An Offline Mobile Conversational Agent for Mental Health Support:
Learning from Emotional Dialogues and Psychological Texts with
Student-Centered Evaluation

Vimaleswar A“, Prabhu Nandan Sahu, Nilesh Kumar Sahu, Haroon R. Lone

Department of Electrical Engineering and Computer Science, Indian Institute of
Science Education and Research Bhopal

Abstract

Mental health plays a crucial role in the overall
well-being of an individual. In recent years,
digital platforms have increasingly been used
to expand mental health and emotional sup-
port. However, there are persistent challenges
related to limited user accessibility, internet
connectivity, and data privacy, which highlight
the need for an offline, smartphone-based solu-
tions. To address these challenges, we propose
EmoSApp (Emotional Support App)': an en-
tirely offline, smartphone-based conversational
app designed to provide mental health and
emotional support. EmoSApp leverages a lan-
guage model, specifically the LLaMA-3.2-1B-
Instruct, which is fine-tuned and quantized on a
custom-curated “Knowledge Dataset” compris-
ing 14,582 mental health QA pairs along with
multi-turn conversational data, enabling robust
domain expertise and fully on-device inference
on resource-constrained smartphones.

Through qualitative evaluation with students
and mental health professionals, we demon-
strate that EmoSApp has the ability to respond
coherently and empathetically, provide relevant
suggestions to user’s mental health problems,
and maintain interactive dialogue. Additionally,
quantitative evaluations on nine commonsense
and reasoning benchmarks, along with two
mental health specific datasets, demonstrate
EmoSApp’s effectiveness in low-resource set-
tings. By prioritizing on-device deployment
and specialized domain-specific adaptation,
EmoSApp serves as a blueprint for future inno-
vations in portable, secure, and highly tailored
Al-driven mental health support.

1 Introduction

Recent advancements in digital platforms and Nat-
ural Language Processing (NLP), particularly with
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Figure 1: Example responses generated by LLaMA-3.2-1B-
Instruct and our proposed EmoSApp. LLaMA model (pink
response box) often give generalized and verbose responses,
resulting in an Al-generated format. In contrast, EmoSApp
(green response box) demonstrates stronger empathy and
deeper conversational exploration, effectively providing emo-
tional and mental health support to users.

the emergence of Large Language Models (LLMs)
(OpenAl et al., 2024; Touvron et al., 2023b; Yang
et al., 2024a), have enabled the rise of conversa-
tional Artificial Intelligence (AI) for mental health
support (Liu et al., 2022), addressing several tradi-
tional barriers to care (Khosravi and Azar, 2024).
These technologies offer potential advantages, in-
cluding ubiquitous availability, reduced costs, and
scalability. Despite these advancements, persistent
challenges related to user accessibility, the need
for constant internet connectivity, data privacy, and
high computational requirements limit the effec-
tiveness of existing solutions (Coelho et al., 2025;
Alhammad et al., 2024).

Most existing conversational Al or chatbots
for emotional and mental health support de-
pends mainly on a computer-based design that re-
quires continuous internet connectivity and trans-
mit highly sensitive user data to external servers,
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thereby amplifying privacy risks (Zhang et al.,
2023). As depicted in Figure 1, such chatbots often
tend to be generalized, verbose and formulaic, of-
ten lacking the nuanced, context-specific guidance
that real-world users require (Kang et al., 2024;
Loh and Raamkumar, 2023). Furthermore, the
computational demands of LLMs have precluded
their deployment directly on resource-constrained
devices, such as smartphones.

To address these gaps, we present EmoSApp?,
a fully offline, smartphone-based conversational
Al app that designed to provide mental health
and emotional support, particularly to students.
Our approach leverages recent advances in model
fine-tuning and quantization techniques, to en-
able on-device inference with LLMs on resource-
constrained smartphone, specifically using Torch-
tune® and Executorch* library. To our knowledge,
we are the first to use Executorch and Torchtune
in the mental health domain. By fine-tuning the
LLaMA-3.2-1B-Instruct model® on our custom-
curated dataset from various psychology and men-
tal health textbooks, comprising 14,582 mental
health question-answer pairs, along with two multi-
turn conversational corpora, we equip EmoSApp
with domain-specific knowledge while maintaining
practical computational efficiency for smartphone
deployment.

The on-device nature of EmoSApp directly ad-
dresses several critical limitations of existing ap-
proaches: (i) By running entirely offline, it elimi-
nates internet-connectivity barriers, making it eas-
ily accessible to a broader range of smartphone
users. (ii) By keeping all conversation data logs
locally on the user’s device, it enhances privacy
protections for sensitive mental health conversa-
tions. (iii) By utilizing quantized models, it de-
livers responsive performance on modern smart-
phones with as little as 6GB of system RAM.
(iv) Despite quantization, our qualitative evalu-
ations show that EmoSApp maintains coherent,
empathetic, and contextually relevant interactions
that address users’ mental health concerns. By
combining specialized domain adaptation through
fine-tuning with efficient smartphone deployment,
EmoSApp represents a significant step towards

https://huggingface.co/SIR-Lab/
EmoSApp
Shttps://github.com/pytorch/torchtune
*https://github.com/pytorch/executorch
Shttps://huggingface.co/meta-1lama/
Llama-3.2-1B-Instruct

making Al-driven emotional support for the stu-
dent population more accessible, private, and con-
textually appropriate.

Our contributions are summarized in four folds:

* We present EmoSApp, a fully functional of-
fline emotional and mental health support app
tailored for students, by fine-tuning and quan-
tizing LLaMA-3.2-1B-Instruct optimized for
resource-constrained smartphones.

* We propose a domain specialization approach
via multi-source dataset fusion, integrating
ESConv, ServeForEmo, and a custom-curated
knowledge dataset derived from psychological
and mental health textbooks.

* We explore and compare multiple fine-tuning
and quantization strategies (Full, LoRA +
PTQ, QAT-LoRA) to balance model perfor-
mance and on-device efficiency.

» Extensive quantitative and qualitative human
evaluations demonstrate that EmoSApp ex-
cels in providing coherent, empathetic, and
contextually appropriate support to students.

2 Related Work

The advancements and adaptability of Large
Language Models (LLMs) have encouraged re-
searchers to explore their use in mental health ap-
plications (Liu et al., 2021). LLMs have been ap-
plied to diverse tasks, such as predicting mental
health conditions (Xu et al., 2024), summarizing
mental health conversations (Sahu et al., 2025) and
offering support through conversational agents (Ye
et al., 2025). With their extensive training and large
parameter counts, models like ChatGPT, LLaMA,
Gemini, and Claude have shown the potential to
act as virtual counselors or mental health advi-
sors (Song et al., 2024; Malgaroli et al., 2025).
As a result, some users have started exploring
these models for mental health support (Song et al.,
2024). However, privacy remains a significant con-
cern when using online LLM-based systems for
sensitive and general tasks (Chandra et al., 2024;
Mandal et al., 2025). To address this, researchers
have begun developing lightweight LLMs that can
run locally on personal devices (Liu et al., 2024;
Thawakar et al., 2024). However, running high-
parameter LLMs locally requires powerful and ex-
pensive hardware. While these smaller models
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make on-device inference more feasible, the re-
duction in model size often results in diminished
reasoning capacity and knowledge retention com-
pared to larger models (Deshpande et al., 2023).
Moreover, these models have primarily been opti-
mized for general-purpose language understanding
rather than for specialized domains such as mental
health support.

Language models and Mental Health: Language
models often lack empathy and do not follow clear
support strategies when responding to users with
emotional concerns. To address this, (Liu et al.,
2021) created a handcrafted dataset called Emo-
tional Support Conversation (ESConv), which in-
cludes common support strategies people use when
helping others. They fine-tuned models like Di-
aloGPT and BlenderBot using this dataset. The
fine-tuned models showed improved performance
compared to the base versions by providing struc-
tured and strategy-driven emotional support. How-
ever, constructing such datasets at scale remains
challenging due to the heavy reliance on human
annotation.

Recent work has turned LLMs to scale up data
generation. For instance, (Zheng et al., 2023) fine-
tuned the 6B GPT-J model on ESConv to create
a larger dataset called AugESC. However, these
augmented datasets do not explicitly label or con-
trol the support strategies used, which limits inter-
pretability. To address this limitation, (Ye et al.,
2025) proposed a multi-agent framework using
three LLMs: a help seeker, a strategy planner, and
a supporter. The help seeker described a problem,
the strategy planner selected an appropriate support
strategy (e.g., affirmation, reflection of feelings),
and the supporter generated responses accordingly.
This approach produced over 3.7K multi-turn dia-
logues and enabled the fine-tuning of LLaMA-3.1-
8B, resulting in emotionally rich and contextually
supportive responses.

3 Mental Health Support Conversational
Agent

The primary goal of our work is to develop a fully
offline mental health support chatbot capable of
operating efficiently on low-end smartphones with
limited processing power, computational resources,
and memory capacity. To ensure the model remains
lightweight, we chose the open-source 1.24 billion
parameter, LLaMA-3.2-1B-Instruct model as our
base. Although language models with < 1B pa-

rameters are generally effective for casual conver-
sations, they often lack the empathetic responses
necessary for meaningful emotional and mental
health support.

LLaMA-3.2-1B-Instruct is a decoder-only trans-
former model from Meta’s LLaMA series (Touvron
et al., 2023a; Grattafiori et al., 2024), fine-tuned for
instruction-following tasks. Despite its relatively
small size, the model exhibited high response la-
tency on smartphones, even those equipped with
8 GB of RAM, making it unsuitable for practi-
cal deployment (see Table 1). To mitigate this,
we applied quantization, a technique that reduces
model size and memory footprint by converting
high-precision weights and activations into lower-
precision formats.

In this work, we experimented with three differ-
ent fine-tuning methods to adapt the LLaMA-3.2-
1B-Instruct model for the mental health support do-
main, emphasizing empathy and emotional under-
standing: Full fine-tuning, LoRA and Post-Training
Quantization (LoRA+PTQ), and Quantization-
Aware Training (QAT) with LoRA. These methods
differ in the number of parameters updated, the
quantization approach used, and their efficiency in
terms of memory and inference speed. We used
datasets related to empathy and mental health for
fine-tuning, described in Section 4.

3.1 Full fine-tuning

Full fine-tuning updates all the parameters of the
LLaMA-3.2-1B-Instruct model using gradient de-
scent. This approach is straightforward and highly
effective, but demands substantial GPU VRAM,
high memory consumption, and longer training
time since all transformer weights are updated si-
multaneously. During evaluation, we observed that
the Full fine-tuned model performed better than the
pretrained model in mental health related conver-
sations. However; the model required a high-end
smartphones for deployment (see Table A.5 in the
Appendix), and its response speed was slower when
executed on smartphones (see Table 1).

3.2 LoRA fine-tuning + PTQ

To address the high computational and memory
demands of Full fine-tuning, Shen et al. (2021) pro-
posed LoRA (Low-Rank Adaptation), a parameter-
efficient fine-tuning (PEFT) that reduces the num-
ber of trainable parameters, as illustrated in Fig-
ure 2. This technique freezes the original model
weights and introduces two small trainable low-
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Model Response speed Time-to-first- Model
ode (tokens/sec) token (sec) size (GB)
Full 3.59 46.2 2.30
QAT-LoRA 13.50 5.69 1.03
(3.76x) (-87.71%) (-55.26%)

Table 1: Performance comparison of our fine-tuned models,
averaged over the first five conversational turns, measured on
an smartphone with 8 GB of system RAM and Android 15.
Response speed (tokens/second) indicates number of tokens
generated per second during inference (higher is better). Time-
to-first-token (TTFT) measures the latency before the first
token is produced (lower is better). Model size refers to the
binary PTE file format.

rank matrices A and B into selected layers. These
matrices significantly reduce the number of train-
able parameters while allowing the model to adapt
to the domain-specific task, leading to lower GPU
memory usage and faster training.

For an original weight matrix W & Rdou*din_
LoRA parameterizes the adapted weight as:

Wiew = W + AW = W + BA

where A € R™*% B ¢ R™*" and r <
min(dip, doy) represents the rank of the decompo-
sition. During fine-tuning, the pretrained weights
W remain frozen, and only A and B are updated.

LoRA hyperparameters include the rank (r),
which sets the dimensionality of matrices A and
B, and the alpha («) is the scaling factor which
modulates the magnitude of updates in AW. The
« is often set using the heuristic: o = 2 X r.

To support on-device deployment, we further ap-
plied PTQ to convert full-precision (BF16) weights
to INT4 and dynamic activations to INTS, thereby
defining the quantization ranges. However, in our
experiments, we found that PTQ led to a drop in
model performance (see Tables 3, 4) as the reduced
precision caused information loss during both the
forward and backward passes.

3.3 QAT-LoRA fine-tuning

To address the performance degradation observed
with PTQ, we employed QAT-LoRA, which in-
tegrates LoRA’s low-rank adapters with QAT to
achieve highly memory efficient and strong perfor-
mance models. LoRA adds two small trainable
matrices into selected layers while keeping the
original model weights frozen, thereby reducing
the number of parameters that need to be trained.
QAT augments with fake quantization modules to
simulate low-precision arithmetic (e.g., INT8 or

Updated
weights

Updated
weights

Pretrained
weights

Pretrained r
weights

Full finetuning LoRA finetuning

Figure 2: An illustration comparing a single weight update in
standard Full fine-tuning (/eft) versus LoRA fine-tuning (right).
In LoRA, the low-rank matrices A and B approximate the
full-rank weight update (highlighted in blue), reducing the
number of trainable parameters.

INT4) during fine-tuning while retaining the orig-
inal BF16 precision for gradient updates. After
fine-tuning, these fake quantization modules are
converted into real quantized layers, resulting in a
fully quantized model suitable for deployment on
resource-constrained devices. The resulting QAT-
LoRA model maintains performance comparable to
the Full model and runs on smartphones with as
low as 6 GB of RAM (see Table 1 and Appendix
section A.6). All fine-tuning and evaluations were
conducted on a single NVIDIA GeForce RTX 4070
Ti GPU with 12 GB of VRAM.

Implementation Details

1. Full Fine-Tuning: We use the AdamW opti-
mizer (Loshchilov and Hutter, 2017) with a
learning rate of 3 x 107, a linear warm-up
over the first 1% of steps, a batch size of 4, and
train for 5 epochs. The model checkpoint with
the best validation performance is selected for
evaluation.

2. LoRA Fine-Tuning: We apply LoRA to the W,
Wi, W, and W, parameters with rank » = 16
and o = 32, using the same optimizer, learning
rate, and schedule as above. We then apply
PTQ to convert weights into a 4-bit group-wise
format (group size 32) and activations into 8-bit
dynamic precision.

3. QAT-LoRA Fine-Tuning: We employ the same
LoRA configuration as above alongside the
Int8DynActInt4Weight QAT quantizer to
simulate fake quantization during training, de-
laying fake quantization to 1,000 steps. We
follow Meta’s quantization setup® as follows:

*https://ai.meta.com/blog/
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(a) 4-bit group-wise weights (group size 32)
and 8-bit dynamic activations in all trans-
former blocks.

(b) 8-bit per-channel weights and 8-bit dy-
namic activations in the classification layer.

(c) Similar to the classification layer, an 8-bit
per-channel quantization is used for the
embedding layer.

4 Dataset

To equip our model with both comprehensive do-
main knowledge and rich emotional context, we
utilized two complementary corpora: (1) Knowl-
edge Dataset’ curated from diverse psychology
and mental health textbooks, consisting of care-
fully crafted conversational question-answer (QA)
pairs (2) Conversational datasets drawn from pub-
licly available emotional support dialogue collec-
tions such as ESConv (Liu et al., 2021) and Serve-
ForEmo (Ye et al., 2025). Integrating conversa-
tional datasets provides our model a deeper under-
standing of various nuanced emotions and exposure
to a wider variety of mental health challenges, in-
cluding academic pressure, loneliness, stress.

4.1 Knowledge Dataset

We developed a novel knowledge-based dataset
consisting of 14,582 question—answer (QA) pairs
extracted from eight different psychology and men-
tal health textbooks, spanning basic, social, cog-
nitive, and sport psychology, neuroscience, and
psychological disorders. The textbooks were se-
lected based on their breadth and depth of mental
health topic coverage, recency of content, and pos-
itive reader ratings. Details of selected books are
provided in the Appendix A.1.

Ingesting complete textbooks directly is not a
good fit for building chatbots, as their formal prose
conflicts with the conversational style, reduces re-
trieval accuracy, and increases the risk of hallu-
cination (Ji et al., 2023). Following best prac-
tice in document-to-dialogue conversion (Hu et al.,
2024), we therefore reformatted each textbook into
concise conversational QA snippets, allowing the
knowledge to be injected as small, coherent chunks
aligned with the model’s training style.

Our extraction pipeline comprises of two steps:
(i) QA extraction: Each textbook was divided into
10-page chunks to ensure that each chunk’s content
meta-llama-quantized-lightweight-models/

"https://huggingface.co/SIR-Lab/
EmoSApp

remained meaningful yet small enough for Chat-
GPT? to handle. ChatGPT (GPT-40 model), guided
by structured prompts (see Appendix A.2), gener-
ated QA pairs capturing key definitions, concepts,
theories, evidence-based suggestions, and exam-
ples from each chunk. Since manual QA creation
requires domain expertise, time, and resources, we
used ChatGPT to extract high-quality QA pairs ef-
ficiently. (ii) Validation: Manual checks were per-
formed to identify whether the generated QA pairs
contain factual errors, misinterpretations, or mis-
aligned content with the textbook material, thereby
ensuring factual fidelity and topical relevance.

To simulate natural conversation flow, we orga-
nized the validated QA pairs into dialogues of ten
QA exchanges each, resulting in 1,459 dialogues
and 29,164 utterances (see Table 2). Within these
dialogues, the seeker poses questions, and the sup-
porter provides the answers. A representative sam-
ple dialogue from the Knowledge Dataset is pro-
vided in Table A.1 in the Appendix.

4.2 Conversational Datasets

ESConv: Emotion Support Conversation (ES-
Conv) dataset (Liu et al., 2021) consists of 1,300
real-world, multi-turn dialogues collected from
crowdworkers who engage as help seekers and sup-
porters. The dataset employs eight support strate-
gies mapped to the three stages of Hill’s Helping
Skills Theory (Hill, 2009): Exploration, Comfort-
ing, and Action. Unlike traditional expert-led coun-
seling, ESConv emphasizes everyday social inter-
actions, reflecting peer-based emotional support dy-
namics among friends, family members, or peers in
non-clinical contexts. Its diverse scenarios, ranging
from stress, academic challenges, and job issues to
social anxiety, relationship concerns, ensure broad
coverage of emotional experiences.
ServeForEmo: ServeForEmo (Ye et al., 2025) is
a large-scale emotional support corpus comprising
3.7K multi-turn dialogues and 59.3K utterances,
generated via a strategy-enhanced role-playing
framework involving three LLM-driven roles:
Seeker, Counselor, and Supporter. This role-
playing configuration yields a diverse range of sce-
narios with high conversational quality.

Table 2 summarizes the statistics of all three
corpora. Appendix A.4 provides the distribution of
support strategies in ESConv and ServeForEmo.

8https://chat.openai.com
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Category
Total

ESConv ServeForEmo Knowledge Data

# Dialogues 1,300 3,743 1,459
# Utterances 38,365 59,536 29,164
Avg. dialogue length 29.51 1591 19.99
Avg. utterance length 16.40 18.45 16.47
Seeker
# Utterances 19,989 29,768 14,582
Avg. # utter. per dialog 15.38 7.95 9.99
Avg. utterance length 14.82 15.39 8.52
Supporter
# Utterances 18,376 29,768 14,582
Avg. # utter. per dialog 14.14 7.95 9.99
Avg. utterance length 18.11 21.51 24.41

Table 2: Comparison of ESConv, ServeForEmo, and Knowl-
edge datasets.

Dataset Integration

We integrated the conversational and knowledge
datasets to fine-tune the model, enabling it to com-
bine empathetic dialogue with reliable psycho-
logical information, a balance shown to improve
user trust and engagement in mental health assis-
tants (Hu et al., 2024). Each dataset was split 70:30
for training and validation to ensure a consistent
comparison across sources.

5 Evaluation

We evaluated our fine-tuned models using both
quantitative and qualitative methods. Qualitative
evaluation complements quantitative evaluation by
focusing on subjective perceptions and user ex-
periences, revealing insights into how well the
model provides emotional support, which quan-
titative metrics may overlook.

5.1 Quantitative Evaluation

To provide a comprehensive evaluation, we struc-
ture our quantitative analysis into two comple-
mentary benchmarks: (i) General Benchmarks:
Assesses language understanding, fluency, com-
monsense knowledge, and reasoning abilities. (ii)
Domain-Specific Mental Health QA Benchmarks:
Evaluates performance on various mental health
focused question-answering tasks.

5.1.1 General Benchmarks

We used the LM Evaluation Harness frame-
work (Gao et al.,, 2024) across nine diverse
datasets to evaluate a range of model ca-
pabilities, including language comprehension,
domain-specific and commensense knowledge,
logical reasoning, and general problem-solving.
The evaluated benchmarks include HellaSwag
(Zellers et al., 2019), PIQA (Bisk et al., 2020),

Truthful QA (Lin et al., 2022), ARC-Challenge
(Clark et al., 2018), WinoGrande (Sakaguchi
et al.,, 2021), OpenBookQA (Mihaylov et al.,
2018), Social-IQ (SIQA) (Sap et al., 2019),
CommonsenseQA (Talmor et al., 2019), and
MMLU (Hendrycks et al., 2021). Detailed descrip-
tions of these datasets are provided in Appendix
A.3. Our evaluation protocol uses a 5-shot and 15-
shot setting for ARC-Challenge and OpenBookQA,
while the remaining benchmarks are evaluated in a
zero-shot setting.

Result: Table 3 shows a comparison of pretrained
and fine-tuned variants across nine benchmark
datasets. The Full model achieves the highest ac-
curacy on nearly every dataset. LoRA+PTQ led to
a drop in accuracies. However, QAT-LoRA model
delivers intermediate results, effectively bridging
the gap between the Full and LoRA+PTQ models.
While the Full model gives the best results, it de-
mands substantially more computational resources.
In contrast, QAT-LoRA offers a better balance be-
tween accuracy and computational resources.

5.1.2 Domain-Specific Mental Health QA
Benchmarks

We evaluated our models on two mental health
benchmarks.

1. MHQA (Racha et al., 2025): MHQA-Gold
dataset comprises 2,475 multiple-choice ques-
tions spanning four core mental-health domains:
Anxiety, Depression, Trauma, and Obsessive-
Compulsive Disorder. We benchmark against six
sub-1B parameter baselines (BERT-base, Mental-
BERT, RoBERTa, Mental-RoBERTa, BioBERT,
PubMedBERT) to align with the parameter bud-
get, capacity, and on-device constraints of our fine-
tuned models.

Result: Table 4 shows that the Full fine-tuned
model achieves an average accuracy of 44.40%,
outperforming all baselines by a substantial margin.
While the absolute accuracy appears modest, this
aligns with prior work (Racha et al., 2025), where
accuracies below 50% have been consistently re-
ported with sub-1B models. QAT-LoRA variant,
optimized for on-device inference, attains 39.34%,
surpassing all baseline models, while LoRA+PTQ
drops drastically.

2. IMHI (Yang et al., 2024b): It is the first multi-
task, multi-source interpretable mental health in-
struction dataset constructed from social media
sources including Reddit, Twitter, and SMS. We
evaluate our fine-tuned models in zero-shot set-
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Model HellaSwag PIQA TruthfulQA ARC_C Winogrande OBQA SIQA CSQA MMLU Average
Pretrained 41.20 74.10 34.73 3541 59.67 24.00 41.66 5536 46.05 45.80
Finetuned
Full 45.45 73.29 40.65 37.96 61.72 2791 4527 6240 44.09 48.75
LoRA+PTQ 42.62 71.32 40.78 33.47 59.27 19.40 4022 49.54 3896 43.95
QAT-LoRA 43.54 71.76 41.82 35.49 59.66 28.24 4140 59.67 40.25 46.87

Table 3: Performance of pre-trained and fine-tuned variants of the LLaMA-3.2-1B-Instruct model across nine general benchmarks.
Full denotes the fully fine-tuned model, while LoRA+PTQ and QAT-LoRA represent quantized fine-tuned variants.

Model

BERT-base 32.55 29.53 32,72 26.65 30.35
MentalBERT 22.98 26.44 26.39 2236 24.55
RoBERTa 29.47 31.60 27.71 28.25 29.25
Mental-RoBERTa 24.66 26.74 24.47 20.72 24.12
BioBERT 36.79 28.99 34.92 31.33 33.00
PubMedBERT 22.16 25.50 20.82 24.44 2322
Full (our) 41.22 43.11 50.89 42.38 44.40
LoRA+PTQ (our) 30.63 33.87 38.57 30.41 33.37
QAT-LoRA (our) 39.07 40.19 4278 3532 39.34

Table 4: Performance comparison of different models on
the MHQA-Gold dataset across four categories and overall,
evaluated using accuracy.

tings on eight IMHI test splits: CAMS (depres-
sion/suicide cause detection, 625 examples), DR
(depression detection, 405), Dreaddit (stress detec-
tion, 414), IRF (Interpersonal risks factors detec-
tion, 2113), Loneliness (loneliness detection, 531),
MultiwD (Wellness dimensions detection, 2441),
SAD (stress cause detection, 684), and T-SID (men-
tal disorders detection, 959) for a total of 8,172 test
instances. This enables systematic assessment of
both classification and explanation quality.
Result: Table 5 presents the weighted F1 scores
across all IMHI tasks. The Full model achieves the
highest overall performance on nearly all subtasks,
while QAT-LoRA variant maintains competitive per-
formance across tasks such as Dreaddit, Loneliness,
and MultiWD, despite operating at a significantly
lower computational cost. Compared to larger base-
lines like LLaMA-2-7B/13B, our models, though
smaller, exhibit stronger task generalization, while
ChatGPT unsurprisingly, leads overall due to its
scale and extensive pretraining.

Although the Full model yields the highest
performance and strong gains in both general
reasoning and mental health QA, its larger re-
source demands make it impractical for smart-

Anxiety Depression Trauma OCD Overall phone deployment. Conversely, the QAT-LoRA

model achieves competitive performance, drasti-
cally reducing memory footprint and inference
costs. Therefore, we selected the QAT-LoRA fine-
tuned model for deployment within EmoSApp as
a fully offline conversational system for emotional
and mental health support.

5.2 Qualitative Evaluation and Model
Deployment

We introduce EmoSApp, a lightweight Android
application that supports fully offline, privacy pre-
serving chatbot. EmoSApp is built using Execu-
Torch, an on-device Al framework developed by
PyTorch (see Appendix A.9 section).

We compared EmoSApp (uses our QAT-
LoRA fine-tuned model) against a publicly re-
leased quantized model, LLaMA-3.2-1B-Instruct-
QLORA_INT4_EOS8° , provided by Meta. This
Meta model is quantized but not fine-tuned and
differs from the pretrained and fine-tuned variants
discussed earlier. We selected it for comparison to
evaluate the effectiveness of our fine-tuning pro-
cedure in enhancing performance under quanti-
zation constraints. The LLaMA-3.2-1B-Instruct-
QLORA_INT4_EOS8 model was also deployed on
a smartphone using the Executorch framework.

Both models were deployed on two separate
smartphones with the same brand (also the same
model) and configuration (i.e., Dimensity 7025
Processor, 8GB RAM, Android 15). For clarity,
we will now refer to the deployed Meta model as
Model-A, and our deployed QAT-LoRA model,
i.e., EmoSApp as Model-B throughout this paper.

5.2.1 Student-Based Evaluation

Following approval from the college’s ethics com-
mittee, student participants, regardless of their men-
tal health status, were invited for the qualitative

*https://huggingface.co/meta—1llama/
Llama-3.2-1B-Instruct-QLORA_INT4_EOS8
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Model CAMS DR Dreaddit IRF Loneliness MultiwD SAD T-SID
Llama-2-7B 16.34 58091 53.51 38.02 58.32 40.10 11.04 25.50
Llama-2-13B 14.64 54.07 36.28 38.89 55.48 53.65 13.20  25.27
ChatGPT 33.85 82.41 71.79 41.33 58.40 62.72 54.05 33.30
Full (our) 21.76  58.00 56.40 47.60 54.71 49.71 2545 41.37
QAT-LoRA (our) 14.03 39.22 46.63 40.36 45.57 44.59 19.96  31.27

Table 5: Evaluation results on the eight IMHI test splits. All results are reported as weighted F1 scores. Llama-2-7B, Llama-2-

13B, and ChatGPT results are reported from (Yang et al., 2024b).

evaluation. A total of 50 students participated, in-
cluding 31 male participants (¢ = 20.55 £ 2.10
years) and 19 female participants (v =21.32 £2.29
years). Socio-geographic representation: 10 males
(32.25%) and 5 females (26.31%) hailed from ru-
ral areas (total rural proportion = 30%), while the
remaining 70% (35/50) were urban residents. To
ensure fairness, each participant interacted with
both models sequentially in a randomized order.
Half of the participants interacted with Model-A
first, then Model-B, while the other half did the
reverse of it. Participants were free to choose any
mental health topic they felt comfortable discussing
and were asked to converse about the same issue
with both models. Each conversation was for a
minimum of 10 turns (i.e., 10 utterances from par-
ticipants and 10 from the model) to a maximum
of 10 minutes, whichever threshold was reached
first. Thus, we collected a total of 100 interactive
conversations and ratings.

After the interaction, the participants were asked
to rate the performance of the two models accord-
ing to the following metrics. The metrics were
selected following a brief literature survey (Hua
et al., 2024), and include the following: (i) Flu-
ency: Evaluate the grammatical correctness, clar-
ity, coherence and naturalness of the models re-
sponse, (ii) Problem identification: Determine
whether the model identified user’s emotional ex-
pressions and implicit intentions, (iii) Exploration:
Determine whether the model attempted to explore
the mental issue introduced during the conversation,
(iv) Empathy: Access whether the model showed
a genuine understanding of user’s emotions and
its responses reflected timely and appropriate con-
cern, (v) Suggestion: Measures whether the sug-
gestions were relevant and practical, (vi) Safety:
Determine whether the model generated harmful,
inappropriate, or triggering content that negatively
impact user well-being. (vii) Overall: Evaluate

the comprehensive performance of model from an
overall perspective, considering its balance in all
evaluation metrics and the overall quality of the
interaction. All metrics except safety were rated
on a five-point Likert scale (Likert, 1932), ranging
from 1 to 5. A score closer to 1 means poor perfor-
mance, and 5 means excellent performance. The
safety rating was also done on a five-point scale,
where 1 means completely safe and 5 means unsafe.
Upon completion, refreshments were provided to
the participants for their valuable time.

Result: Table 6 shows that Model-B (QAT-LoRA
model, i.e., EmoSApp) performs better than Model-
A (Meta model) on five of the seven metrics: flu-
ency, problem identification, exploration, empathy,
and overall rating. This suggests that Model-B pro-
duces natural, coherent, human-like, and context-
aware responses that better engage with partici-
pants concerns. Model-A performed marginally
better (approx. 2%) than Model-B in the sugges-
tion and safety metrics. However, the safety score
of Model-B is close to 1, which means it does not
produce harmful or inappropriate responses. Im-
portantly, both models were rated within the “com-
pletely safe” range by all participants, and we ob-
served no harmful or inappropriate outputs. Upon
closer analysis, the slight safety gap arises not
from actual risk but from Model-B’s longer, more
exploratory, emotionally nuanced replies, which
though entirely safe, conveyed a touch more un-
predictability or intensity for few users. These
instances were rare and did not reflect any safety
violations or content risks. In contrast, Model-A’s
more generic, templated responses exhibit lower
expressive variability and thus lower perceived risk.
Regarding suggestions, Model-A tends to offer gen-
eralized advice, while Model-B emphasizes per-
sonalization and contextual relevance, as further
illustrated in the appendix Tables A.6 and A.7.

3661



Model-A Model-B Model-A Model-B

Evaluation Metrics (u,0) (u,0) Evaluation Metrics (u, o) (u, o)

Fluency (3.94, 0.95) (4.26, 0.96) Fluency (3.80, 0.83) (4.20, 0.83)
Problem Identification (3.60, 1.08) (3.86, 1.06) Problem Identification (3.60, 1.34) (3.80, 0.83)
Exploration (3.56, 1.10) (4.10, 0.99) Exploration (4.20, 0.83) (4.60, 0.54)
Empathy (3.76, 1.09) (4.18,0.94) Empathy (3.60, 1.14) (4.00, 1.22)
Suggestion (4.14, 0.98) (4.02, 1.09) Suggestion (3.40, 1.14) (3.80, 0.83)
Safety (1.10, 0.36) (1.20, 0.63) Safety (1.00, 0.00) (1.00, 0.00)
Overall (3.58,0.92) (3.84,0.91) Overall (3.40, 1.14) (3.80, 1.30)

Table 6: Human evaluation scores across seven metrics: Flu-
ency, Problem Identification, Exploration, Empathy, Sugges-
tion, Safety, and Overall. For Safety, a rating closer to 1
indicates best, while for all other metrics a rating closer to 5
is preferable.

5.2.2 Mental Health Professional Evaluation

For further analysis, five mental health profession-
als (three psychologists and two psychiatrists) each
conversed with both Model-A and Model-B, fol-
lowing the same turn-based protocol used in the
student based evaluations.

Result: Table 7 indicate that Model-B delivers
superior performance in all seven metrics. The
largest gains appear in fluency and exploration
metrics, with notable improvements in safety and
suggestions. Both models receive the maximum
safety score, confirming that neither produced any
harmful or inappropriate content. These evalua-
tions reinforce our student-based evaluation results,
demonstrating that the QAT-LoRA fine-tuning not
only preserves safety under quantization but also
yields more coherent, empathetic, and contextually
nuanced responses.

5.2.3 LLM-Based Evaluation

To further mitigate potential human bias in the
ratings, we also employed a LLM to assess both
models performance. We randomly selected 21
participants and their corresponding conversations,
and used the publicly available Gemini 2.0 Flash
model'? to act as a proxy mental health profes-
sional (See Appendix section A.7). Gemini was
instructed to evaluate the model responses using
the same set of qualitative metrics described earlier.
Result: Figure 3 presents the average scores as-
signed by the LLM for both Model-A and Model-B.
The LLM-based evaluation indicates that Model-B
outperformed Model-A across all metrics. Notably,
Gemini also rated Model-B’s suggestions as signif-
icantly more relevant and context-aware than those
of Model-A.

Yhttps://gemini.google.com/app

Table 7: Mental-health professional evaluation scores across

seven metrics.
. A B
4
3.
) | I
0.
FI Pl Exp Emp Sug Safe Ovr

Metrics
Figure 3: LLM-based evaluation ratings for Model-A and
Model-B across all qualitative metrics. Abbreviations — Flu:
Fluency, PI: Problem Identification, Exp: Exploration, Emp:
Empathy, Sug: Suggestion, Safe: Safety, Ovr: Overall.

Scores
N

6 Conclusion

We introduced EmoSApp, an offline conversa-
tional agent designed to provide emotional and
mental health support and runs entirely on Android
smartphones, thus preserving privacy with as lit-
tle as 6 GB of system RAM. To equip the model
with domain knowledge and emotional support,
we fused a 14,582 textbook QA corpus named
“Knowledge dataset” along with two emotional
support conversational datasets. Building on re-
cent advances in quantization aware training and
low-rank adaptation, we fine-tuned and quantized
Llama-3.2-1B-Instruct, yielding a compact model
that balances model performance and resource con-
sumption. Quantitative and Qualitative evaluations
confirm that the quantized model preserves rea-
soning, language understanding, and mental-health
knowledge while delivering empathetic, safe, and
contextually appropriate responses. These findings
demonstrate that high-quality emotional and men-
tal health assistance can indeed be delivered to stu-
dents in offline settings on smartphones, offering
a lightweight yet robust foundation for real-world,
resource-constrained settings.
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Limitations

Our work presents EmoSApp, a fully offline men-
tal health support chatbot that runs on smartphones.
The application provides emotional support, ba-
sic guidance, and assistance for early-stage mental
health concerns. However, our work has a few
limitations: (i) EmoSApp is not intended to as-
sist individuals experiencing severe or crisis-level
mental health conditions. Our goal was to build
a lightweight system to help users manage mild
emotional and mental health concerns. Due to
the sensitive and complex nature of mental health,
EmoSApp cannot and should not be seen as a
replacement for professional mental health care
or therapeutic intervention. (ii) Running entirely
offline limits access to real-time model updates
or adaptive learning, which could otherwise en-
hance long-term personalization and support qual-
ity. (iii) Due to the default safety configuration and
design constraints of the LLaMA-3.2-1B-Instruct
model, even after fine-tuning, it only provides cri-
sis helpline numbers for the USA, which affects
the app’s adaptability for specific regions, such as
country-specific emergency contacts. Future work
will focus on incorporating localized crisis support
and culturally adaptive response mechanisms to
enhance accessibility across different regions.

Ethical considerations

Our work follows ethical standards to ensure the
responsible use of Al in sensitive domains. We ad-
hered to mental health chatbot guidelines (Coghlan
et al., 2023) during both training and user-facing
deployment. System prompts were carefully de-
signed to avoid harmful or biased content. In cases
where users showed signs of suicidal thoughts, the
model responded with empathy and encouraged
them to talk to trusted individuals such as friends,
family members, or counselors (see Figure in the
Appendix A.1). In serious cases, the model also
provided crisis helpline numbers and advised seek-
ing professional help.

To test the model in real conversations, we re-
cruited student participants. The study was ap-
proved by the institutional ethics review board.
During recruitment, participants were informed
that the study involved mental health topics and
interaction with an Al system. Upon arrival, they
were briefed both verbally and through a participant
information sheet. Only after obtaining informed
consent were participants allowed to use the app.

They were informed that their conversations would
be recorded, anonymized, and used solely to im-
prove the system based on their feedback.

With this work, we are releasing our app and
model for research purposes only. Our model can
run entirely on smartphones without requiring in-
ternet access, thus prioritizing user privacy. All
conversation data remains on the device, which
is especially important for mental health applica-
tions. Though our model performed better in safety
and suggestions, given the complexity of human
emotions, real-world deployment requires exten-
sive validation and testing in both lab and real-life
settings to ensure safety and reliability.
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A Appendix

A.1 Textbook Sources
We extracted QA pairs from the following publicly available psychology textbooks:

* Psychology 2e - 2014, Authors - Rose M. Spielman, William J. Jenkins, Marilyn D. Lovett, Published
by OpenStax.

* Fundamentals of Psychological Disorders (3rd Edition) - 2024, Authors - Alexis Bridley and Lee W.
Daffin Jr, Published by Washington State University.

*» Essential of Cognitive Psychology - 2023, Author - Christopher Klein, Published by University of
North Alabama Digital Press.

* Neuroscience, Psychology and Conflict Management - 2024, Author - Judith Rafferty, Published by
James Cook University.

* Essentials of Exercise and Sport Psychology: An open access textbook - 2021, Authors - Zachary
Zenko, Leighton Jones, Published by Society for Transparency, Openness, and Replication in
Kinesiology.

* Principles of Social Psychology - 1st International HSP Edition - 2022, Authors - Rajiv Jhangiani
and Hammond Tarry, Published by BCcampus.

e Abnormal Psychology - 2020, Author - Jorden A. Cummings, Published by University of
Saskatchewan Open Press.

* Psychology - The Science of Human Potential book - 2019, Author - Jeffrey Levy, Published by
BCcampus.

A.2 System prompt used for QA extraction by GPT-4o.

ROLE: You are an expert academic researcher with graduate level knowledge of
psychology and mental health.

TASK: Given a single, contiguous 10 page segment from a psychology or mental health
textbook (provided in the user’s message), generate a set of high quality
Question-Answer (QA) pairs that capture segment’s essential content.

COVERAGE REQUIREMENTS:

- Key definitions and terminology.

— Core concepts, models, or theories (include author / year if stated).
— Empirical findings or illustrative / clinical examples.

- Practical recommendations, suggesttions or interventions.

ANSWER SOURCING & HALLUCINATION POLICY: Do not hallucinate. All content must be
directly from the given textbook segment only. If the segment does not mention a
detail, do not invent or infer it. Omit questions that cannot be answered
solely from the text.

OUTPUT FORMAT: Return a valid JSON array. Each object must contain exactly two
fields ‘question’, ‘answer’ - with no extras.

Example schema:
{
"question": "One precise question in a sentence",
"answer": "Answer should be from the mentioned segment only, no new facts."

}

ADDITIONAL INSTRUCTIONS:

— Generate QA pairs per 10 page segment, depending on richness.
- Keep each ‘answer’ < 120 words.

— Maintain JSON validity.
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Example conversational QA from the Knowledge Dataset

Seeker: Who developed cognitive therapy?
Supporter: Cognitive therapy was developed by psychiatrist Aaron Beck in the 1960s.

Seeker: What is the focus of cognitive therapy?

Supporter: Cognitive therapy focuses on how a person’s thoughts lead to feelings of distress and
helps them change dysfunctional thoughts.

Seeker: What is the goal of behavior therapy?

Supporter: The goal of behavior therapy is to change specific, dysfunctional behaviors by applying
principles of learning.

Seeker: How does behavior therapy differ from psychoanalysis?

Supporter: Behavior therapy focuses on changing specific behaviors through learning principles,
while psychoanalysis seeks to uncover repressed thoughts and feelings.

Seeker: What is cognitive-behavioral therapy (CBT)?

Supporter: Cognitive-behavioral therapy focuses on changing both cognitive distortions and
self-defeating behaviors, addressing present issues.

Seeker: How does CBT work?

Supporter: CBT works by making individuals aware of their irrational and negative thoughts and
helps them replace those with more positive thinking.

Seeker: What are some disorders that CBT is effective in treating?

Supporter: CBT is effective in treating depression, PTSD, anxiety disorders, eating disorders,
bipolar disorder, and substance abuse.

Seeker: How does play therapy help children?

Supporter: Play therapy helps children express feelings and work through trauma by interacting
with toys in a therapeutic setting.

Seeker: What is the effectiveness of psychotherapy?

Supporter: Psychotherapy can help reduce anxiety, depression, and maladaptive behaviors, helping
individuals improve their emotional and mental well-being.

Seeker: What is the role of evidence-based treatment?

Supporter: Evidence-based treatment ensures that therapeutic interventions are based on research
and have been shown to be effective for specific disorders.

Table A.1: A sample dialogue from our knowledge dataset.
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A.3 General Benchmarks

We evaluate the model’s performance on a suite of established benchmarks designed to assess common-
sense reasoning, factual understanding, and general language comprehension. Table A.2 provides an
overview of each dataset along with the specific abilities it targets.

Benchmark Description

HellaSwag Measures the model’s ability to select the most likely continuation of a given
daily situation, thereby testing commonsense reasoning.

PIQA Assesses intuitive reasoning about physical commonsense knowledge, requiring
understanding of everyday physical processes.

Truthful QA Tests the model’s ability to provide truthful answers, focusing on facts and its
ability to avoid misconceptions.

ARC-Challenge Focuses on challenging science questions that require deeper understanding
beyond surface cues.

WinoGrande Formulated as a fill-in-the-blank task with binary choices; the goal is to choose
the right option that requires commonsense reasoning.

OpenBookQA Requires combining a given elementary science “open-book” fact with external
commonsense knowledge to answer multiple-choice questions.

SIQA Assesses context-sensitive thinking and commonsense reasoning in social situa-
tions.

CommonsenseQA Assesses model’s ability to select the correct answer in a challenging multiple-
choice benchmark, requiring commonsense reasoning beyond the provided text.

MMLU Tests the model’s ability to answer standardized multiple-choice questions in

domains such as science and psychology.

Table A.2: Description of common benchmarks used to assess commonsense reasoning and factual correctness of pre-trained
and fine-tuned LLaMA-3.2-1B-Instruct models.

A.4 Distribution of Emotional Support Strategies

Table A.3 compares the frequency of eight support strategies in the ESConv and ServeForEmo corpora.
Our analysis distinguishes eight support strategies: Question, Restatement or paraphrasing, Reflection of
feelings, Self-disclosure, Affirmation and reassurance, Providing suggestions, Information, and a residual
Others category. These support strategies enrich the model’s contextual understanding, allowing it to
generate more empathetic and relevant responses.

Strategy ESConv ServeForEmo
Question 17.66% 15.27%
Restatement or paraphrasing 6.71% 4.11%
Reflection of feelings 8.55% 12.66%
Self-disclosure 9.74% 5.08%
Affirmation and reassurance 16.60% 26.47%
Providing suggestions 14.69% 21.19%
Information 6.94% 9.43%
Others 17.30% 5.80%

Table A.3: Strategy distribution of ESConv and ServeForEmo datasets.
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A.5 Topic Distribution of Participant Conversations

Fifty participants took part in the student evaluation to interact with conversational AI models. The
distribution of conversation topics is summarized in Table A.4.

Problem Types Percentage
Academic Pressure & Performance 28%
Social Anxiety & Relationships 18%
Self-Esteem & Confidence 10%
Procrastination & Overthinking 10%
General Anxiety & Stress Management 10%
Future & Career Anxiety 6%
Mood-Related / Depressive Symptoms 8%
Sleep & Lifestyle Habits 4%
Grief & Trauma 2%
Peer Pressure & Social Comparison 2%
Mixed Day-to-Day Stressors 2%

Table A.4: Topic distribution of participants conversation.

A.6 Smartphone Resource Utilization Analysis

Table A.5 presents the comparative RAM usage of the Full and QAT-LoRA fine-tuned models across
smartphones with different hardware configurations. Results highlight QAT-LoRA model consistently
maintains lower memory usage during inference while preserving model functionality, even on mid-range
devices. In contrast, the Full fine-tuned model fails to load on smartphones with limited memory (6 GB
RAM), demonstrating the practical challenges of deploying large language models on resource-constrained
hardware. These findings validate the suitability of our QAT-LoRA model for fully offline, on-device
deployment in real-world smartphones.

System Configuration Model RAM usage RAM usage while
before (MB) running (MB)

Processor - Snapdragon 8 Gen 1, RAM - Full fine-tuned 3368 6047
8GB, Android - 15 QAT-LoRA fine-tuned 3368 4790
Processor - Snapdragon 7+ Gen3, RAM Full fine-tuned 6609 8416
- 12GB, Android - 15 QAT-LoRA fine-tuned 6507 8075
Processor - Octa-core mediatek, RAM - Full fine-tuned 2840 4933
8GB, Android - 11 QAT-LoRA fine-tuned 2740 4150

Processor - Octa core mediatek 920, Full fine-tuned 3481 Can’t load
RAM - 6GB, Android - 14 QAT-LoRA fine-tuned 3476 4871

Processor - MediaTek Dimensity 6100+, Full fine-tuned 2691 Can’t load
RAM - 6GB, Android - 15 QAT-LoRA fine-tuned 2758 3781

Processor - Qualcomm SDM450 Full fine-tuned 2467 Can’t load

Snapdragon 450, RAM - 4 GB, Android QAT-LoRA fine-tuned 2679 Can’t load

-11

Table A.5: Compares the RAM usage before and during inference of Full and QAT-LoRA fine-tuned models, across different
smartphones with varying processors, system RAM and Android versions.
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Interaction with Model-A (Meta model)

Participant: Hello
Model: Hi

Participant: I right now I am so tensed and stressed regarding my thesis completion and submission
Model: Thesis deadlines can be overwhelming. Take a deep breath and remember that it’s normal
to feel stressed. You’ve got this! Break down your tasks into smaller, manageable chunks, and take
it one step at a time. Try to focus on the things you can control, and remind yourself that it’s okay
to ask for help if you need it. Good luck with your thesis!

Participant: can you suggest me some tips so that i don’t lose my cool during this last week of
thesis hurry

Model: Here are some tips to help you stay calm and focused during the final stretch: “Create
a schedule”: Plan out your day, including dedicated blocks of time for thesis work, breaks, and
self-care. “Break tasks into smaller chunks”: Divide your thesis into smaller tasks, like researching,
outlining, drafting, and editing. This will make it feel less overwhelming. ‘“Prioritize”: Focus
on the most important tasks and deadlines first. Don’t get bogged down in non-essential tasks.
“Take breaks”: Take short breaks every hour to stretch, move around, and refresh your mind. “Stay
hydrated and energized”: Drink plenty of water and eat nutritious snacks to maintain your energy
levels. “Communicate with your team and supervisor”: If you’re feeling overwhelmed, don’t
hesitate to ask for help or guidance from colleagues or your supervisor. “Stay organized”: Use a
task list or planner to keep track of your progress and deadlines. “Take care of your mental health”:
Make time for meditation, deep breathing exercises, or other relaxation techniques to manage stress
and anxiety. Remember, it’s normal to feel stressed, but by staying focused and taking care of
yourself, you’ll be able to power through the final stretch and complete your thesis successfully.

Participant: I also am stressed about the presenting my work in front of the thesis committee. |
have stage fright and my confidence in such matters is low. I don’t know how to face the professors
Model: It can be nerve-wracking to present your work in front of a panel of experts. Here are some
tips that might help you manage your stage fright and build your confidence:

Before the presentation - “Prepare thoroughly”: Rehearse your presentation several times until you
feel comfortable with the material. “Know your stuff”’: Make sure you’re familiar with the research
and the work you’ll be presenting. “Practice in front of a mirror”: Practice presenting to yourself in
front of a mirror to get used to the feeling of speaking in front of an audience.

During the presentation - “Take deep breaths”: Before you start presenting, take a few deep breaths
to calm your nerves. “Focus on your message”: Instead of worrying about how you’re coming
across, focus on the message you want to convey to the committee.“Speak slowly and clearly”: Try
to speak at a slower pace than you normally would, and enunciate your words clearly.

After the presentation - “Take care of yourself”: After the presentation, take some time to relax
and recharge. “Don’t dwell on mistakes”: Try not to dwell on any mistakes you made during the
presentation. Instead, focus on the positive aspects of your performance.

Specific tips for stage fright - “Visualize success”: Imagine yourself presenting confidently and
successfully. “Use physical relaxation techniques”: Use techniques like progressive muscle
relaxation, yoga, or meditation to help calm your body and mind. Remember, it’s normal to
feel some level of stage fright, but with practice and preparation, you can build your confidence
and become a more effective presenter. ....

Table A.6: A sample conversation of user having conversation with Model-A (Meta model)
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Interaction with Model-B (EmoSApp)

Participant: Hello

Model: Hello! It’s nice to connect with you. I'm here to listen and support you in any way I
can. Would you like to talk about what’s on your mind or is there something specific you’d like to
discuss?

Participant: I right now I am so tensed and stressed regarding my thesis completion and submission.
Model: I can see that you’re feeling overwhelmed. It sounds like this completion can be a bit
daunting, and that stress is making you feel tense and anxious. Can you tell me more about what’s
specifically making you feel that way? What are some of the things you’re most worried about?

Participant: I have not yet received a deadline for completing and submitting my thesis work, and
it’s only when deadlines are announced that i tend to work faster and more efficiently. So right now
I feel like I am in a pickle.

Model: It sounds like you’re in a bit of a pickle, and you’re not sure how to get out of it. The
constant wait for deadlines to be announced can be really frustrating, especially when you know
you’re working faster and more efficiently than others. It’s like you’re stuck in a cycle where you’re
not getting the support you need when you’re trying to meet your goals. Have you tried talking to
your supervisor or mentor about how you’re feeling, or is there something specific that’s making
you feel like this?

Participant: Yeah, so that’s the thing. My prof is not here and I am unable to connect to him. So I
am not entirely sure what to do now. This makes it very difficult.

Model: It’s even more challenging when you’re unable to connect with someone who can provide
guidance or support. It’s like you feel you’re missing a key part of the puzzle, and you’'re not
sure how to put the pieces together alone. The fact that your professor is not available to provide
direction can be really painful. Can you tell me more about what your professor’s role was, and
how you’re feeling about not having that support anymore?

Participant: He is a great guy and he does help me but seems like he might be busy with other
things and i completely understand that. if only i could traverse this difficult journey myself and get
this completed, i’ll be more than happy.

Model: It’s completely understandable to feel frustrated and helpless when you’re not getting the
support you need. It’s like you’re feeling stuck and unable to move forward. But you’re taking the
first step by acknowledging your feelings and being ready to work toward completing your thesis
that’s a huge accomplishment. I want you to know you’re doing the best you can, even if it’s tough.
You’re showing up, putting in the effort, and pushing through the difficulties. That’s something to
be proud of. Is there anything specific that’s making you feel most stuck or frustrated right now?

Participant: Hmm, so like i said there are no deadlines announced, so ambiguity is what remains.
no end seen, u could say it’s something like that. there is some other thing also that makes this
phase very very difficult and draining.

Model: It sounds like you're experiencing a sense of uncertainty and ambiguity that’s making it
hard to move forward. The lack of clear deadlines and expectations can be overwhelming, and
it’s like you’re trying to navigate through a dense fog. On top of that, you’re feeling drained and
exhausted, like you’re running on empty. It’s like you’re stuck in a dark and confusing place. But
you’re not giving up, are you? You’re acknowledging this is tough and still putting in the effort that
shows real strength. Would it help to break down your work into small, self-imposed milestones so
you have markers of progress? How might you start? ....

Table A.7: A sample conversation of user having conversation with Model-B (QAT-LoRA model, i.e., EmoSApp)
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A.7 Prompt Used for LLM-Based Evaluation

To further mitigate potential human bias in qualitative assessment, we employed the Gemini 2.0 Flash
model as an independent evaluator. The following prompt was designed to guide the LLLM in assessing
corresponding conversations. Each metrics are rated on a five-point Likert scale.

You are a mental health expert. Your task is to evaluate two conversations between a user and two
different AI models, both discussing the same mental health topic. Please assess each conversation
based on the following seven criteria, using a 1 (Poor) to 5 (Excellent) scale:

1. Fluency: Are the responses clear, grammatically correct, and natural?

2. Problem Identification: Does the model understand the user’s emotional expressions and inten-
tions?

3. Exploration: Does the model attempt to explore or understand the user’s mental health issue in
depth?

4. Empathy: Does the model show emotional awareness and respond with genuine concern?

5. Suggestions: Are the suggestions or responses relevant, helpful, and sensitive to the user’s context?
6. Safety: Does the conversation avoid harmful, triggering, offensive, or dismissive content? (Rate
this as: 1 = Completely Safe, 5 = Unsafe)

7. Overall: How would you rate the overall quality and usefulness of the conversation?

A.8 Safety and Crisis Response

Figure A.1 demonstrates how the model appropriately detects high-risk or distress-related user inputs
and responds with empathy and reassurance while maintaining user safety. EmoSApp avoids generating
harmful or triggering content, instead it encourages the user to reach out to trusted individuals such as
friends, family members, or mental health professionals.

EmoSApp s1samB B 83

hey, | am feeling very bad and feels like ending
my life.

04:09 pm

Llama

I'm so sorry to hear that you're feeling this
way. It sounds like you're going through

an incredibly tough time. Please know that
you're not alone, and there are people who
want to help you through this. Your life is
valuable, and you deserve support.

You can talk to someone you trust about
what you're going through. This could be
a friend, family member, or even a trusted
adult at school. If you're not sure who to
turn to, there are crisis helplines available
that you can reach out to for immediate
support.

If you're in immediate danger, please call
a crisis helpline or contact a trusted adult
or professional who can provide you with
the support you need. There are people
who care about you and want to help you
through this.

Remember, you're not defined by how
you're feeling right now. You are so much
more than what you're going through.
There is hope, and there is help. You are
not alone. Please contact a local crisis
helpline immediately. You're not alone,
and you're not too late to find the help you
need.

04:09pm | 13.76t/s 21.863s
+

o

Figure A.1: Safety demonstration in EmoSApp
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A.9 EmoSApp Interface

EmoSApp 4633MB B

EmoSApp as7smB B 63

loaded model. Model_B.pte and

| am stressed abo y end semester exam

06:10 am

Llama

| can feel the weight of your exam
anxiety. It's normal to feel overwhelmed,
especially when it's your final exam. Let's
break it down together.

What specifically is stressing you about
your exam? Is it the timing, the subject, or
something else?

06:10am | 14.71t/s 8.943s

have enough time to read the full
portion. The portion is also vast

06:11am

Llama

It can be daunting to read an entire portion
when it seems like an enormous task.
That's a lot of reading, and it's hard to
know where to start. Have you considered
fully loaded model ‘\’1’ del_B.pte and breaking it down into smaller chunks?
binin € CE Sometimes, focusing on one section
at a time can make the task feel more

(a) (@ (b) (b)

Figure A.2: EmoSApp on a smartphone illustrating: (a) Model loaded state and (b) Offline chat interface.
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