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Abstract

Online Mental Health Communities (OMHCs)
provide crucial peer and expert support, yet
many posts remain unanswered due to missing
support attributes that signal the need for help.
We present a novel framework that identifies
these gaps and prompts users to enrich their
posts, thereby improving engagement. To sup-
port this, we introduce REDDME, a new dataset
of 4,760 posts from mental health subreddits
annotated for the span and intensity of three
key support attributes: event (what happened?),
effect (what did the user experience?), and re-
quirement (what support they need?). Next, we
devise a hierarchical taxonomy, CUETAXO, of
support attributes for controlled question gen-
eration. Further, we propose MH-COPILOT,
a reinforcement learning-based system that in-
tegrates (a) contextual attribute-span identifi-
cation, (b) support attribute intensity classifi-
cation, (c) controlled question generation via
a hierarchical taxonomy, and (d) a verifier for
reward modeling. Our model dynamically as-
sesses posts for the presence/absence of sup-
port attributes, and generates targeted prompts
to elicit missing information. Empirical results
across four notable language models demon-
strate significant improvements in attribute elic-
itation and user engagement. A human evalua-
tion further validates the model’s effectiveness
in real-world OMHC settings.

1 Introduction

The proliferation of Online Mental Health Com-
munities (OMHCs) has evolved the landscape of
the mental health support ecosystem, providing
platforms where individuals can share experiences,
seek advice, and obtain suggestions or support.
These digital arenas have democratized access to
mental health resources, especially for those who
might otherwise face barriers to traditional support
systems, possibly due to stigma, cost, or scarcity
of experts (Naslund et al., 2016). Despite their

[It just came so suddently.. And now I'm stressing the fuck out. | feel like I'm going to throw up.] .,
[I need to start learning tomorrow for the exams that are comming up. | need to go to school after 5
days again and | don't want to. | don't want to see anybody and to interact with them. My art is trash
and I'll never achieve anything in life. | even speak properly to my peers. Everyone in my class in
funny, interesting, talented. They can get along with each other. And | am always alone, quiet and
weird. Even now.], . [I hate myself and the fact that despite trying | am never able to change
ar?ything]eﬂw.

Event: 1 (Moderate) ‘ End ‘ Can you elaborate more on panic attack?

Effect: 2 (Present) | - ‘ NA

Req: 0 (Absent) | - ‘ What do you need help with now that you feel lonely and alone?

Assess the missing attributes Prompt (Question) to improve help seeking

Figure 1: A sample post on a mental health subreddit.
Our proposed framework attempts to identify support
attributes and then enforce the language model to gener-
ate guiding questions.

potential, a significant challenge persists: many
support-seeking posts remain unanswered, leaving
individuals without the assistance they seek due
to poor readability. Several times, user forget to
mention essential details of what happened, what
did the user experience and what support they need.
How do we help users in better articulation of posts
to increase the chance of receiving a response?

Previous studies have primarily focused on either
assessing community engagement (Pruksachatkun
et al., 2019; Sharma et al., 2020a; Kim et al., 2023)
or automating responses (Sharma et al., 2022). At
the same time, a rich body of prior work high-
lights Reddit’s prominence as a valuable resource
for mental health research (Chen et al., 2023; Garg
et al., 2023; Gaur et al., 2018; Rai et al., 2024,
Lokala et al., 2022). While language models (LMs)
have enhanced support providers’ experiences in
empathy induction (Sharma et al., 2021; Srivastava
et al., 2025b), a critical gap remains in directly as-
sisting support seekers. Drawing inspiration from
traditional therapeutic stages, building bond, iden-
tifying root causes, evaluating consequences, and
clarifying goals (Adhikary et al., 2024; Benjet et al.,
2016), our work translates these paradigms into
online settings using state-of-the-art LMs. With
better contextual understanding, interpersonal in-

18102

Findings of the Association for Computational Linguistics: EMNLP 2025, pages 18102-18118
November 4-9, 2025 ©2025 Association for Computational Linguistics



sights (Romanowski et al., 2023), and explainable
Al (Ibrahimov et al., 2024), we aim to bridge the
gap by focusing on improving support seekers’ ex-
periences in OMHCs.

To address these gaps systematically, we first cu-
rate a novel first-of-its-kind dataset, REDDME, ex-
tending the publicly available mental health corpus
—BeCOPE (Srivastava et al., 2025a). REDDME con-
tains 4760 posts, where each post is annotated for
the spans and presence/absence of three pivotal sup-
port seeker’s cues: event, effect, and requirement.
Next, we also propose a dedicated taxonomy of sup-
port attributes, CUETAXO, that allows controlled
prompting for LMs and is responsible for question
generation. Finally, we propose MH-COPILOT, a
reinforcement learning (RL)-based framework tai-
lored to enhance the posting behavior of support
seekers on OMHCs. MH-COPILOT operates on
two principles: (a) assessing the support-seeker’s
post for missing support attributes and (b) prompt-
ing a question to better articulate their posts by
using CUETAXO. Figure 1 illustrates an example
of how a user can be prompted for different support
seekers’ cue intensity levels. A reward model en-
sures the quality and relevance of these generations
through RL.

We benchmark MH-COPILOT against four
LLMs: Llama-3 (Grattafiori et al., 2024), Mis-
tral (Jiang et al., 2023), Phi-3 (Abdin et al., 2024),
and Gemma-2 (Riviere et al., 2024). Our pro-
posed model demonstrates consistent improve-
ments across all baselines, with a notable im-
provement of +27.49%, +17.80%, +2.81% and
+17.54% on ROUGE-L, BLEU-4, BERTScore and
METEOR respectively. We further conduct hu-
man evaluation and qualitative analysis to assess
the quality of generations. Our contributions are
summarized below:

* We propose a novel problem of enhancing
support-seekers’ posting behavior using linguis-
tic and contextual cues to identify missing at-
tributes, prompting users to share more.

* A novel dataset containing mental health-related
posts from Reddit, marked with key support at-
tributes at span and intensity levels.

¢ A reinforcement-learning-based framework to
assess support attributes and generate taxonomy-
guided questions to enhance post responsiveness.

» Evaluation against notable LMs, where our ap-
proach consistently outperformed on the com-
plete suite of evaluation metrics.

Reproducibility. The dataset and code for MH-
CopiLOT! is open sourced for research purposes.

2 Related Work

We study the support-seeking behavior on OMHC:s.
The study of psychological aspects of human be-
haviour and counselling dates long back (Weizen-
baum, 1966). We aim to study these aspects for
controlled question generation.

Online Mental Health Communities (OMHCs)
and Support Provision. The increasing reliance
on digital platforms for mental health support
highlights the need to enhance user experience
in OMHCs. Kim et al. (2023) and Althoff et al.
(2016) developed tools to improve interactions be-
tween support seekers and peer supporters. Despite
progress, direct assistance for support seekers re-
mains limited, a gap our work addresses. Studies
have documented barriers to offline care (Olfson,
2016) and stigma in help-seeking (White and Dor-
man, 2001), underscoring the critical role of peer
support. While Sharma et al. (2021) and Yang
et al. (2019) have advanced empathic communica-
tion, others like Tanana et al. (2019) and Zhang
et al. (2019) have worked on moderation and en-
gagement. In contrast, our research focuses on
enhancing responsiveness to support-seeking posts
through controlled prompting.

Controlled Prompting in LLMs. Controlled
prompting is essential for refining outputs from
LLMs in precision-sensitive contexts (Evuru et al.,
2024). While LLMs handle vast data, studies show
LLMs often struggle with systematic generaliza-
tion, producing content that is both coherent and
high-quality (Petruzzellis et al., 2024). Output qual-
ity can be further improved using prompt optimiza-
tion techniques (Kumar et al., 2024).

Reward Modeling and Self-Improvement in
Language Modeling. In sensitive domains like
OMHCs, accuracy and appropriateness are Vvi-
tal. To gain more control, we incorporate self-
improvement techniques (Zelikman et al., 2022;
Srivastava et al., 2023) that refine model outputs
during fine-tuning. We also use Direct Preference
Optimization (DPO) (Rafailov et al., 2023) to
guide the model toward generating more context-
sensitive questions. This is particularly important
when handling deviations from standard inputs

"https://github.com/flamenlp/MH-COPILOT
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_ Event Effect Requirement
Comlete I:':Amibme e ibute Mlzor TIA[Can you tell me what hap-{Could you describe the specific|What kind of support or help you
pened?You can be as specific as|effect the event has had on you? |feel would be most beneficial?
2A 3A Level 4 you like.
Event Event 2A|Can you elaborate more on X? |How did X make you feel? ‘What do you need help with now
.—-| Effect Effect 4A T ) ‘Ea‘,XZ 777777777
Req Req 2B What made you fecl X?_ _ _ [Can you elaboraic more on X? _|What can help you overcome X7
et 2C|What happened that you want X?|Why are you wanting X? Can you elaborate more on X?
Effect 'What caused you to need X?
1A 2B 3B Req 3A|What made you feel X? Can you elaborate more on X? [Can you elaborate more on X?
Event Event Event 'What happened that you want X?
lEﬁec‘ i e ootV Ll 3B |Can you elaborate more on X? |How did Ximgkeiyoiu feel? ~ ~ |Can you elaborate more on X?
'Why are you wanting X?
lReq Req e SA What caused you to need X?
Event 3C|Can you elaborate more on X? [Can you elaborate more on X?  |What do you need help with now
2C 3C Effect that X?
Lovel ) o ot Rea i 'What can help you overcome ?(?
4A|Can you elaborate more on X? [Can you elaborate more on X? [Can you elaborate more on X?
rrrrrrrrrrrrrrrrrrr ~|Effect Effect No
[ Absent Re Req " .
D Moderate a Table 1: Taxonomy-based question prompts annotated for each taxonomy
[ Present Level 2 Level 3 Level 5

level. X signifies a user-mentioned entity. Questions are generated only for

Figure 2: Taxonomy: CUETAXO.

(Hosseini et al., 2024). By integrating controlled
prompting and reward modeling, our framework en-
hances output quality while aligning better with the
needs of mental health support seekers, addressing
a key research gap.

3 Dataset: REDDME

We propose REDDME, a manually annotated cor-
pus extended from the publicly available mental
health subreddit corpus, BeCOPE (Srivastava et al.,
2025a). BeCOPE categorizes posts into three pri-
mary categories: (a) interactive, if there are back-
and-forth conversations between the OP (original
poster) and peers (b) non-interactive, if the post en-
gages peers, but the OP does not reply to peers (c)
isolated, if the post does not have any comments.
We select 4, 760 posts and manually annotate them
with support attributes: event, effect, and require-
ment on span (rationale) and intensity level.

Motivation for Attribute Selection. During a
conversation with support seekers, therapists often
provide support in stages over time (Ciletti, 2025).
First, they build rapport with the patient, which is
essential for creating a safe and trusting environ-
ment (Adhikary et al., 2024). Following this, they
try to identify the root cause of the patient’s con-
dition, which could be a single event or a series
of events, potentially involving other individuals
(Kirkbride et al., 2024; Cherry and Susman, 2023).
Next, the therapist evaluates the potential effects of
these events on the patient, which can range from
depression and suicidal thoughts to changes in ap-
petite or sleep (Benjet et al., 2016). It’s important
to note that this evaluation is subjective, and the
effects may not always be apparent (Tiwari and

moderate or absent intensities; hence level 5A is not shown.

Deshpande, 2020). Finally, the therapist identifies
what the patient seeks (requirement) from the ther-
apy, which helps keep them proactively involved
and committed (Stewart et al., 2024). It’s crucial
for understanding the support seeker’s perspective
(Geurtzen et al., 2020; Saxena et al., 2022) before
initiating therapy. Figure 3 shows an increase in
the number of comments received by the support
seeker as the level of each attribute increases.

Support Attributes. Building up on these theo-
ries from previous work, we define our three pri-
mary support attributes, which are critical to cap-
ture the help-seeking nature of posts: event, effect,
and requirement.

» Event encapsulates the specific situation, activ-
ity, or event that is the focal point of the sup-
port seeker’s concern. The explicit detailing of
such events provides a contextual background
essential for overall background understanding,
as suggested by Sharma et al. (2020b).

 Effect targets the impact or consequences of the
identified event from the support seeker. By elu-
cidating the effect, the post conveys the emo-
tional or practical repercussions of the situation,
thereby inviting more targeted and empathetic
responses.

* Requirement lays out the expectation (e.g., infor-
mational support, instrumental aid, etc.) of sup-
port seeker from peers. It is crucial in directing
the nature of the assistance sought, and thereby
guiding the potential support trajectory. This
aligns with the insights laid out by Sharma et al.
(2022), highlighting the importance of clearly
articulated needs for effective support.

Table 2 presents example text spans from Reddit
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Attributes Definition

Event Encapsulates the specific situation, activity, or event that is the focal point of the support seeker’s concern. The explicit detailing of such events
provides a contextual background essential for overall background understanding, as suggested by Sharma et al. (2020b). Example: “So [ have
been taking adderall 10mg for a little over a week and I've been testing it. Today I decided to take Adderall and coffee at the same time.”

Effect Targets the impact or consequences of the identified event from the support seeker. By elucidating the effect, the post conveys the emotional or

practical repercussions of the situation, thereby inviting more targeted and empathetic responses.
Example: “I think this was a bad idea because I felt extremely jittery and anxious, but the worst part was I came down from them at the same

time.”
Requirement

Lays out the expectation (e.g., informational support, instrumental aid, etc.) of support seeker from peers. It is crucial in directing the nature

of the assistance sought, and thereby guiding the potential support trajectory. This aligns with the insights laid out by Sharma et al. (2022),
highlighting the importance of clearly articulated needs for effective support.
Example: “So if you guys got any tips that would be helpful, like if its the flu, or the Adderall, or caffeine, or anyone else has experienced this.”

Table 2: Definition and examples of support attributes.

posts illustrating each support attribute.

Annotation Process. The overall annotation pro-
cess is crafted on three major fronts: (a) rationale
(span-level) annotation considering the three sup-
port attributes, (b) intensity level annotation, and
(c) taxonomy-based prompt question annotation.

Rationale Annotation. For each support at-
tribute, we annotate spans corresponding to the
event, effect, and requirement attributes by bound-
ing them with special (start) and (end) tokens — we
use (es), (ee) for event, (efs), (efe) for effect, and
(rs), (re) for requirement, respectively. Due to the
informal nature of the Reddit posts (incorrect gram-
mar, inconsistent punctuation, absence of sentence
markers, etc.), we execute the rationale annotation
on a token level, with a preference for marking
the complete sentences as much as possible. We
share additional details pertaining to the rationale
in Appendix A.

Intensity Annotation. To quantify the presence
of support attributes, we employ a three-scale
Likert rating system for annotation: absent (0),
moderately-present or ‘moderate’ (1), and well-
described or ‘present’ (2), indicating the degree to
which each attribute is reflected in the original post.

4 ES 41 —e— All Combinations
- EFS
= RS
J 2
0
0 1 2

0 1 2 3 4 5 6
b) Sum of Attribute Levels

w

Number of comments
w

Number of comments

a) Attribute Level

Figure 3: (a) Distribution of median number of com-
ments for each level of the support attribute, (b) Median
Number of comments for sum of level of event effect
and requirement for a post.

For instance, if a post does not carry any event ra-
tionale, the corresponding intensity label is marked
as absent. An example is shown in Figure 1.

Taxonomy-based Reference Question Annota-
tion. We introduce a custom taxonomy, CUE-
TAXO, that enables a structured and interpretable
approach to prompting users with targeted ques-
tions for improving support attributes. As shown
in Figure 2, CUETAXO consists of five levels, each
representing varying degrees of completeness for
the three support attributes within a post. Level
1 (none present; red-colored), Level 5 (all well-
described; green-colored), and Levels 2-4 captur-
ing partial expression (yellow-colored). To make
our taxonomy generalizable, we have similar ques-
tions for the same intensities. For cases with absent
attribute information, our evaluations reveal the
need for customized questions that utilize context
from other attributes in the follow-up suggestions
for the support seekers. As a result, CUETAXO
assists in the selection of the ideal template ques-
tion, as depicted in Table 1. For instance, in the
case where event is missing, we ask annotators to
complete: What happened that you wanted X?. X
is a placeholder that annotators can fill in with the
help of rationales.

Annotator Details. We employ two annotators,
aged 21-24, with expertise in linguistics and the
relevant domain, to annotate the dataset. Addi-
tionally, an expert reviewer acts as a moderator
and periodically evaluates the annotation quality.
Both annotators are provided with guidelines and
examples to support the consistent identification
and categorization of each annotation type within
the posts, which we present in the Appendix B.
During the initial training phase, annotators partici-
pate in regular calibration sessions and discussions
to align their interpretation of the guidelines and
resolve any annotation discrepancies. Following
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Support Attributes

Split #Posts  #Prompts APoL

Event AEvVL Effect AEfL Requirement AReL

(words) Ab Mo Pr (words) Ab Mo Pr (words) Ab Mo Pr (words)

Train 3331 5533 180.99 938 568 1825 66.35 1531 415 1385 26.50 1722 359 1250 19.62
Val 953 1583 168.25 268 162 523 61.31 438 118 397 26.72 493 104 356 18.51
Test 476 793 192.81 134 82 260 69.51 221 58 197 25.89 246 52 178 18.82
Total 4760 7909 179.62 1340 812 2608 65.70 2190 591 1979 26.48 2461 515 1784 19.31

Table 3: Statistical Analysis of REDDME. Train, val, test split is 70:20:10. APoL, AEvL, AEfL, and AReL are the
average lengths of post, event span, effect span, and requirement span, respectively. #Prompts defines number of
question-prompts. Ab: Absent, Mo: Moderately Present, Pr: Present.

the training phase, the annotators independently an-
notated two equally divided subsets of the dataset.
To assess inter-annotator agreement, we calculated
Cohen’s Kappa scores on a random sample of 50
instances. The resulting agreement scores were
0.885 for event, 0.886 for effect, and 1.000 for re-
quirement, indicating a high degree of consistency.
Detailed statistics of REDDME are shown in Ta-
ble 3. Further dataset details are in Appendix C.

4 Methodology

In this work, we propose MH-COPILOT, a novel
framework that prompts support seekers with guid-
ing questions based on their posts to elicit improve-
ments. Our framework first identifies the presence
of such attributes and further generates the required
prompts via a hierarchical taxonomy, CUETAXO.
To achieve this, we divide MH-COPILOT into four
fundamental modules: (a) a contextual attribute-
span identifier (CSpan), (b) a support attribute in-
tensity classifier, (c) a guiding question generator,
and (d) a verifier. A schematic diagram of frame-
work is shown in Figure 4. Next, we discuss each
of these modules in detail.

Contextual Span Identifier (CSpan). The
CSpan module is responsible for identifying and
extracting the relevant contextual spans that repre-
sent key attributes of a support-seeking post: event,
effect, and requirement. These components provide
essential context that can help responders better
understand the situation described by the support
seeker. We frame this as an entity extraction task
and fine-tune RoBERTa (Liu et al., 2019) on the
REDDME dataset to extract support attribute spans.
Precisely, for each post P in the dataset, the input
consists of tokens {¢1, t2,...,t,} and correspond-
ing annotated labels {a1, as, . .., ay}, where each
label could be one of event, effect or requirement.
We utilize these spans further in the identification
of the relevant attribute’s intensity.

Support Attribute Intensity Classifier. After
contextual span identification, the next step is to
assess the intensity of each attribute, as a typical
multi-class, multi-label classification problem. The
classifier takes the token-level span outputs from
the C'Span module as input and yields an inten-
sity vector, V' = {Uevent, Veffect; Ureq }» Where each
v; € {0, 1,2} signifies absent (0), moderate (1), or
present (2), respectively. Subsequently, these val-
ues act as the degree to which the support attributes
are articulated in the post. We fine-tune ROBERTa
for this task, which outperforms three baselines
(Table 5). The output of this module guides the
question-generator module by providing informa-
tion on how well the attributes are expressed using
our taxonomy.

Guiding Question Generator. We embed the
CUETAXO taxonomy in the language model via
prompting (Appendix D), by adding the levels of
all the attributes in the prompt for the language
model, enabling it to generate questions that are
informed by the identified spans and their corre-
sponding intensity levels. It ensures that generated
prompts abide by the support attributes. We per-
form supervised fine-tuning of LLMs on REDDME
to train question generator to learn the patterns of
generating helpful prompts that align with the tax-
onomy. Given our prompt, we expect the output to
be contextually relevant questions for each attribute.
For example, if the event component is moderately
described, the prompt generator generates a ques-
tion such as, “Can you describe more about the
event that led to your current feelings?”. Next, we
utilize a reward model to control the generation via
DPO (Rafailov et al., 2023).

Verifier and Reward Modeling. Verifier mod-
ule validates the outputs of the question generator
module across these dimensions:
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1| POST w/ Attribute Spans
COEE ) |,

Support Attribute
Intensity Detection
(Intensity Classifier)

1 O O

Attribute Level Intensity

Suggestive Question Generator
(Language Model)

What made you feel
anxious?

pus Pt 5
[} 9 B Can you elaborate more
> ] ] 3 on how you feel?
=
= 3 3
-—>

What can help you
overcome your anxiety?

N

Contextual Attribute h
Span Classifier
(CSpan)

i

TAXONOMY

Level 1

1| POST

' [®®OJ [@O@] [eToloe

Lovel s
J

Taxonomy-based

Question Prompt [ Reward Computation ]

I
I
|
| What made you feel <x> ?

[ Reference Model’s

Response Ranking
— —
| Can you elaborate more
| on <X>?

| What can help you
Iovercome <X>?

Attribute Structural Empathy Context
Intensity A

VERIFIER MODULE

Figure 4: MH-COPILOT Framework: The four contributory modules are (a) contextual attribute span classifier, (b)
support attribute intensity detection, (c) taxonomy-based question generation, and (d) verifier.

* Support Attribute Category Classifier. This
multi-class classifier verifies whether each gen-
erated question aligns with the intended support
attribute. We employ the best-performing base-
line, ROBERTa, as a reference model in the veri-
fier model. If the question correctly matches the
target attribute, it receives a reward score of 1;
otherwise, it receives a reward score of 0.

* Contextual Grounding Evaluator. The context
map component uses a reference language model
to evaluate how closely the generated question
aligns with the original post. Considering the
large and complex contexts, we employ Llama-
3-70b (Grattafiori et al., 2024) for this purpose.
A score between 0 and 1 is assigned, with higher
scores indicating stronger contextual relevance.

* Structural Adherence Assessor. We ensure that
the generations adhere to a pre-defined structure,
defined within the taxonomy template. A score
of 1 is for correct format and O for deviations.

* Empathy Assessor. We ensure that the genera-
tions are empathetic toward the support seeker,
and carefully avoid triggering language or tone.
We use Llama-3-70b to generate a score between
0 and 1; higher scores indicate higher empathy.

Reward Modeling. The final reward (r) for each
sample is calculated by combining the scores from
all reward parameters, as shown in Equation 1.

_ cC CG EA
r= Z TQ; "TQ; "TQ:
16[1727 ]

(D

"TrsA

where 1, @)2, Q3 represent the questions for
event, effect, and requirement components, and
rCC pCG pEA .SA are the scores for category
correctness using attribute classifier, contextual
grounding using context map, empathy accessor
and structure adherence using structure assessofr,
respectively. We augment preference data to train
MH-CoprIiLOT with DPO by generating two re-
sponses from variant with taxonomy enabled with
supervised fine-tuning (SFT+CUETAXO) for the
training dataset. These responses are then passed
to the verifier module to get a reward score for each
of them, r; and ry using Eq. 1.

Response with the higher and lower rewards
are chosen as preferred (y,) and non-preferred
(Ynp) responses for DPO respectively. This rank-
ing contains the nuances of the context scores,
structure scores, and empathy scores. We cre-
ate the preferential dataset for the responses as:

= {z® ,yp ,y } Here, (%) is the prompt for
@ ()

generating (y,”, Ynp). The resulting preferential
dataset is utilized for reward tuning using the like-
lihood function shown in Eq. 2. Hinge-loss is used
as shown in Eq. 3, where o denotes the logistic
function, and [ is a scaling parameter.

o (Ynp|®)
Wref(ynp|x)

7o (Ypl2)

F =8l -
B o8 Wref(ypkc)

2

Lppo(me; Tref) = —E(y, yo,)~plloga(F)] (3)
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5 Experiments, Results, and Analyses

In this section, we discuss our obtained results from
a single run and the effect of each module in MH-
CoPILOT, followed by human evaluation and anal-
ysis. Additional details are shown in Appendix E.

Performance Comparison and Ablation. We
present the performance comparison of our pro-
posed framework, MH-COPILOT, followed by an
ablation study with all the contributory modules of
MH-CoPILOT. Table 4 presents the performance
of CSpan module for the span prediction task. Ev-
idently, RoBERTa-large, outperformed other en-
coder models on three out of four metrics. It
achieves a score of 45.29%, 62.50%, and 52.52%
on precision, recall, and F1, respectively. These
scores observe a clear increment of +21.32%,
+3.35%, and +13.77% as compared to the second-
best method. Whereas, Table 5 shows the compar-
ison of intensity-classifier. Here, considering the
ordinality in labels, we experiment with ordinal
loss and MSE loss to achieve a best F1 of 77.4%.
For the final task, generating questions, we ex-
periment with a series of LMs. First, in order
to select the base LM of MH-COPILOT, we ob-
serve zero-shot results as presented in Table 6.
Evidently, Gemma-2 outperformed Llama-3, Mis-
tral, and Phi-3 across the complete suite of metrics
with a notable BERTScore (F1) of 88.58 and RL
score of 42.03. We reassess their performance in
a supervised-finetuning (SFT) setup and observe a
mixed behavior, where Llama-3 and Mistral yield
competing scores. However, we utilize Gemma-2
as our foundational model in MH-COPILOT due
to its superior quantitative and qualitative perfor-
mance. Finally, MH-COPILOT achieves improved
scores across all evaluation metrics, with improve-

Models Accuracy Precision Recall  Fl1

T5-Large (Raffel et al., 2020)  66.89 12.54 36.36  18.65
SpanBERT (Joshi et al., 2020)  69.59 22.70 33.66 27.12
RoBERTa-base 74.95 37.33 60.47 46.16
RoBERTa-large 73.00 45.29 62.50 52.52

Table 4: Span prediction results from CSpan.

Models Accuracy F1

ORD MSE ORD MSE
BERT (Devlin et al., 2019) 84.00 82.30 72.00 73.10
MentalBERT (Ji et al., 2022) 85.70 83.70 7320 68.10
MentalRoBERTa 84.80 83.20 71.20 68.30
RoBERTa 86.60 83.30 7740 71.80

Table 5: Attribute intensity classifier results.

ment in the range of +2.34% to +35.74%. Last
row of Table 6 reports percent improvement of
MH-CoPILOT against the best SFT baseline.

Ablation Study. Our ablation study assesses
the contribution of two major modules in MH-
COPILOT: verifier (reward model) and taxonomy.
We present experimental results in Table 7. We
observe that MH-COPILOT suffers a minute loss in
performance when the verifier (Rew) is removed,
with performance not getting impacted quantita-
tively. This raises questions on the impact of re-
ward modeling in MH-COPILOT. However, qual-
itative analysis and human evaluation (Section 5)
reveal substantial improvements in generation qual-
ity with reward modeling. On the other hand,
when removing both verifier and taxonomy, we see
a significant decline in the model’s performance,
showing the essence of taxonomy in the whole
generative framework. For instance, R1 score de-
clines from from 89.30 to 68.20, and BERTScore
(F1) drops from 98.74 to 95.48. Surprisingly,
Mistral4+-CUETAXO yields performance compara-
ble to MH-COPILOT. Later, on qualitative analy-
sis (Appendix G), we observed limitations in the
generations of Mistral, especially pertaining to the
context and LLM’s understanding of the relation
between support attributes.

In general, all language models in our study see
a significant jump in performance with the addition
of our modules (Table 7). For instance, if we con-
sider BERTScore (F1), then we observe improve-
ment of +2.46 points, +3.00 points, and +2.55
points on Mistral, Phi-3, and Llama-3, respectively,
on the addition of both modules.

Qualitative and Error Analysis. To further as-
sess the quality of generations, we perform a quali-
tative analysis of the model’s generation. Also, we
aim to justify the significance of MH-COPILOT’s
reward module, verifier, despite observing only a
small improvement in the quantitative metrics. We
present a sample instance from our framework in
Table 8. In this case, MH-COPILOT is able to iden-
tify that the event attribute is moderately present
and can be further improved. On the other hand,
the effect and requirement questions are direct and
more aligned with the context. Evaluators attest
that there exist cases, where MH-COPILOT per-
forms better than the gold standard.

To further assess the credibility of the model’s
performance and metric selection, we show ad-
ditional examples and analyze them in Table 14
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BERTScore

Models R1 R2 RL Bl B2 B3 B4 METEOR
P R Fl
Mistral (Jiang et al., 2023) 49.15 3747 47.58 50.69 45.52 40.95 35.68 87.01 89.77 88.36 61.63
Phi-3 (Abdin et al., 2024) Zero Shot 39.22 26.98 36.29 43.80 40.04 37.48 3446 8528 89.47 8732 50.09
Llama-3 (Grattafiori et al., 2024) 43.60 28.00 40.80 50.10 45.30 42.20 38.61 87.00 89.12 88.00 48.50
Gemma-2 (Riviere et al., 2024) 45.24 31.64 42.03 5222 48.23 45.48 4241 8727 89.96 88.58 61.51
Mistral (Jiang et al., 2023) 72.39 62.25 69.71 82.25 80.00 78.12 7621  96.55 95.58 96.04 79.83
Phi-3 (Abdin et al., 2024) SFT 66.88 56.66 64.14 78.97 76.48 74.57 72.69  96.07 94.53 9525 75.65
Llama-3 (Grattafiori et al., 2024) 71.30 61.30 68.40 82.30 79.70 77.82 7591 9630 9530 95.80 79.00
Gemma-2 (Riviere et al., 2024) 68.20 58.04 65.58 80.39 77.87 75.95 7400 96.10 9494 9548 76.98
MH-CorILOT SFT + CUE- 89.30 84.50 88.88 93.84 92.36 91.12 89.78 98.81 98.68 98.74 93.84
TAXO + Rew

AMH-CoPu_oT—Sl"l"((%)

123.35 1 35.74 127.49 1 14.02 1 15.45 1 16.64 1 17.80 1 2.34 1 3.24 1 2.81 1 17.54

Table 6: Performance comparison of the proposed method, MH-COPILOT, with four LLMs in two settings,
including zero-shot and supervised-finetuning (SFT). Our proposed version, MH-COPILOT, is built upon Gemma-
2, encompasses controlled taxonomy-based generations (CUETAXO), and is tuned using reward modeling (Rew).
The last row presents our approach’s improvement (in %) with the best variant in the SFT category instead of the
zero-shot category for a fair comparison. We employ standard generation metrics: ROUGE (R-1, R-2, and R-L),
Meteor, BLEU (B-1, B-2, B-3, and B-4), and BERTScore (BS).

(c.f. Section I; Appendix). Although BLEU and
ROUGE may reward lexical similarity (e.g., from
template structure), MH-COPILOT consistently im-
proves semantic relevance by steering the model
to engage with under-addressed or missing entity
types. This supports our broader claim that the MH-
Copilot pipeline, guided by taxonomy-informed
prompts, enhances generation quality.

Human Evaluation. Findings from Table 7 show
that adding the verifier yields only a slight boost
to the performance, questioning reward modeling’s
impact. Although verifier modestly improves gen-
eration quality, we conduct a human evaluation
to more comprehensively analyze it. The aim
is to assess the generic MH-COPILOT’s genera-
tion as well as compares it with non-verifier vari-
ant. Our human evaluation involves scoring the
MH-COPILOT’s generation based on three domain-
centric parameters and four linguistic parameters.
Domain-centric evaluation metrics are defined as

Models R1 R2 RL Bl B2 B3 B4 BS-FI MET
MH-COPILOT 89.30 84.50 88.88 93.84 9236 91.12 89.78 98.74 93.84
—Rew 88.32 8297 87.67 93.00 91.25 89.83 8832 9852 9333
—Rew—CUETAXO 68.20 58.04 65.58 80.39 77.87 7595 74.00 9548 76.98
Mistral (SFT) 7239 6225 69.71 8225 80.00 78.12 7621 96.04 79.83
+CUETAXO 88.98 8377 8831 9349 91.77 90.37 8888 98.68 93.57
+CUETAXO+Rew 88.14 8224 87.42 9249 90.50 89.00 87.52 98.50 92.60
Phi-3 (SFT) 66.88 56.66 64.14 7897 7648 7457 7269 9525 7565
+CUETAXO 86.80 80.94 8598 92.04 90.10 88.69 87.10 9833 92.16
+CUETAXO+Rew 86.56 80.60 85.66 92.00 90.10 88.53 87.00 9825 91.88
Llama-3 (SFT) 71.30 61.30 68.40 8230 79.70 77.82 7591 95.80 79.0
+CUETAXO 8746 8196 86.83 9249 90.70 89.26 87.71 98.28 94.70
+CUETAXO+Rew 8828 8293 87.70 93.17 9141 8998 8848 9835 93.23

Table 7: Ablation Study. We demonstrate the effective-
ness of each model component: taxonomy (CUETAXO),
and verifier for reward modeling (Rew).

follows:

D1: Contextual relevance of the generated ques-
tions with regard to the given input post;
Empathy shows how well the generated ques-
tions avoid triggering the support seeker;
Value addition justifies how much is the gen-
erated question’s response likely to add more

value to the original post.

D2:

D3:

On the other hand, linguistic evaluation metrics are
defined as follows:

L1: Relevance measures the selection of relevant
content considering the reference utterance.
Coherence examines the structure and orga-
nization of the generated responses;

Fluency assesses the linguistic quality of the
generated responses;

Consistency evaluates factual alignment with

the source utterance.

L2:
L3:

L4:

We curated a sample of 40 random instances,
and asked evaluators to rate linguistic metrics (L-
1,2,3,4) on a scale of 1 (worst) to 5 (best) and
domain-centric metrics (D-1,2,3) on a scale of 1
to 3. Evaluators are from mixed professions, aged
between 21-35, and have been previous users of tar-
geted subreddit channels. We repeat the same pro-
cess for non-verifier setup to add justification for
the relevance of reward modeling from a qualitative
aspect. As shown in Table 9, the Domain section
presents domain-centric results, whereas the Lin-
guistic section presents linguistic results. Evidently,
MH-COPILOT excels across all domain-centric and
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Original Post: So I have been taking adderall 10mg for a little over a week and I've been testing it. Today i decided to take adderall and coffee at
the same time. I think this was a bad idea because i felt extremely jittery and anxious, but the worst part was i came down from them at the same
time. I am not fully sure of my personal side effects of adderall yet but coming down at the same time from both I had this weird feeling of nausea,
weak, bad headache, tired, extremely zoned out, and almost like a not knowing what'’s going on kinda feeling, also i’'m just getting over the flu. Not
sure why this happened but it sucked. Should I just avoid caffeine for now on, I can do that cause the adderall is doing way more than the caffeine
was. The reason i’m asking is cause I couldn’t find anyone having this problem. So if you guys got any tips that would be helpful, like if its the flu,

or the adderall, or the caffeine, or if anyone else has experienced this.

= Annotated:  ( Event Level: Moderate )

( Effect Level: Well-described ) ~ ( Requirement Level: Well-described )

( Event: Can you elaborate more on why you are taking adderall? ) ; ( Effect: n/a ) ; ( Requirement: n/a )

= MH-CoPILOT: ( Event Level: Moderate )

( Effect Level: | Moderate | )

( Requirement Level: = Well-described

( Event: Can you elaborate more on the Adderall? ) ; ( Effect: Can you elaborate more on how you feel after taking Adderall? ) ; ( Req: n/a )

Table 8: An error analysis of MH-COPILOT. Event, Effect, and Requirement spans are illustrated in magenta, blue,
and cyan, respectively. [Best viewed in color]. More examples in Appendix F.

Domain Linguistic

D1 D2 D3 L1 L2 L3 L4

w/o Verifier  3.27 1.82 219 346 370 382 3.80
w/ Verifier 343 227 331 362 384 402 3.8

Table 9: Human evaluation on the responses generated
from MH-COPILOT when compared to MH-COPILOT
without verifier. The performance of MH-COPILOT
across all metrics is better than without verifier module.

linguistic metrics. On linguistic aspects, genera-
tions are fluent (4.02) as well as coherent (3.84),
as fluency and coherency receive maximum human
feedback rating after adding the verifier module.
This further indicates that the verifier module out-
puts outperform the non-verifier setup, showing
qualitative superiority. Additionally, annotators fur-
ther state that the generations from MH-COPILOT,
in some cases, surpass the gold standard.

6 Conclusion

To address the persistent issue of low response
rates on support seeker’s posts in OMHCs, we
proposed MH-COPILOT, a reinforcement-learning-
based framework designed to assess and enhance
the clarity of support-seeking posts. Our contribu-
tions include REDDME, a novel dataset comprising
4,760 posts annotated with key support attributes
event, effect, and requirement at both span and in-
tensity levels. Additionally, we propose a dedicated
taxonomy, CUETAXO, for controlled prompting
and generation. Next, we propose MH-COPILOT
that employs CUETAXO to generate contextually
relevant and tailored questions, prompting users
to provide more complete and actionable informa-
tion to improve their posts inorder to elicit more
responses from support-providers. Our extensive
benchmarking against notable language models
demonstrated consistent improvements across 11
metrics. We concluded our work with an exhaus-

tive analysis supplemented with human evaluation.

7 Ethical Considerations

Our work acknowledges that support-seekers of-
ten face disparities in engagement, whereas those
who articulate their issues clearly tend to receive
responses, while others remain unnoticed. It is
worth noting that our system is not intended to ‘di-
agnose’ or ‘suggest’ remedies for mental health
issues. Its sole purpose is to help users articulate
their thoughts more clearly, enabling a better peer
support ecosystem. Our system is designed to be
non-intrusive and supportive, which gradually en-
courages users in crisis to seek peer help. We pro-
vide additional considerations in Appendix H.

8 Limitations and Future Scope

While MH-COPILOT demonstrates significant im-
provements in enhancing support-seeking posts
within OMHC:s, it has limitations, including re-
liance on the specific dataset and potential biases
inherent in language models. Future work could
explore expanding the dataset to include diverse
online platforms and refining the model to better
address nuances in user expression. Furthermore,
MH-COPILOT is inspired by therapeutic princi-
ples and aligns with prior work on explainable
and controllable generation in sensitive domains
like mental health. The modularity also allows
for extensibility to other domains. Additionally,
integrating real-time feedback mechanisms and
user-centered evaluations could further enhance the
model’s applicability and effectiveness in diverse
mental health contexts.
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A Additional Annotation Rationale

In the annotation process, we are required to iden-
tify the precise support attributes that potentially
appeal to support providers to respond. Consider-
ing our goal of proposing a solution that does not
target just one metric and its improvement but a
more holistic improvement in support-seeker ex-
periences, we realize that generating high-quality
suggestions for the users to improve their posts
would require the rationales governing the anno-
tator’s judgment for the presence or absence of
the critical elements. Moreover, at times, support
seekers touch upon the subject without providing
adequate insights, prompting the support providers
to respond in an abstract way. Therefore, we also
mark the intensity/level of their presence in the
post. Finally, to provide proactive support, we an-
notate reference questions that would encourage
the user to write an appropriate post considering
their current attribute-level response.

B Annotator Guidelines

In this annotation task, identify and label spans
within Reddit posts that express emotional distress,
mental health symptoms, coping mechanisms, or
recovery efforts. Focus on subjective, psychologi-
cally significant content such as feelings of sadness,
anxiety, hopelessness, self-perception, mentions of
therapy or medication, or descriptions of distress-
ing experiences. For each span, assign an intensity
score from O to 2. Avoid annotating spans that
are purely narrative, background, or unrelated to
mental health. If a span includes a long sentence
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# Subreddit Description

1 r/Anxiety A subreddit for support and discussion around anxiety disorders.

2 r/ptsd A community for individuals dealing with post-traumatic stress disorder.
3 r/addiction Support and resources for individuals battling addiction.

4 r/ADHD A subreddit focused on attention-deficit/hyperactivity disorder discussions.
5 r/alcoholicsanonymous A forum for members of Alcoholics Anonymous and those interested.

6 r/Anger A community to discuss and manage anger issues.

7 1/BPD A space for individuals with borderline personality disorder.

8 r/depression Support and discussion for those dealing with depression.

9 r/domesticviolence A community for survivors of domestic violence seeking support.

10 r/getting_over_it A space for advice on overcoming challenges and struggles.

11 r/mentalillness Discussions and support around various mental illnesses.

12 r/OpiatesRecovery A subreddit for recovery from opiate addiction.

13 r/rapecounseling Support and counseling for survivors of sexual violence.

14 r/sad A community for sharing and coping with feelings of sadness.

15 r/selfharm A supportive space for those dealing with self-harm.

16 1/selfhelp Resources and discussions on self-improvement and help.

17 r/socialanxiety A subreddit for individuals with social anxiety disorder.

Table 10: Description of the various subreddits used in the BeCOPE (Srivastava et al., 2025a) and also the REDDME

dataset.

expressing different attributes (event, effect or re-
quirement), break the sentence using suitable punc-
tuation and annotate them separately. Be consistent,
base your judgment on the text itself, and flag any
uncertain or potentially serious content for review
if required. Include the title for annotation if the
title includes a significant context.

C Dataset Analysis

Table 10 presents a comprehensive list of the sub-
reddits included in the REDDME dataset. These
subreddits were carefully selected to provide a di-
verse and representative sample of online discourse
across a wide range of topics and communities.
The selection process aimed to capture variations
in language use, sentiment, community norms, and
topical focus, all of which are crucial for robust
linguistic and social analysis.

From the source BeCOPE dataset, we utilize
interactive posts from 17 subreddits, which consti-
tutes a total of 4760 posts. The final dataset, RED-
DME, contains post title, post body, annotated post
body, event-intensity, effect-intensity, requirement-
intensity, event-question, effect-question, and
requirement-question. The average post length
is 179.62 words, and we observe a total of 2125
posts in which the event is absent or moderately
present, whereas 2781 posts for effect and 2976
posts for requirement, where we observe it to be
absent or moderately present. Thus, a large per-
centage of the posts in the dataset either have a
complete absence or only a moderate presence
of the attributes. This indicates that the majority
of support seekers are unable to properly express
their problems. Our annotators’ marked rationale’s
average event-span-length is 65.70 words, 26.48

words for effect-span-length, and 19.31 words for
requirement-span-length. This marks that the sup-
port seekers have mainly written about the trigger-
ing incidents but have provided very little informa-
tion about the supporting effects of that incident
and what they want as help from the community.
The post-body length is observed to follow an in-
creasing trend as the intensity levels increase for
each cue.

D Prompts

Table 11 describes the user and system prompts
used for the Language Models for generating the
guiding questions. The system prompt briefly de-
scribes the role of a Online Mental Health Plat-
forms, support providers and support seekers.

The user prompt consists of the reddit post with
event, effect and requirement spans as well as their
respective intensity levels.

E Training Details

We fine-tune four LMs: LLaMA 3-instruct (8B),
Phi-3-mini-4k-instruct (3.8B), Mistral-instruct-
v0.1 (7B), and Gemma-2-instruct (2B) using the
QLoRA (Dettmers et al., 2024) method (quantiza-
tion=8 bit, r=16, alpha=32, dropout=0.05). The
context length was set to 1024 tokens, optimized
for a balance between the model’s limit and com-
putational efficiency. Training is carried out on 1x
NVIDIA A100 GPUs (80GB) and 1x RTX A6000
GPUs (50GB), ensuring sufficient capacity for gra-
dient accumulation and model checkpoints. We
use a learning rate of 2e-5 for SFT to achieve
stable convergence with AdamW optimizer. The
training was carried out for 2 epochs after which
the models started overfitting. We employed the
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System Prompt

A support seeker on a peer-to-peer (P2P) Online Mental Health Platform (OMHP) is an individual who utilizes digital services to seek
assistance/help for managing and improving their mental health, typically through interactions with peer groups or self-help resources.

The parameters are defined as follows:

Event: This parameter encapsulates the specific situation, activity, or event that is the focal point of the support seeker’s concern. The explicit
detailing of such events provides a contextual background essential for empathetic understanding.

Effect: This aspect targets the impact or consequences of the identified event on the support seeker. By elucidating the effect, the post conveys the
emotional or practical repercussions of the event, thereby inviting more targeted and empathetic responses.

Requirement: This parameter is critical in directing the nature of the assistance sought. It ranges from emotional and informational support to
instrumental aid, thereby guiding the potential response trajectory.

In the posts on OMHP, these parameters can have intensity ranging from 0 to 2, where 0 means absent, 1 means present but needs clarification, and
2 being well-described based on the presence of these parameters in the post.

Consider the following post by a support seeker on a OMHP, in which the spans of text representing event, effect, and requirement have been
marked. Also, the intensity levels for each of the parameters in the post have been provided along with the post. The post is context of the victim.
The <es> and <ee> tags encapsulate the spans for the event parameter, <efs> and <efe> tags encapsulate the spans for the effect parameter, and <rs>

and <re> tags encapsulate the spans for the requirement parameter.

User Prompt

Post: <Post Body>

Event scale: Effect scale: Requirement scale:

Schema: {event_question: , effect_question: , requirement_question: }

Generate 3 questions following the schema provided below the post, for helping the support giver to understand more about the victim. Strictly
follow the question format of schema. Give only the json output as specified in the schema and no explanation needed.

Table 11: The prompts used by language models to generate the guiding questions. The system prompt is a
description of the task and description of all the attributes. The user prompt contains the Reddit post, intensity scale

and schema for the generation format.

BLEU, ROUGE and METEOR metrics with de-
fault parameters from the Hugging Face” Evaluate
library(Von Werra et al., 2022) for our evaluations.
All experiments were run under Python 3.8.19, with
PyTorch 2.4.1 and Transformers 4.45.0°.

F Additional Examples

Table 12 presents representative outputs from the
full MH-COPILOT pipeline. For each support at-
tribute, we display the extracted text spans, their
predicted intensity scores, and an associated guid-
ing question designed to probe that attribute.

G Comparison of Mistral and
MH-CoOPILOT

Table 13 shows a comparative study between the
generations of Mistral and MH-COPILOT. It
clearly shows that RLHF improved the quality of
the generated guiding questions. In case #1, MH-
COPILOT is able to identify that the event attribute
is moderately present and can be further improved.
On the other hand, the effect and requirement ques-
tions are direct and more aligned with the context.
Similarly, case #2 shows that the support seeker had
already described much about the effect attribute
on the topic related to ‘adderall’ but MH-COPILOT

*https://huggingface.co/
3https://huggingface.co/docs/transformers

has incorrectly classified its intensity and gener-
ated a question under that category. In this case,
the fluency of the event question has also suffered.
This proves that the model’s performance remains
intact till the pipeline’s other modules remain in-
tact, as it’s evident that errors at the early phase get
escalated to subsequent steps.

H Additional Ethical Considerations

Our proposed dataset is an extension of the publicly
available BeCOPE dataset, which is anonymized
at the source with all personally identifiable infor-
mation (PII) removed by its original creators. We
ensured that this standard of anonymization was
strictly maintained in our extension. All human
contributors involved in annotation and evaluation
were adults who participated voluntarily with in-
formed consent, having been clearly briefed before-
hand about the nature of the task and the potentially
sensitive content they might encounter. Resources
were provided to help them understand the prob-
lem, and participation remained optional at every
stage. The resulting REDDME dataset will be re-
leased publicly for research purposes under a Cre-
ative Commons Attribution-NonCommercial 4.0
International (CC BY-NC 4.0) license, which al-
lows sharing and adaptation for non-commercial
use with proper attribution. To further safeguard
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Summaries

OP: So I have been taking adderall 10mg for a little over a week and I've been testing it. Today i decided to take adderall and coffee at the same
time. I think this was a bad idea because i felt extremely jittery and anxious, but the worst part was i came down from them at the same time. I am
not fully sure of my personal side effects of adderall yet but coming down at the same time from both I had this weird feeling of nausea, weak, bad
headache, tired, extremely zoned out, and almost like a not knowing what’s going on kinda feeling, also i’'m just getting over the flu. Not sure why
this happened but it sucked. Should I just avoid caffeine for now on, I can do that cause the adderall is doing way more than the caffeine was. The
reason i’'m asking is cause I couldn’t find anyone having this problem. So if you guys got any tips that would be helpful, like if its the flu, or the
adderall, or the caffeine, or if anyone else has experienced this.

= Annotated:  ( Event Level: Moderate )  ( Effect Level: Well-described )  ( Requirement Level: Well-described )
( Event: Can you elaborate more on why you are taking adderall? ) ; ( Effect: n/a ) ; ( Requirement: n/a )

= MH-CopPILOT:  Event Level: Moderate Effect Level: Requirement Level: = Well-described
( Event: Can you elaborate more on the Adderall? ) ; ( Effect: Can you elaborate more on how you feel after taking Adderall? ) ; ( Req: n/a )

OP: Long story short -

Am I completely bonkers here? I get that high energy exercise is good for improving dopamine and norepinephrine recommended, which is for
several reasons but one big one is I get winded climbing short staircases. I'm 250lbs and haven’t even walked for exercise in 6 months so I feel it’s
a terrible idea to jump directly into HIIT.

Am I completely bonkers here? I get that high energy exercise is good for improving dopamine and norepinephrine levels and have had good results
from interval training in the past, but I also don’t want to injure myself or trigger a heart attack. I have promised to do Yoga for a while, starting
slow, and then looking into HIIT later but he called me lazy and said I'm hiding behind my diagnosis to avoid changing bad habits. :(

He’s not usually so mean, but he’s been very pushy about this. I don’t know what to do.

= Annotated:  ( Event Level: Well-described )  ( Effect Level: Absent ) ( Requirement Level: Moderate )
( Event: n/a ) ; ( Effect: How did doing yoga make you feel? ) ; ( Req: Can you elaborate more on what can help you change your bad habits? )

= MH-CoPILOT: Event Level: Effect Level: Requirement Level:
( Event: Can you elaborate more on your diagnosis? ) ; ( Event: Can you elaborate more on your diagnosis ? ) ; ( Event: Can you elaborate more
on your diagnosis ? )

OP: Hey everyone, I'd really appreciate some assistance with this one so please stick with me.

A bit of back ground; I'm a 25 year old female, I've been diagnosed with BPD before someone else diagnosed me with Bipolar type 2. I've always
have massive issues with anxiety and recently OCD, i also had some self harming tendencies.

But one thing really bugs me. Since I was a young teen I've had these extremely in depth fantasys about being someone else, not that odd I know,
but it’s to a crazy extent. I've never brought it up because honestly I'm embarrassed.Always about being this one person I've created in my head,
sometimes I fantasize about being them at differnt stages of their life.<es> But always the same person.<es> I have created all these imaginary
friends and relationship that this persons encounters. My brain acts out full conversations and everything....

I thought maybe this had begun as a coping mechanism after being so alone for so long when I was younger.(Btw were talking about living in these
fantasies for multiple hours a day, while I work, while I drive, sometimes I can’t even concentrate on a movie because of them) it’s all contained in
my head and no one knows it’s happening.

But sometimes I'll catch myself making a facial expression/ sound or movement that’s related to whats happening in my head not real life...

T have friends now and life’s okay, so I don’t know why I still do this, I'm frightened there may be something wrong with my brain that’s laying
dormant...

So does anyone have a name for what this may be?

If you read all of this, thank you so much, really.

= Annotated:  ( Event Level: Well-described )  ( Effect Level: Moderate )  ( Requirement Level: Moderate )

(Event: n/a ) ; { Effect: Can you elaborate more on how the fantasies make you feel? ) ; ( Requirement: Can you elaborate more on what would
help you overcome these delusions ? )

= MH-CoPILOT:  Event Level: - Effect Level: Moderate Requirement Level:
( Event: Can you elaborate more on your fantasies? ) ; { Effect: Can you elaborate more on how you feel about your fantasies ?) ; ( Req: What
do you need help with now that you are having fantasies about being someone )

Table 12: [Best viewed in color] A comparative analysis of positive and error cases of MH-COPILOT. Case #1 and
Case #3 demonstrate the ability to capture insightful nuances, whereas Case #2 demonstrates erroneous generation
escalated from misclassification. Event is illustrated in magenta, effect spans in blue, and requirement spans in cyan.

Additionally

ethical use, researchers accessing the dataset will
be required to agree not to use it for commercial
purposes. The BeCOPE dataset, from which our
work extends, is already publicly available under
similar guidelines.

I Additional Analysis

To further assess the credibility of the selection of
metrics and the model’s performance, we perform
additional qualitative analysis. Table 14 shows
supporting examples for this analysis.

* In the first example from our dataset, the Effect
and Requirement entities are already well de-
scribed (Level 2), whereas the Event entity is
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and incorrect attribute intensity in red.

only minimally present (Level 1). Without Cue-
Taxo, the model generates a follow-up targeting
the Effect entity, already well-formed, thus miss-
ing an opportunity to probe the underdeveloped
Event. With CueTaxo, the follow-up instead tar-
gets the Event, resulting in a more contextually
useful and balanced question. This shift corre-
sponds to an increase in both BLEU and ROUGE
scores, aligning with improved semantic target-
ing.

In the second example, the Requirement entity is
completely missing from the post. Without Cue-
Taxo, the model attempts to generate a follow-up
targeting only this missing entity, while ignoring



Reddit Posts

I keep having positive dreams about the person that raped me over a year ago. he has verbally abused me in public for the past year and made my life a misery.
I am terrified of him. why do i keep having dreams about him where he’s being nice to me and apologising for what he did, in my dreams he is a nice person
but in real life he’s not. please help me understand why this is happening. [Event: 2; Effect: 1; Requirement: 2]

Mistral+ CUETAXO:
Effect question: Can you elaborate more on how you feel about the dreams?

MH-CoPILOT:
Effect question: Can you elaborate more on how the dreams make you feel ?

2. Tloved the Psych Ward I felt so safe and surrounded by nice non-judgemental people but of course my anxiety ruined it and it just became torture I felt on the
verge of throwing up 24/7 and I barely left my room and couldn’t eat and every time I went for meds I shook like I had Parkinsons because my dumb brain
can’t handle people focusing on me They were so nice man they even covered the mirrors for my BDD I wanna go back so bad but I'll feel bad there because
1 feel bad everywhere and I just wanna die so bad. It’s a loss loss I can’t win this battle [Event: 1; Effect: 2; Requirement: 0]
Mistral+CUETAXO:

Event question: Can you elaborate more on what caused your anxiety?
Requirement question: What do you need help with now that you feel bad everywhere?
MH-CoOPILOT:
Event question: Can you elaborate more on why you were in the psych ward?
Requirement question: What do you need help with now that you feel you were tortured in the psych ward?
3. So I have been taking adderall 10mg for a little over a week and IVe been testing it.Today i decided to take adderall and coffee at the same time.I think this

was a bad idea because i felt extremely jittery and anxious, but the worst part was i came down from them at the same time.I am not fully sure of my personal
side effects of adderall yet but coming down at the same time from both I had this weird feeling of nausea, weak, bad headache, tired, extremely zoned out,
and almost like a not knowing what§ going on kinda feeling, also iri just getting over the flu.Not sure why this happened but it sucked.Should I just avoid
caffeine for now on, I can do that cause the adderall is doing way more than the caffeine was. The reason irh asking is cause I couldnf find anyone having this
problem. So if you guys got any tips that would be helpful, like if its the flu, or the adderall, or the caffeine, or if anyone else has experienced this. [Event: 1;

Effect: 2; Requirement: 2]

Mistral+ CUETAXO:
Event question: Can you elaborate more on why you took adderall and coffee at the same time ?

MH-CoPILOT:
Event question: Can you elaborate more on why you are taking adderall?

Table 13: A comparative analysis of guiding questions generated by Mistral + CUETAX0 and MH-COPILOT.

the Event (present at Level 1). CueTaxo instead
guides the model to generate follow-ups for both
missing and underdeveloped entities, better cap-
turing the post’s intent and producing a more
complete response, again reflected in improved
scores.

In the third example, the question generated with-
out CueTaxo is appropriate but fails to include
any question related to the Effect entity. The
CueTaxo-guided output includes this additional,
contextually relevant query. Even though both
versions may receive high BLEU/ROUGE due
to templated phrasing, the CueTaxo version pro-
vides greater utility and completeness, contribut-
ing to a genuine gain in evaluation metrics.
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# Reddit Posts

1. My partner can get very angry at times and it makes me feel uncomfortable. We now have a baby and I do not want him to be that way around her but I don’t
know the best way to talk to him about this. What should I do if he ever is angry around her? I want him to know that it is absolutely unacceptable if he ever
is like that. Any help would be really appreciated.

Without CUETAXO:
Event Question:
Effect Question: How did your partner’s anger make you feel?
Requirement Question:

With CUETAXO
Event Question: Can you elaborate more on your partner’s anger?
Effect Question:
Requirement Question:

2. Tloved the Psych Ward. I felt so safe and surrounded by nice non-judgemental people, but of course, my anxiety ruined it and it just became torture. I felt on
the verge of throwing up 24/7 and I barely left my room and couldn’t eat. Every time I went for meds I shook like I had Parkinson’s because my brain can’t
handle people focusing on me. They were so nice—they even covered the mirrors for my BDD. I wanna go back so bad but I'll feel bad there, because I feel
bad everywhere. I just wanna die so bad. It’s a loss-loss. I can’t win this battle.

Without CUETAXO:
Event Question:
Effect Question:
Requirement Question: What do you need help with now that you feel like you are losing control of your mental health?

With CUETAXO:
Event Question: Can you elaborate more on why you were in the psych ward?
Effect Question:
Requirement Question: What do you need help with now that you feel you were tortured in the psych ward?

3. Tll start off by saying some days I feel somewhat normal. But mainly I isolate myself from people and find other people annoying and sensitive... I also
tend to (and like to) take things quite literally, perhaps due to the structure of programming. My apologies if this is the wrong sub for this, and my behavior
described is actually quite common.

Without CUETAXO:
Event Question:
Effect Question:
Requirement Question: What do you need help with now that you feel isolated from people?

With CUETAXO:
Event Question:
Effect Question: Can you elaborate more on how you feel about socializing?
Requirement Question: What do you need help with now that you feel isolated from people?

Table 14: A comparative analysis of guiding questions generated without CUETAXO and with CUETAXO with
Gemma.
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