 Conference on Empirical Methods in Natural
Language Processing, pages 12930-12949.

Hyunwoo Kim, Youngjae Yu, Liwei Jiang, Ximing
Lu, Daniel Khashabi, Gunhee Kim, Yejin Choi, and
Maarten Sap. 2022. Prosocialdialog: A prosocial
backbone for conversational agents. In Proceedings
of the 2022 Conference on Empirical Methods in
Natural Language Processing, pages 4005-4029.

Sanghoon Kim, Dahyun Kim, Chanjun Park, Wonsung
Lee, Wonho Song, Yunsu Kim, Hyeonwoo Kim,
Yungi Kim, Hyeonju Lee, Jihoo Kim, Changbae Ahn,
Seonghoon Yang, Sukyung Lee, Hyunbyung Park,
Gyoungjin Gim, Mikyoung Cha, Hwalsuk Lee, and
Sunghun Kim. 2024. SOLAR 10.7B: Scaling large
language models with simple yet effective depth up-
scaling. In Proceedings of the 2024 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies (Volume 6: Industry Track), pages 23-35,

10812


https://doi.org/10.18653/v1/2024.naacl-industry.3
https://doi.org/10.18653/v1/2024.naacl-industry.3
https://doi.org/10.18653/v1/2024.naacl-industry.3

Mexico City, Mexico. Association for Computational
Linguistics.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Man-
dar Joshi, Dangi Chen, Omer Levy, Mike Lewis,
Luke Zettlemoyer, and Veselin Stoyanov. 2019.
Roberta: A robustly optimized bert pretraining ap-
proach. arXiv preprint arXiv:1907.11692.

Ilya Loshchilov and Frank Hutter. 2017. Decou-
pled weight decay regularization. arXiv preprint
arXiv:1711.05101.

Jakub Macina, Nico Daheim, Sankalan Chowdhury, Tan-
may Sinha, Manu Kapur, Iryna Gurevych, and Mrin-
maya Sachan. 2023. Mathdial: A dialogue tutoring
dataset with rich pedagogical properties grounded in
math reasoning problems. In Findings of the Associ-
ation for Computational Linguistics: EMNLP 2023,
pages 5602-5621.

Fiona McMaster and Konstadina Griva. 2015. Motiva-
tional interviewing across cultures: Training notes.
European Health Psychologist, 17(3):122—-128.

William R. Miller. 1983. Motivational interviewing
with problem drinkers. Behavioural Psychotherapy,
11(2):147-172.

W.R. Miller and S. Rollnick. 2002. Motivational In-
terviewing, Second Edition: Preparing People for
Change. Applications of Motivational Interviewing
Series. Guilford Publications.

W.R. Miller and S. Rollnick. 2012. Motivational Inter-
viewing: Helping People Change. Applications of
Motivational Interviewing Series. Guilford Publica-
tions.

W.R. Miller and S. Rollnick. 2023. Motivational Inter-
viewing: Helping People Change and Grow. Appli-
cations of Motivational Interviewing Series. Guilford
Publications.

Seyed Mahed Mousavi, Alessandra Cervone, Morena
Danieli, and Giuseppe Riccardi. 2021. Would you
like to tell me more? generating a corpus of psy-
chotherapy dialogues. In Proceedings of the Second
Workshop on Natural Language Processing for Medi-
cal Conversations, pages 1-9.

TB Moyers, JK Manuel, D Ernst, T Moyers, J Manuel,
D Ernst, and C Fortini. 2014. Motivational interview-
ing treatment integrity coding manual 4.1 (miti 4.1).
Unpublished manual.

Theresa B Moyers, Tim Martin, Jennifer K Manuel,
William R Miller, and D Ernst. 2003. The motiva-
tional interviewing treatment integrity (miti) code:
Version 2.0. Unpublished manuscript. Albuquerque,
NM: University of New Mexico, Center on Alco-
holism, Substance Abuse and Addictions.

Yukiko I Nakano, Eri Hirose, Tatsuya Sakato, Shogo
Okada, and Jean-Claude Martin. 2022. Detecting
change talk in motivational interviewing using verbal

and facial information. In Proceedings of the 2022
International Conference on Multimodal Interaction,
pages 5-14.

OECD. 2023. Health at a Glance 2023: OECD Indica-
tors. OECD Publishing.

SoHyun Park, Jeewon Choi, Sungwoo Lee, Changhoon
Oh, Changdai Kim, Soohyun La, Joonhwan Lee, and
Bongwon Suh. 2019. Designing a chatbot for a brief
motivational interview on stress management: qualita-
tive case study. Journal of medical Internet research,

21(4):e12231.

Verénica Pérez-Rosas, Rada Mihalcea, Kenneth Resni-
cow, Satinder Singh, and Lawrence An. 2016. Build-
ing a motivational interviewing dataset. In Proceed-
ings of the Third Workshop on Computational Lin-
guistics and Clinical Psychology, pages 42-51.

Veronica Pérez-Rosas, Rada Mihalcea, Kenneth Resni-
cow, Satinder Singh, Lawrence An, Kathy J Goggin,
and Delwyn Catley. 2017. Predicting counselor be-
haviors in motivational interviewing encounters. In
Proceedings of the 15th Conference of the European
Chapter of the Association for Computational Lin-
guistics: Volume 1, Long Papers, pages 1128—1137.

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine
Lee, Sharan Narang, Michael Matena, Yanqi Zhou,
Wei Li, and Peter J Liu. 2020. Exploring the lim-
its of transfer learning with a unified text-to-text

transformer. Journal of machine learning research,
21(140):1-67.

Stephen Roller, Emily Dinan, Naman Goyal, Da Ju,
Mary Williamson, Yinhan Liu, Jing Xu, Myle Ott,
Eric Michael Smith, Y-Lan Boureau, et al. 2021.
Recipes for building an open-domain chatbot. In
Proceedings of the 16th Conference of the European
Chapter of the Association for Computational Lin-
guistics: Main Volume, pages 300-325.

Julie A. Schumacher and Michael B. Madson. 2017.
Fundamentals of Motivational Interviewing: Tips and
Strategies for Addressing Common Clinical Chal-
lenges (Korean Edition). Sigma Press.

Soo Kyoung Shin. 2019. Making Motivational Inter-
viewing Habit. Kyoyookbook.

Soo Kyoung Shin and Sung Hee Cho. 2016. Motiva-
tional Interviewing: Easy to Learn. Hakjisa.

Michael Tanana, Kevin Hallgren, Zac Imel, David
Atkins, Padhraic Smyth, and Vivek Srikumar. 2015.
Recursive neural networks for coding therapist and
patient behavior in motivational interviewing. In
Proceedings of the 2nd workshop on computational
linguistics and clinical psychology: From linguistic
signal to clinical reality, pages 71-79.

Leili Tavabi, Kalin Stefanov, Larry Zhang, Brian Bor-
sari, Joshua D Woolley, Stefan Scherer, and Moham-
mad Soleymani. 2020. Multimodal automatic coding
of client behavior in motivational interviewing. In

10813


https://doi.org/10.1017/S0141347300006583
https://doi.org/10.1017/S0141347300006583
https://books.google.co.kr/books?id=r_CuyHwdz7EC
https://books.google.co.kr/books?id=r_CuyHwdz7EC
https://books.google.co.kr/books?id=r_CuyHwdz7EC
https://books.google.co.kr/books?id=o1-ZpM7QqVQC
https://books.google.co.kr/books?id=o1-ZpM7QqVQC
https://books.google.co.kr/books?id=QPLMEAAAQBAJ
https://books.google.co.kr/books?id=QPLMEAAAQBAJ
https://doi.org/https://doi.org/10.1787/7a7afb35-en
https://doi.org/https://doi.org/10.1787/7a7afb35-en

Proceedings of the 2020 International Conference on
Multimodal Interaction, pages 406—413.

Leili Tavabi, Trang Tran, Kalin Stefanov, Brian Borsari,
Joshua Woolley, Stefan Scherer, and Mohammad So-
leymani. 2021. Analysis of behavior classification
in motivational interviewing. In Proceedings of the
Seventh Workshop on Computational Linguistics and
Clinical Psychology: Improving Access, pages 110—
115.

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-
bert, Amjad Almahairi, Yasmine Babaei, Nikolay
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti
Bhosale, et al. 2023. Llama 2: Open founda-
tion and fine-tuned chat models. arXiv preprint
arXiv:2307.09288.

Dazhen Wan, Zheng Zhang, Qi Zhu, Lizi Liao, and Min-
lie Huang. 2022. A unified dialogue user simulator
for few-shot data augmentation. In Findings of the

Association for Computational Linguistics: EMNLP
2022, pages 3788-3799.

Anuradha Welivita and Pearl Pu. 2022. Curating a large-
scale motivational interviewing dataset using peer
support forums. In Proceedings of the 29th Inter-
national Conference on Computational Linguistics,
pages 3315-3330.

Anuradha Welivita and Pearl Pu. 2023. Boosting dis-
tress support dialogue responses with motivational
interviewing strategy. In Findings of the Associa-
tion for Computational Linguistics: ACL 2023, pages
5411-5432.

Zixiu Wu, Simone Balloccu, Vivek Kumar, Rim
Helaoui, Diego Reforgiato Recupero, and Daniele
Riboni. 2023. Creation, analysis and evaluation of
annomi, a dataset of expert-annotated counselling
dialogues. Future Internet, 15(3):110.

Bo Xiao, Dogan Can, James Gibson, Zac E Imel,
David C Atkins, Panayiotis G Georgiou, and
Shrikanth S Narayanan. 2016. Behavioral coding
of therapist language in addiction counseling using
recurrent neural networks. In Interspeech, pages 908—
912.

10814



A Context Data Details

We collect a total of 7,530 posts in seven categories
from Mindcafe. Table 6 shows the number of col-
lected data by category and the number of data that
received 3-point scores. The number and ratio of
data by score are presented in Table 7. Scoring is
conducted using few-shot prompting with GPT-4
API, and the prompt used is shown in Table 9. The
filtered context data are then randomly sampled
with predetermined quantities for each category
and used for data generation. The number of data
sampled for each category is detailed in Table 8.

Category # Data # Filtered Data
Mental Health 2,651 1,102
Interpersonal Relationships 1,338 535
Ego & Personality 1,300 538
Career & Employment 874 477
Academic & Examination 645 247
Family 527 126
Addiction & Obsession 195 73
Total 7,530 3,098

Table 6: Number of data collected by category and fil-
tered by a score of 3 within each category.

Score # Data %
3 3,603 479
2 3,729 49.5
1 198 2.6
Total 7,530

Table 7: Number and percentage of data by score.

Category # Data
Mental Health 200
Interpersonal Relationships 200
Ego & Personality 200
Career & Employment 200
Academic & Examination 100
Addiction & Obsession 50
Family 50
Total 1,000

Table 8: Number of context data used to generate data
by category.

Instruction:

Below is an utterance from a client who has come for coun-
seling with a therapist. Based on the provided definition of
Motivational Interviewing (MI), the characteristics of topics
suitable for MI, examples of appropriate and inappropriate ut-
terances, and the classification criteria, please classify whether
the utterance below is appropriate or not. Do not explain the
reason, just answer with a number only.

Definition of MI:

It is a cooperative and goal-oriented conversation method that
strengthens an individual’s own motivation and commitment
to change. Set within an accepting and empathetic atmosphere,
it encourages individuals to explore and articulate their own
reasons for change, thereby bolstering their personal motiva-
tion and commitment toward a specific goal.

Characteristics of Topics Suitable for MI:

- Cases where an individual wants to change but struggles due
to ambivalence about the change or lack of motivation.

- Problems that can be somewhat improved if the individual
decides to make an effort on their own.

Example of Appropriate Utterance:

Lately, I’ve been having these thoughts. My heart is complex,
and my mind is troubled, making me feel exhausted lately and
like I’ve lost the vitality I used to have. I just don’t seem to
have any energy, I feel lethargic, and everything seems to be
my fault. It’s really hard. I'm very afraid, and simply living
feels exhausting. These days, I just want to take sleeping pills
and sleep for two days without thinking about anything. Why
is this happening? What should I do in times like these?

Example of Inappropriate Utterance:

I’ve been having a lot of strange dreams. In my dreams, a
woman in red clothes tries to kill me with a knife, and things
like that. I’ve actually seen ghosts and heard their voices. It
really feels like someone is constantly watching me... My
grandmother says that young people shouldn’t go to shamans
and that it’s not an option for me. I'm really at a loss; I'm
so scared even now, feeling restless... I don’t want to go to a
psychiatrist, and I can’t go to a shaman... What should I do?

Scoring Criteria:

- 3 points: The content is specific, and the topic is suitable for
MI.

- 2 points: The content is specific, but the topic is not suitable
for ML

- 1 point: The content is not specific or has some flaw; coun-
seling about someone other than oneself (family, friends, etc.)
scores 1 point

Utterance:

I’m not sure where things went wrong, but my life seems to
have been fraught with problems right from the start. Interact-
ing with others, including my family, and even dealing with
myself, is a challenge. Starting anything feels like a monu-
mental task; where others glide through effortlessly, I find
myself having to exert many times more effort just to keep
up. 'm always having to plan several steps ahead for anything
I do, and navigating relationships and society feels like an
extension of this perpetual struggle. Everything feels so hard.
Giving up has become a part of my daily routine. How can I
turn my situation around?

Table 9: Prompt for scoring the collected context data.
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B Preprocessing AnnoMI

We follow the steps below to preprocess the An-
noMI dataset for our task.

(1) As we want to simulate high-quality MI
sessions, we only use the dialogues annotated
high-quality in the original dataset, which leaves
110 dialogues out of 133.

(2) For therapist utterances that have several
MI labels, we only leave the one annotated
as main_therapist_behaviour in the original
dataset, so that each therapist utterance has only
one label.

(3) For the six MI labels shown in Table 10 that
correspond one-to-one in AnnoMI and our taxon-
omy, we directly use them with slight modifications
in the label names.

(4) For the therapist utterances not categorized
as one of the labels in Table 10, we further clas-
sify them using the RoBERTa-based MI classifier
developed in Welivita and Pu (2023). We add Af-
firm label to the utterances the classifier predicts as
Affirm.

(5) The remaining therapist utterances are la-
beled as Other.

AnnoMI Label Our Label

reflection_simple
reflection_complex
question_open
question_closed
input_information
input_advice

Simple Reflection
Complex Reflection
Open Question
Closed Question
Give Information
Advise

Table 10: MI labels that correspond one-to-one in An-
noMI and our taxonomy.

C Details of MI Forecaster

We show the number of converted data for training
the MI forecaster according to its history window
size in Table 11. If the input text exceeds the maxi-
mum token length of 512, we truncate it from the
left side to preserve the recent history. An example
of the converted data is shown in Table 12.

Hyperparameters for training the MI forecaster
are listed in Table 13. We use AdamW (Loshchilov
and Hutter, 2017) for optimization.

# Data

4,346
4,329
4,236
4,219
4,126
4,109
4,016
3,999

History Window Size

0NN B W=

Table 11: Number of data for training the MI forecaster.

With Therapist Label

Input Text  Predict the next therapist’s dialogue act:
[Therapist: Open Question] Uh, what else
can you tell me about your drinking? [Client]
Well, I usually drink when I'm at home trying
to unwind and I drink while I'm watching a
movie. And sometimes, um, I take a bath but
I also drink when I take a bath sometimes.

Output Text [Therapist: Open Question]

Without Therapist Label

Input Text  Predict the next therapist’s dialogue act:
[Therapist] Uh, what else can you tell me
about your drinking? [Client] Well, I usually
drink when I’'m at home trying to unwind and I
drink while I'm watching a movie. And some-
times, um, I take a bath but I also drink when
I take a bath sometimes.

Output Text [Therapist: Open Question]

Table 12: An example of the dataset used to train MI
forecaster (window size = 2).

Hyperparameter Value
Epochs 5
Learning Rate le-4
Batch Size 8

Max. Sequence Length 512

Table 13: Hyperparameters for training the MI fore-
caster.
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D Change Talk

Change talk is a client language that indicates
movement toward a particular change (Miller and
Rollnick, 2023). Four types of change talk—desire,
ability, reasons, and need (often abbreviated as
DARN)—are called preparatory change talk be-
cause you hear them when people are considering
whether to do something. Descriptions and exam-
ples of each type are stated below.

* Desire language is a way of saying, “I want.”
It signals some inclination toward action.
(“I want to quit smoking.”)

* Ability language provides information about
how confident people are that they would be
able to take the action in question.

(“I think it’s possible for me to quit.”)

* Reason language states specific reasons for
doing something. The reason might be a pos-
sible advantage of change or a disadvantage
of not changing.

(“My children are begging me to quit.”)

* Need language has an imperative quality em-
phasizing some urgency of change. It implies
that a change is important without specifying
why.

(“T’"ve got to quit smoking.”)
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E Prompt Templates

Instruction:

FAl-2 A AH(counselor) YU T} ot o] AoFx A& 27141, F017] T3t thofl & AEAH(counselor) 2] W 3H(utterance) S
TEA Q. S Folf W7 @A el A ®gketala) oh= A 5715 olEZollle Aol o] dae] HHYYrt. o]
o], "h4 WHI 517 (Simple Reflection)’ of] A 4] A A 54 2.

Constraints:

- ERUE AHgfor T

-HHZ 12 e 2w o g A sof

- & 22 7 A(clause) 29 A FA Q. ~1 50] AAH o5 ARESHR] WolA /.
S A ) WEANE ol AL HelAl .

Definitions and Examples:

Definition of ‘Simple Reflection’:

WekA7} g 2ol R g o F7kehy| Beks vekAsh @ el 1 71
LZo P e FHiz vrgste 2ol ¥ Fot

WA e g 5 S-S whEgi

of
ki
rr

o)

Example of ‘Simple Reflection’ #1:
PR E R E e S S
A} [ B A H 3 doAEe

Example of ‘Simple Reflection’ #2:
WAk AZEe) HALR. olute AL et ghor A g E o sla. BE o] Wad W A2k sz, 1Y gnt
oA & 7ldistzlel a.

FEHA [E<E "EYsH 1) dukete] Z1H e Al fleks EEol L.

Dialogue History:

Table 14: Prompt template for therapist utterance generation.
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Instruction:

AL ok} 4] BAE e kcounselonol ] Aeske] 7k e Akclien) Q] ek ofghe] AlOFE7E 2177, Fof
oo} Thg-ol & e aHelient) o] B (response)-& BHE A8 ok 5] thet 3181-& AfekAhcounselon)o] 4] A5l 234
o]of7| LA £ BIF APALoL] Thal Q1) o] FEE WSkAI 71T 412 o)Ak AT ot et 4 et hale ot

Aol AL 79 S sk & AAsFA .

Constraints:

- EQWL AFgSoF gk

1822 = 282210 2 ZRA)Gjof g Th

£ @ B(clawse) 27 FAHFA . ~0)" 52| Aol E AL oA K.
A A vl o2 BhE, TA A AR A2 A Ao A FhsE Bk
st ko] gulo] o) tster pel g A A ofof Pt

Definitions and Examples:
Definition of ‘Change Talk’:
AA1 0] BAlo] e A4z 2el7] S ksl a Aty wstel Bl A4 B2 qlojmdoltt.
ofefe} 2o ASo] Ws} isto] LetH T

L. W3} oot 3], #Mststal dohs oA X} 3 (Desire)

2. 88} 4 Qlrk A2 Astel ek G el Az ek
3. Ws}e] o] 53 A, ek Q1) FHHS
4. 95ke] P a4, WekehA] ¢hg u) ol £

b

fo rE
+>4 rlo m

]_

O

o?:—‘Nr_?lﬂﬂ:Qr
ox &
)

ol

N
N
o
_0|L
ol
rlo
rE
_!Q[L
s
Y
o
,
rr
|
ral
Z
2

Example of ‘Change Talk’ #1:
Wb Aol o We thaks the A Bhd o B ATES A 5 9 Aol 8.

Example of ‘Change Talk’ #2:
kA o] @A) A4 o] A o H .

Context:

Dialogue History:

Table 15: Prompt template for client utterance generation.
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F Evaluation Criteria

MI Quality In our work, the following criteria
are used to evaluate MI quality:

 Partnership assesses whether the therapist
respects the client’s expertise, defined as the
client’s experiences with the issues and related
experiences they encounter, and maintains a
balanced power dynamic, fostering mutual
collaboration.

* Acceptance evaluates whether the therapist
accepts the client as an autonomous individual,
acknowledging their capacity for imperfection
and mistakes without judgment.

* Compassion assesses the therapist’s mindset
based on deep understanding and empathy to-
wards the client, aimed at alleviating their dif-
ficulties.

* Evocation assesses the therapist’s capability
to evoke the client’s intrinsic resources, such
as values, life goals, strengths, personality
traits, and motivations.

* Similarity measures how closely the gener-
ated therapist’s utterances resemble those of
an actual therapist.

* Effectiveness measures the overall efficacy of
the MI session.

General Quality The following criteria are used
to evaluate general quality:

* Consistency assesses whether the utterances
with each turn are consistent and if the over-
all flow of the dialogue is maintained consis-
tently.

* Fluency evaluates whether the therapist and
client’s utterances in the dialogue are natural
and fluent and whether the overall flow of the
dialogue maintains a natural progression.

* On-Topic measures whether the dialogue re-
mains relevant to the provided context and
continues in accordance with the context pro-
vided.

G Training Dialogue Models

Fine-tuning Details We fine-tune the
komt-1lama2-7b-v1 model for KMI, Coun-
selGPT, and AnnoMI by using 3 NVIDIA RTX
A6000 GPUs with 40GB memory. Table 16
illustrates hyperparameters for fine-tuning the
dialogue models. We use AdamW for optimization.

Hyperparameter Value
Epochs 3
Learning Rate le-6
Batch Size 16
Max. Sequence Length 2,048

Table 16: Hyperparameters for fine-tuning the dialogue
models.

H Sampling Details
H.1 Sampling Details of KMI

Table 17 indicates the number of dialogues sampled
from each category for evaluation purposes. A total
of 100 dialogues are sampled.

Category # Data
Mental Health 16
Interpersonal Relationships 14
Ego & Personality 14
Career & Employment 14
Academic & Examination 14
Addiction & Obsession 14
Family 14
Total 100

Table 17: Number of dialogues sampled by category.

H.2 Sampling Details of MI Labels

We randomly sample 30 utterances for each of the
seven MI labels from the generated dialogues. As
the number of dialogues differs by category, ef-
forts were made to ensure that categories were dis-
tributed as evenly as possible within the utterances
sampled for each MI label. Table 18 shows the
number of sampled utterances for each MI label
and category.
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Simple Complex Open Closed Give .

Cat Affi Ad

ategory Reflection Reflection Question Question rm Information vise
Mental Health 6 6 6 6 6 6 2
Interpersonal Relationships 4 4 4 5 4 5 5
Ego & Personality 4 4 4 4 4 5 10
Career & Employment 4 4 4 4 4 5 9
Academic & Examination 4 4 4 4 4 5 2
Addiction & Obsession 4 4 4 4 4 4 1
Family 4 4 4 3 4 - 1
Total 30 30 30 30 30 30 30

Table 18: Number of utterances sampled by MI label and category.

10821



I Evaluation Form

S71Z8He ololsiy W Q5. 0| SEOLN YEAPE e YSO| UH HEN Holt SAUN BATAL

-5 4R HEA O RASICE

B, O Bl st 3 SRD 1000 s o 1 He o i -4 AR EA SABIC

2 558 WiEiR 5ot R el RuE A gL sed et

He e e wrlnagel ad oiiE od d0 Sa3 dAE -3 4R HEA Ol POINE RARD OIF ROIHE A Bck
-2 4R HENY BAR YT
-1 RSB HS RSN B

ue

ar. ol HE BEOl SO Y MBAA FATA. 6. TYHoZ, o HEE Yol FE (I YEORND WY + USK FaATM

-5 HEAPL S’ BUE XD 2 E}

-4 HEAPL S BUE FEHLZ D AC -5 o2 F2 ggolct,

-3 EAPH RS BUE D UK OUA HAY 4 ot e

-2 HEAPL S B Cha Bt Sk -3 waEe ygo

-1 ¥EAPH RS BUO wetD A -2 3% ge ygo,
-1 o2 §% e ggolct

Q2. 0] 4O +80| ¥oht T HYEHREA BAFHR.

-5 HEAZL$8' BUE HNT 2

-4 EAPE 48 WUS ¥EES2 WD Atk

- 3 HEAH 8 FAUE XD UEX| OfX| Hely 4 gict

-2 9EAPE 48 WOl T wela Sict

<MD 8 BUOL wela 2

Q3. 45Ol RHIZF YOHL H BREREA F2ATHE.

-5 SO W BUE XD 2

-4 HEAPL R BUE REHLZ D Ac

-3 HELAPL R BUE XD AR OfbR el 4+ ot

-2 HEAPE R B0l Ok wea Sl

< HEAOE R BAOL Wela 2t

Q4. O HE0 ‘ROl Ao} H SIE|AEX FoAFM L.

- 5 MEADLRY BAE XD Ut
-4 SEADHRY PUE $EHSE JXD Ut
-3 HEADHRY FUS KD YEX OUR A + glck
- 2 YA QY B0l T wD QUck
-1 MEATHRY B WD gtk
S71zshae By * HEA UENEOl U gSOIE XE Xel 274 FHI MaNLY AFAS o
1. ¥§& (Partnership)
HEAPL U HESOA uetiel NS0l UBKIl Xl gaN g o
;u» ﬁg?}oi e ?rg’m@x;; FRES $§a'$|xmu°ﬁ;n R YERL oD Sl W REe N, Hol SE, BY, 42 84, 871 5)F 0B
S Toieiof Gleel el 578 2RAAct £ Ag g
- HE BB JHN AEAl @8 oAl - Y Bug M HEArel ¢ oAl
. uuxr xi_ o17|01| 2D AO{A 2 A OtLlet MEe 312 7IX| 2o0 X OHeatsh o WERE Ol Fato) XRS0| Horg Fuch LS M 422 MBIHA Ue
og¥E = v 2 AYUCH Tl 7t X7t UM o7l 2 A A BEASLICH

EiehEE e SRR - HEA Dnssedel gudlds BoE RAIE O1gOR2R. M o ¥E
o MEAL EIOAE OfF BHE @RI oflel %4422 O|RY 2HRR. 0N olgA THrsteiLte!
- HE FAUS JIXIK| R ATALL| U OfAl RY BUS TIXIR| B2 YA B oA
. WERL xi_ a17|01| 2D 4O{A 2 7| OfLlet MES 82| 7tX| 2o0 X OHeatst o UWERE O Fato] XPEO| Mokg Yuch UTEDM UM A4EES AMBHA Y&

0|23 ctn og®E =L HiEol & AYLICh ol A7t 2H 7t UM 017l & A gl e2astc

e © gEp BNS potss Ao g0 Saun oumer Ja BB weT

© MEAL O 2BRE £2 087t AARIR. I3 501 =8 B slol o @ & el weitAle. 2dls vuE S RS s

2. %8 (Acceptance)
WEAPL CH2 MESAE $500 222 o A AEHOl EHAS
%O}i £ A8 Yoich =, Lt #xjo] 24 WSOILt at7iol Hif ol EMI ‘QEM}
2uge HLelX 91 A2 2oj50ls HO|th
- -v—% YUE 7HY HEAe @ oAl
t

. WExk X1I7 CHEE YY YSHEX|O) Cfef Halo] o Much SX|g HE A Worof
st eruct.

- 4R 2zENe womy SFE Na¥ of ssuc, Ine ugTIdN 22 o
SUCE B2 od AHE SAE AJI0fE dobf GeUt 858 A4E 29, ol
8 Wi g Aoe Babiier

- +8 WS OIXK Y2 MY ¥E oAl

o WEZR Hob CHEE PY [ASHEXIO Cis 20| 9F LICE SHR|S BB ES wotop
Bicte #e gc

.« HEAL olols He
a2

=5 DIXI7? SﬁALIEI E AP WoO SFE St A2 YA @
#E flersts 2ol, £ 8¢ A k.

of
Getd HSBAE UE 5O 8T E A

3. XtH| (Compassion)

»:g;:gdlmqsr He oot 3AE HYoR, 10| o218 YK she HEA

- Rt BAE 2T dEAtel g8 oAl

« WEXE W7t & OAICEE F2ACHSGL. 7H50] of HelXiEx 222018,
o MEAR WERHES WXt SHER0HE 2 AEHBOR IR UKL
- R BAE JHXIX] 22 dEALel B oAl

o WEZE WIH & OAICEL J2ACHEG.. 7H50] of HalXlex| 22208,

Figure 5: Instructions and questions related to each metric for expert evaluation of MI quality. For reference, we
also provided descriptions of each metric, along with examples of good and bad responses for each metric.
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J Examples of Dialogues in KMI

Role Utterance MI Label
Therapist ~ QFISHA R, 2| of® Lojup A o] Wigabd of A zto|ut 7] 2] 92 FA+8?  [Open Question]
Hello, have there been any recent events or incidents that have affected your thoughts or
mood?
Client 3 2 YA A7t Al vhEel 2 AHE Hols. -
The failure of my college entrance exams when I was a senior in high school left a big
scar on my heart.
Therapist 71 A|7]1€] o] 2152 AP oA oF2l e 2 92 nAaL 8. [Complex Reflection]
The experience of that time still has a big impact on you now.
Client yl, 2] A o]= A= § ol IS Il Aol F5S =71 Zskal -
o) 01 9.
Yes, [ don’t feel happy from drawing anymore after that failure.
Therapist 132 1% ofj oj® Ao} AJZro] EAIUR? [Open Question]
‘What emotions or thoughts do you have when you paint?
Client o] i 27125h27h, o AA Y 1ol that ARl 5717 A8 714 ot -
Now I'm just feeling kind of lethargic, I don’t have any passion or motivation for drawing
like I used to.
Therapist 1338, ¥71 8] A= sl I tiet A+ 5717 A= 3 8. [Complex Reflection]
I see, your passion and motivation for painting has been lost due to past failures.
Client Srorg, 3 Al g s e ol Hejg. -
Right, and my life pattern is messed up too.
Therapist T} 2] A3o] AL felof = HA 29 JgF F11 Q= AF3o| A+ Q. [Complex Reflection]
I see, it seems like your past experiences are also negatively affecting your lifestyle
patterns.
Client M|, A7} A% Qah 7] A, sk 42 A AL & R2Flo] Q. -
Yeah, I don’t even know what I really want, or what I want to do.
Therapist o} 412 Zo] £31Q12] & B2 TH= W&ol A+ 4. [Simple Reflection]
I see, you’re not sure what you want to do.
Client ), A AA7L Y520 QoA 2 ot Foz ol g 77k oleil. -
Yeah, I feel like I’ve lost my momentum and it’s hard to find a direction to move forward.
Therapist ~ $FC =2 1fol7}7] §isff o|® Zl50] Eashetal AZstALta? [Open Question]
What do you think are the things that are needed to move forward?
Client 2738 thA 2I, 2oL 843 4oA AFstir] =] B F4ol Basfa. -
I need to find my emotions again, and I need some direction to help me decide what I
want to do.
Therapist ~ 7g< 2831, Skl 412 Zl& AAste WgolA ofE Folur @&l =5°] 2 21 [Open Question]
ZoArtar
What experiences or activities do you think would be helpful in the process of finding
your feelings and deciding what you want to do?
Client T3 e Fn E5e 254 A S EE Aol F= 2 Zota. -
I think I should start doing some of my hobby activities related to drawing again.
Therapist 13 TAH Hu] S5-S thA] AR EA A Zbo] A+ Q. [Simple Reflection]

I see, you’re thinking about picking up a hobby related to painting again.

Table 19: First example of a full dialogue from KMI.
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Role

Utterance

MI Label

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

hISHAIR, 22 o2l gL AT 9k Pl goystar

Hello, is there anything you’ve been struggling with lately?

ul, A 7hE3 A ZE QF FopA I UhA] AAR o] g d @ 7F A 7RI 9lef |
Yes, I’ve been feeling more and more disgust for myself after my relationship with my
family went bad.

THER. ST BA AN e el G 7AW YZ

I see. Your issues with your family are affecting how you feel about yourself.

U, 55 ofuske] AL 7P BSol 8.

Yes, my relationship with my mother is the hardest.

ol oke] A A ol | o] 71 FEAFR?

What part of your relationship with your mother is the most difficult for you?

ol U7} Aol A Asiivtal WESHA = A AlF #& FEE i et
shu] £4 ZahE AU,

My mother telling me she is disappointed in me and no matter what I do I never get a
warm word.

of B 25 E E31 4 Wo] ofF 21217 o} fHotE Prtar
May I ask what you would like to hear from your mother?
T FP, RGP WL ED Holg
I just want to hear “good job", “well done" and stuff like that.
eSS Ao e E A OALEQ.
You would like to hear some warm words of encouragement.
dl. o ul o] L A ghutt] 7 Aol 2 Fol d A Zota.
Yes, I think a short word of encouragement from my mother would be very helpful for
me.
Jd Ao TS A HH o Aol = A ZoAa?
How would you feel if you heard those encouraging words?
77 Zgolupnt A7t sHs Lol thal QAR 7)1 o] SolA o Q48] sk Aof
7 7ol Q.
Then I'll feel a little bit more appreciated for what I do and want to do it more.
of B L €] Zei7} Uekabd o] A4S B)B A7 3 6% Barehi o Wa g A5
o] HAI AT
It sounds like your mother’s encouragement boosts you to regain your confidence and
push yourself further.
dl, A2 12 Sehe AL o S ZHE E e E 4 9Le A Pl
Yes, I think that would really give me hope again and I would try harder.
oL ote] TAcl A ol el MBkE o] 7] 98] ALl Aol o] glo Al
7t8?
Is there anything you would like to try to make these changes in your relationship with
your mother?

oo L7 A7} LAl o] uhe-g 48] Dol o7 st TAE AMS 5 9
1=4] olopr|s R 1L Aol 4.

I want to be honest with my mother about how I feel and discuss how we can improve
our relationship.

ofmu et &2t tioFE ther] BA 1A S SI7
£29.

It’s great that you’re willing to have an honest conversation with your mother and take
the first step toward improving your relationship.

..LLl__

PR RS WE A she Begol B

[Open Question]

[Complex Reflection]

[Open Question]

[Open Question]

[Simple Reflection]

[Open Question]

[Complex Reflection]

[Open Question]

[Affirm]

Table 20: Second example of a full dialogue from KMI.
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Role

Utterance

MI Label

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

hdstAl g, Zoll o' d5o] nhEof Z2=A HAU’?

Hi, what things have been on your mind lately?

SAtell A A g2 2] 3 o] H Q)= = Aol A4 HuUrtL /lola. A
o= 9%} a2 A2 % A, HTol] oha AR A7 E RS
7], g 0] Bo] Bt

I’ve been in my position at my company for three years, and people around me are
leaving individually. At first, I was busy with work and didn’t pay much attention, but
recently, I've been thinking about what I did wrong, and it’s been weighing on my mind.

73Rl A o) At 1 AbghE o] Wste] dish avlshA HAEa.

I see, it sounds like you’re struggling with your role in that situation and the changes in
the people around you.

U, ) AFEe] wurks o] 47t Ak ERE AU, oUW ThE o]f uhEe]
SEEEES

Yes, but I'm confused if the reason people are leaving is because of something I did, or if
it’s something else.

kA o] el A Belzkat et ae] go] B QL.

There is a sense of responsibility and confusion within you.

grotg, T A5 S Lol TAlE REY Bk 7HE s H A AASH "y Th
Right, so I also sometimes doubt and become wary of the words of those cheering me on.
SASHe BEY BEEAE W) of e 47t HAZL.
Even the words of well-wishers are hard to believe.

Q@4U AF SNS W] A Rel 8, B E WEG By
EAAAL.

[ did. I eventually deleted my SNS apps, too, because I felt burdened seeing others’ happy
moments.

SNS ¢ A= F e Folds WA o ol a.

Deleting SNS apps was a way for the client to reduce their burden.

dl, 2#E) B AR uhgo] 7 91730 oFota.

Yes, but deleting the app doesn’t make me feel any lighter.

e AT Ro] vk o] Feke A5 A7 AL R L

il

Alw}

H

o

A A

rr

I guess deleting the app didn’t completely relieve your mind.

ul, S AAIRA R A O] FAll = o 5] Folglel |,

Yes, I deleted the app, but the real-life problem still remains.

SNS gl A Aot dA ol A WE 2 d 9] sl d-& 9t e 2lo] =] x|qt, 71 vl g0
= oAs] s A7) g2 A L] FAlEo] EAchH= A Ll 8.

It seems that in deleting SNS apps, the client’s efforts towards resolution are evident, but
the underlying issues remain unresolved.

yl, 4 25U ol AR ofgA AlZFsfof &) wretghut.
Yes, exactly. I'm at a loss as to where and how to start.
o] A5k WA S5 HAbe o] 71 WA shRm 4l do] Tl FEF

I’m curious to know what you would like to do first to improve this situation.
FH TR0 BAE NS EA Hofa.

I want to improve my relationships with my colleagues around me.
SR WA e 2He HFAL Hofsl =T e,

I see, you want to focus on improving your relationships with your colleagues.

[Open Question]

[Simple Reflection]

[Complex Reflection]

[Complex Reflection]

[Simple Reflection]

[Complex Reflection]

[Complex Reflection]

[Open Question]

[Simple Reflection]

Table 21: Third example of a full dialogue from KMI.
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K Examples of Dialogues with Chatbots Fine-tuned on Each Dataset

Role Utterance
Therapist PSR, 2 olH dEo] nhaol F7e& Fal AHR?

Hello, may I inquire about any recent events causing a sense of heaviness in your heart?
Client o8 9g 57] Ao AATH Azto] WA SolA nhe m7]7} of el g

Before beginning a task, I frequently encounter the notion that it will be bothersome, which makes it
challenging to prepare myself mentally.

Therapist I g0l vhael Fwe FA AN A 8. 1 d5& 5] Aol BA AZetshe Aol i
Sol A vl u7] 7t ofele 21 R A,
It seems that those tasks have weighed heavily on your mind. It appears you find it difficult to get
mentally prepared because the thought of them being bothersome comes first before even starting.

Client ] gote. Akt 2 224 A5 7F o} FA| AR AL Fr A= A Zotg.
Yes, that’s correct. Even minor tasks feel difficult to execute, and I find myself feeling listless.

Therapist At dEol B U 2 BAE =AA AL FY 6 A= A 228
It seems that even minor tasks feel overwhelmingly problematic at the moment, leading to a sense of
listlessness.

Client | A s e s R [ = o g g =l i B 2 e R ) =R R 2 R
Yes. As a result, I find myself less motivated than before, just letting the days pass by with a sense of
resignation.

Therapist O9A HEA Z ZA =73 AR Q. 2™ w3l Agole ol BA B2etA= A ZoAl
7187?
It seems that this situation has become a significant concern for you. What were your initial thoughts
during such moments?

Client Agole 7l Ped A 2 AL oA 2227 EA Q.
Initially, I tried to do something about it, but gradually, I found myself wanting to be alone and feeling
frustrated with myself.

Therapist A4 2 GEalA B4 72 olE 74 LAt a?
What kind of emotions do you primarily feel when becoming frustrated with yourself?
Client ol ASE ohE ARHESolA 71 Ak oS YAA Ak o]7] WaT Ao |,

It’s becoming harder to hide these things from others, and now I really want to change.

Therapist 1 #s}o] g gAl] Aol A AYTh A5 S19) 22 WakE RS AEeR 4
e
Your desire for change is impressive. I am interested in knowing what small change you would like to try
as a start.

Table 22: Example of a dialogue with a chatbot fine-tuned on KMI.
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Role

Utterance

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

hgstAl e, @A ofE A& 7HE wol =713 Al4l7ke?

Hello, what emotion are you feeling the most right now?

A7 gy 22 WHAN 24 & £ E1 H2H w20 .

I really want to cry my heart out and relieve my feelings, but the tears just won’t come.

AAG 29 A A ledlvka? O9 A2 wile wetsta A HEAE 25 EUT e

T of @ FEO AL AR BT 718 L7]7] % SHAIE 7] Zobf.o) Bt 7B QA
9 Fgholl A A1 AR = R ot .

Are you always aware of this? It seems like such emotions bring a mix of comfort and stability, along
with a slight, anxious excitement. Such feelings are quite common and typically arise in predominantly
positive contexts. Nonetheless, it seems there is always an aspect of you that remains uneasy. This feeling
of uneasiness seems to be a frequent occurrence in your daily life.

A= FSolAl Al o7 = & ebstal, =7 WAlshs 2B = ofY2hA ERQlofA 9= jh= A
olsabx) byl B nhe Po] & 2k glol .

I’ve always been the type to keep personal matters to myself and not show when I'm struggling. As a
result, I’'m not accustomed to receiving comfort from others, leaving me nowhere to release my frustrations.
I8, ey 2R A Sz e A2 v Fadyth 22y A o] Aol Hisl RIS =
Zol FAol . 1= Ao Aol dish o715t A of ' Aol A st =AX=A] A4A|5]
A FAQ. 220 1 AgRtell A ol | A S & A st QleA] e Al e Fale] A
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I see. However, receiving comfort for oneself is crucial. So, it would be good to talk about your emotions.
Could you tell me more about when you feel anxious and how you’re dealing with it in those situations?
By sharing your emotions, we can better understand them.

I obFol AR T QFSFAL T8 9alglol 8. oA S 5T & a7

I’'m just keeping it all to myself and suffering in silence. How can I overcome this?

8. o2Rt 2% g2 A 2dHdE F= 9ol 2 = AsUH o= #Ee A
Ste S ot Zlo] F5aUth of 2Rt W2 Apalofl A ste S 2 Aol Sagynh
ATl A g WS 27 918l o1 7HA] S Al SR Al L.

Indeed, such anxious feelings can become a source of anxiety themselves. It’s advisable to look for ways
to suppress these emotions. It’s important to find a method that suits you. Try various methods to find the
one that fits you best.

ol W Wr¥So] £27197

‘What methods might be good?

Aol Aol tisl oob7lstal &oket A ofl tish of7IshE k5 Ut ol =%t thehs gl ol gl
et ol =7t obd Ay FAlo] Aol tisl olobrlstal =¢tet @Al sy olof7|sha A
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We’ve talked about your emotions and feelings of anxiety. Such conversations will increase your under-
standing of your emotions. Please share how you are dealing with these feelings as you talk about your
emotions and discuss your anxious feelings.

Table 23: Example of a dialogue with a chatbot fine-tuned on CounselGPT.
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Role

Utterance

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

Client

Therapist

hgstAl R, Z ofE Aot Azte] mhEof A A H A a?

Hello, have there been any recent situations or thoughts that have been weighing on your mind?
ZRG AHSS YR 47 AP 2 Aot A o] YR gl 2 Zota. o] He
of@A| 1 4 9l 27har

I often make important decisions too quickly and feel that I lack patience and responsibility. How can I
work on improving in these areas?

Fale] el tish B AA|5] dHFAE, k& 5 5 9L
g 5 gl THE el 9e7tar

If you can share more details about what you’re going through, I might be able to help. Are there other

e

A gdorg. 24S W= H Esol

approaches that could assist you in making decisions?

Fofolut B 22 91 0] S At A4S Ful Fag B A g glo] thés] A7 hge]
oFEthe o] sk el 8.

When making significant life decisions, like taking a leave of absence from school or quitting a job, I often
did so without a clear goal or plan, simply because I was dissatisfied with my interpersonal
relationships.

ol AR S5 Al e H 7HA e IS o glol 8. o] 2Rt ARl s dotR 1
dolg. AR, 24e W o 23 A2 GA D713 Ao] ofyet 714 Q1 Aolztar A ztsf
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To overcome such situations, we can consider a few methods. I'm interested in exploring this situation
situation further. First off, when making decisions, it’s important to consider not just the short-term

but also the long-term implications. It’s crucial not to rush into decisions too hastily.

Srota. T A7} T @A77 gl 2 2ol o3 TRE s 42 A shel 3 BAES.
That’s right. But I feel like I lack a sense of reality. I've always tended to just do what I wanted, ever since
I was a kid.

d, 24 Fa3 ZA}oba U ol Aol ¥ /b 24 B AR, YT A
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Yes, that’s not a major issue. In cases like this, I'd like to offer some advice. First, try not to make extreme
choices. Make sure to gather enough information before making a decision, and consider all other options.
Overthinking things before deciding can actually hinder you from making a sound decision.

A= 2A sk AL sh= A0l oA AL A WA He A gota.

I try to do that, but I think my impulsive nature keeps leading me to rush into things.

yl, A2 A=A £AL o A5 U ol Apolle AE% 2 E27] fs A7l =e=
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Yes, it could be a psychological issue. In such situations, seeking help from a professional for proper
guidance might be helpful. Also, acknowledging your own abilities and resources is important. Building
up your self-confidence can really help when it comes to making decisions. It’s essential to make choices
that are truly right for you.

Table 24: Example of a dialogue with a chatbot fine-tuned on AnnoMI.
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