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Abstract
How long will it be before our modern soci-
ety is wrapped in generative AI without our
discernible knowledge? What happens when
the line between real and synthetic is practi-
cally non-existent? This study explores how a
Qwen3-0.6B model, designed for mobile and
edge deployment, can be fine-tuned to gener-
ate JSON-schematic data for workout and fit-
ness. It shows that even smaller models are
well-enough to design parsable output, ready
to be used by an application – thus hiding its
AI trademarks. In the future, studies on even
smaller models may be appropriate, as well as
discussions regarding its ethics.

1 Introduction

Since the introduction of the transformer architec-
ture in 2023 (Vaswani et al., 2023) LLMs have been
growing astoundingly larger and more competent
each year. As of today, LLMs are common tools
in people’s everyday life; however, the technology
is still highly unexplored and LLMs potential and
effect on modern society are still yet to be truly
uncovered.

For example, what happens when models be-
come efficient enough to run locally on mobile
devices? What if their output could be formatted
in a manner which “hides” its apparent AI trade-
marks? In the near future applications might be
using generative AI without the user’s knowledge
or consent. What ethical and moral implications
does this have, and how distant is this from today?

2 Background

Besides LLMs, emerging are also models small
enough to fit inside mobile applications, while still
being smart enough to generate intelligent output.
An example is Qwen3-0.6B (Yang et al., 2025),
currently the most downloaded Small Language
Model (SLM) on HuggingFace, which is specifi-
cally designed for mobile and edge deployment.

A major trend in industry and research is the use
of SLMs directly on mobile devices (Google Deep-
Mind, 2024; Microsoft Research, 2023). Through
4-bit (Dettmers et al., 2023) and 8-bit quantization
(Dettmers et al., 2022), modern phones are becom-
ing able to run models entirely on their own. This is
welcomed, as it reduces overhead engineering and
the need for cloud computing, while broadening
the area of use for language technology.

2.1 SLMs in Mobile Devices

An SLM in mobile environments is not limited
to serving as just another chat model for its user;
instead, it may have use cases behind the scenes
– almost invisible to the user. Such use cases in-
clude structured data generation and API interac-
tion (Schick et al., 2023; Yao et al., 2023), seman-
tic search and retrieval (Reimers and Gurevych,
2019; Karpukhin et al., 2020; Lewis et al., 2020),
as well as emerging forms of agent-based or tool-
augmented interface interaction (Nakano et al.,
2021; Patil et al., 2023).

This study investigates how an SLM can be fine-
tuned to generate consistent and intelligent JSON-
structured output. The methodology is inspired
by previous studies that combine Supervised Fine-
Tuning (SFT) and Reinforcement Learning (RL) to
optimize JSON-schema adherence (Agarwal et al.,
2025).

Instead of fine-tuning the model to handle gener-
alized schemas and use cases, this study explores
how it might be trained for a specific use case, as
to mimic concrete real-world applications. For this
study, a model will be trained to generate a JSON-
structured workout plan, optimized for fitness and
compliance with the user’s demands.

3 Methodology

An overview of the pipeline used in this study
can be seen in Figure 1. The pipeline features



two synthetic data generation steps, generating
example user prompts and ground truth JSON-
data. The fine-tuning includes distillation via Su-
pervised Fine-tuning, and Reinforcement Learn-
ing via GRPO. The study targets the Qwen3-0.6B
model, which is being distilled by and compared
to the larger and more competent Qwen3-4B-2507
teacher model (Yang et al., 2025). This explores
if the smaller model can be fine-tuned to match
or even outmatch the larger model in generating
JSON-schematic data.

Figure 1: Overview of the pipeline for this study. Red
are the processes that generate synthetic data, green
are the various fine-tuning processes, and blue are the
models produced. At the end of the pipeline, two models
are produced: one without quantization (FP16) and one
with 4-bit quantization.

3.1 Synthetic User Prompts Creation

To generate a set of user prompts asking for a work-
out plan, the system and user prompts shown in Fig-
ure 6 were presented to a Qwen3-4B-2507 model.
In the prompt, the model is told to use a natural con-
versational style and mimic how a human would
talk as closely as possible.

I prompted the model on 32,000 different com-
binations of workout goals, intensity levels, work-
out equipment, workout days per week, workout
duration, and limitations. Additionally, for each
combination, I instructed the model to generate
five user prompts with their distinct style variation.
These were: casual gym beginner, disciplined ath-
lete, busy professional, unsure beginner, and recov-

ering from an injury. In total, this phase produced
160,000 synthetic user prompts.

Following is an example of a generated user
prompt in the style of a person in recovery:

"I'm recovering from an injury and want to
lose weight without hurting myself. I have
no equipment and I can only do a 20-minute
session a day. How do I make it gentle and
safe for three days a week?"

After the generation was complete, each prompt
was measured for its readability and coherence
(same as for Instruction Score in 3.6). To ensure the
quality of the dataset, I kept only the top 25% most
coherent samples. Upon inspection, the five dif-
ferent prompt styles had different mean coherence
scores. Thus, to keep the dataset diverse, I filtered
each prompt style separately. After the filtering,
the dataset consisted of 40,000 samples.

3.2 Synthetic JSON Data Creation

To generate high-quality training data for the SFT
process, I presented the system and user prompts
shown in Figure 7 to a Qwen3-4B-2507 model. The
system prompt explicitly shows the structure of the
JSON and states semantic rules for the model to
follow. Inserted into the user prompt is an instance
of the synthetically generated user prompts.

3.3 Supervised Fine-tuning (SFT)

In this step, the synthetic user prompts and the gen-
erated JSON object, by the teacher model Qwen3-
4B-2507, are used together to fine-tune the student
model Qwen3-0.6B to improve its structured out-
put via SFT. The user prompts act as input, and the
JSON objects act as output.

To avoid overfitting, I used only 5,000 of the
40,000 samples for training. These were chosen to
be the samples with the highest metrics (see Sect
3.6) on their synthetic JSON objects. When sorting
the samples for the highest scores, the metrics were
put in the following hierarchy: Valid JSON, Key
Score, Day Originality Score, Exercise Score, and
Instruction Score.

3.4 Reinforcement Learning (RL)

This step features the largest portion of the train-
ing, namely reinforcement learning. In this, 15,000
of the samples were used. As this fine-tuning ap-
proach only requires the input prompts and guides
the model’s behavior through rewards, only the
generated user prompts were used for this.



3.4.1 Group Relative Policy Optimization
(GRPO)

For policy updates, I chose the Group Relative
Policy Optimization (GRPO) algorithm, which in
recent times have shown to improve LLMs’ rea-
soning (Simoni et al., 2025) and structured output
(Agarwal et al., 2025). In the algorithm, a model
generates a group of completions for each prompt.
Their rewards are then compared to derive the pol-
icy gradient. This has shown to increase a model’s
stability and reduce overfitting which is a common
pitfall with SFT (Guo et al., 2025).

Eq. 1. shows the GRPO algorithm. In it, the
rewards of the various completions are compared
against each other to determine the Policy Gradient
Term. Then, the term is regulated with the help of
the Reference Policy, πref , and averaged through
the Expectation Operator, E[·].

3.4.2 Reward Function
The reward function used in this project features
sub-rewards weighted by dynamic coefficients, in-
spired by Simoni et. al.’s reward function (Simoni
et al., 2025). In this, each evaluation metric is
treated as a sub-reward that are weighed against
each other depending on the model’s previous re-
sponses.

Eq. 2 forms the reward for the i-th completion.
In it, K̂, D̂, Ê, and Î are normalized sub-rewards
and α, β, and γ are their accompanied weights.
Eqs. 3 show how the weights are in turn calcu-
lated. H is a buffer containing the average scores
of the last three groups of answers, τA = 0.90,
τB = 0.20, and F̄HK

, F̄HD
, as well as F̄HK

are
the running averages for the various scores in H .
Evidently, each weight equals τA (0.90) while the
buffer H has less than three elements or the accom-
panied average score is less than 0.95. As soon as
the buffer is filled and the average score reaches
0.95, the weight’s value starts decreasing. This re-
sults in a dynamic and hierarchical reward function,
that focuses on one sub-reward at a time.

3.5 Evaluation Metrics / Sub-Rewards
The following measurements were used to evaluate
the models’ performances in generating consistent
and intelligent JSON-structured output.

Valid JSON: A ratio that measures how many
of the generated outputs could be parsed correctly
into JSON format. This score is the most critical
of the measurements, as it is a necessity for the
application to work and for the other scores to be

evaluated. A score of 100 (%) means all outputs by
the model were successfully parsed, while 0 means
that no output was successfully parsed.

(K) Key Score: A ratio that measures how many
of the keys given in the system prompt were actu-
ally present in each generated JSON object. This
score is the second most critical, as the practical
reliability of parsing depends on all keys being
present. A score of 100 (%) means that the model,
on average, included all of the given keys. A score
of 50 means that the model, on average, included
only half of the given keys. A score less than 100
means that the model is prone to re-prompting in
order to make up for invalid completions.

(D) Day Originality Score: An average of string
similarities between the exercises of consecutive
days. The score for one day is derived by compar-
ing the names of its exercises to those of the day
before. The higher the score, the more original ex-
ercises each consecutive day brings. A score of 67
(%) means that, on average, 67% of the exercises
for any given day is original, while 33% are the
same as the prior day. This studies the model’s
ability to diversify its output, as opposed to simply
reusing the same formula each time.

(E) Exercises Per Day: An average score of how
often the model generated the correct number of
exercises for each workout. The correct number of
exercises was given by the stated exercise duration
in the prompt. It was assigned the following:

• ≥ 50 minutes = five exercises per workout.

• ≥ 40 minutes = four exercises per workout.

• < 40 minutes = three exercises per workout.

This studies the model’s ability change its behavior
according to marginal alterations in the prompt and
generate more mercurial training regiments.

(I) Instruction Score: An average score of the
readability of the instructions for the exercises. A
score is calculated by combining the readability
score1, grammar score2, sentence coherence3, and
perplexity score4 (through cross entropy loss) of
a string. The higher the score, the more coherent,
understandable, and natural an instruction is. This
studies the model’s ability to give thorough descrip-
tions of how to perform its generated exercises.

1https://pypi.org/project/textstat/
2https://pypi.org/project/language_tool_python/
3https://huggingface.co/sentence-transformers/all-

MiniLM-L6-v2
4https://huggingface.co/transformers/v3.0.2/model_doc/gpt2.html
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Eq. 1: GRPO algorithm

ri =

{
0, if i is invalid,
[Softmax(α · K̂ + (1− α)(β · D̂ + (1− β)(γ · Ê + (1− γ) · Î)))1.5]i, otherwise.

Eq. 2: Reward function

Figure 2: Scores of the teacher model, Qwen3-4B-2507,
and the pretrained Qwen3-0.6B models, FP16 and 4-bit
quantized.

4 Results

Figure 2 compares the performances of the teacher
model Qwen3-4B-2507 to the pretrained Qwen3-
0.6B model, both as FP16 and 4-bit quantized. Fig-
ure 3 compares the teacher model to the fine-tuned
Qwen3-0.6B model, again both as FP16 and 4-bit
quantized. Figure 4 visualizes the values of the var-
ious weights throughout the RL training process.
Each step along the x-axis accounts for a batch
of prompts generating groups of answers for each
prompt and updating the policy. Figure 5 visualizes
the values of the sub-rewards throughout the RL
training process.

5 Discussion

The difference in performance between the pre-
trained Qwen3-0.6B models in Figure 2 and the
fine-tuned models in Figure 3 demonstrate that the
fine-tuning was successful in teaching structured
and high-quality output.

Figure 3: Scores of the teacher model, Qwen3-4B-2507,
and the fine-tuned Qwen3-0.6B models, FP16 and 4-bit
quantized.

5.1 Overview

Most importantly, for Qwen3-0.6B (FP16) the
Valid JSON ratio and Key Score both reached
100%, meaning the output will always be usable
and not be liable to re-prompting. On the quan-
tized Qwen3-0.6B (Q4) model, however, the Valid
JSON ratio had a lower value on the fine-tuned
model. This can be attributed to the fine-tuning
targeting the FP16-model. The quantization was
not involved during fine-tuning, rather it was only
applied after the fact. This implies that quantized
models have to be fine-tuned seperately, and quan-
tizing a fine-tuned model might actually give poorer
results than quantizing a pretrained model.

Furthermore, by the individual scores in Figure 3,
the fine-tuning seems to have improved the Qwen3-
0.6B model’s performance across all scores, while
being mixed for the quantized variation. Key Score
and Exercise Score were the scores to have the most
dramatic increase in response to the fine-tuning,
while Day Originality and Instruction Score only
increased a few percentages each. Arguably, Key
Score and Exercise Score present a clearer distinc-



α =

{
τA, if |H| < 3 or F̄HK

≤ 0.95,
max(τB,min(τA, τA − τB · F̄HK

)), otherwise,

β =

{
τA, if |H| < 3 or F̄HD

≤ 0.95,
max(τB,min(τA, τA − τB · F̄HD

)), otherwise,

γ =

{
τA, if |H| < 3 or F̄HE

≤ 0.95,
max(τB,min(τA, τA − τB · F̄HE

)), otherwise.

Eq. 3: Weights

Figure 4: Values of the weights throughout the RL train-
ing process. Each step along the x-axis accounts for a
batch of prompts generating groups of answers for each
prompt and updating the policy.

tion between success and failure. Key Score con-
sistently aims for the same keys to be present in
each JSON-object, and Exercise Score consistently
aims for the same amount of exercises for each
day. While the Exercise Score is dependent on the
exercise duration of the day, the conditions seem
to have been clear enough for the model to under-
stand its objective – increasing its score from 56%
to 98% after fine-tuning.

However, Day Originality and Instruction Score
had marginal increase, only 1% and 4% respec-
tively. This is not surprising, since their sub-
rewards are more ambiguous than the others. Day
Originality compares the exercise names of consec-
utive days, as to not repeat exercises. This results
in the sub-reward continuously changing its con-
ditions multiple times throughout the models gen-
eration, thus yielding a less interpretable direction
for the model. Additionally, Instruction Score does
not measure a discrete number, like the number of
keys or exercises, but instead qualitatively analyzes
the instruction text. It combines four metrics to
calculate the final score, resulting in a score that

Figure 5: Values of the sub-rewards throughout the RL
training process. Each step along the x-axis accounts
for a batch of prompts generating groups of answers for
each prompt and updating the policy.

also might not be easily discernable.

5.2 Reward Function

The increase in scores across the board suggests the
proposed reward function, featuring dynamically
weighted sub-rewards, was successful in improving
the model’s performance in the respective fields.
Surprisingly, this is not evident by the values in
Figure 5. In the figure, the scores possess subtle,
if any, increase throughout the training – except
for the instruction score, which had clear visible
increase. The subtle progression might be due to
the nature of the GRPO training algorithm. Since
GRPO is designed to generate both desirable and
undesirable completions, in order to contrast them,
grouping them all to generate a mean score can
create a false perception of a model’s competence.

Figure 4 visualizes the values of the reward func-
tion’s weights throughout the fine-tuning. As ex-
pected, the values decrease as the training goes
on, favoring the sub-rewards lower in the hierar-
chy. However, the decrease is subtler than what
would be ideal. This can be attributed to a number
of factors, including the ambiguity of some of the



sub-rewards previously discussed. The first weight,
Alpha, quickly declines to around 0.40, and does
not change much after. This is because of the Key
Score, which has the sole impact on the weight,
starting of relatively high, at 88%. Due to the high
score, the weight can start off low, and growing
the score to 100% will therefore not have much
impact on the weight. The variance of the weight
throughout the training can in turn be accredited to
the nature of GRPO training. By exploring various
paths for each training step, GRPO is designed to
find what is desirable and what is not and there-
fore risks to disrupt aggregated mean to not reflect
the model’s true ability. A clearer approach for
visualization could be to only document the top
completions for each step.

The second weight, Beta, starts off at around
0.75, and then declines to hover around 0.70. Since
the weight is determined by the Day Originality
score, the subtle decrease is likely to be a result
of the ambiguity of the sub-reward. As earlier dis-
cussed, the Day Originality score had the lowest
increase after fine-tuning, increasing only with 1%.
Therefore, the weight have not had much incen-
tive to decline. This reveals a flaw in this reward
function, which is its dependency on well-defined
sub-rewards. If a sub-reward high up in the hierar-
chy is not defined well and does not improve over
the course of the training, its associated weight will
serve as a bottleneck and prevent the presence of
other sub-rewards from increasing. The small de-
cline can be a result of the group of completions
in each step becoming more homogenous toward
a certain tendency, a local maxima so to speak.
Though, even with this flaw, the other scores seem
to have had enough presence, especially the Exer-
cise Score which increased from 56% to 98%.

The third weight, Gamma, starts at around 0.70,
and declines to around 0.60. Out of the three
weights in this study, this was the one with the
most dramatic decline. However, it is still not as
great of a decline as would be ideal for the kind of
reward function in use. It’s all the more surprising,
considering the weight’s dependency on the Exer-
cise Score, which by the end of fine-tuning reached
98%. A consistent score of 98% would definitely
result in a lower value. This suggests another flaw
in the reward function, which is its incompatibil-
ity with the GRPO algorithm. As with the issue
regarding visualization, the aggregated mean of
the model’s completions for each prompt has the
ability of skewing the perception of the model’s

performance. GRPO is designed to contrast unde-
sired completions from desired ones. Therefore,
using each outcome when assessing the weights
might not be ideal. As previously discussed, using
the top performing completions might instead give
a clearer idea of the model’s current abilities.

6 Conclusions

To summarize, the training pipeline was successful
in improving the model’s performance to gener-
ate consistent JSON-schematic content, across all
established metrics. Using this method, the Qwen3-
0.6B model matched the Qwen3-4B-2507 in some
areas, and outperformed in others – such as for the
Exercise Score. This, yet again, proves that smaller
models can outmatch larger models, when special-
ized for specific tasks. This presents interesting
prospects for mobile devices which Qwen3-0.6b is
specifically designed and optimized for. Soon, we
might have mobile applications operating SLMs
underneath the surface while presenting a perfectly
parsed interface above, without latency, suspicion,
or even consent. Maybe it is already being done
today.

Some of the individual scores increased more
than others, highlighting the importance of well-
defined sub-rewards. If a model cannot find a di-
rect way to improve a score, it does not matter how
long it trains for. Furthermore, the reward func-
tion proposed in this study magnifies this need, as
its hierarchy of weights is directly dependent on
the sub-rewards increasing throughout the training.
However, the results show that the reward function
yields good conditions for the sub-rewards even
when the weights don’t change much.

Lastly, the GRPO algorithm appears to have
been successful in teaching the model consistent
JSON-generation, without signs of overfitting. This
is the main reason for the specific RL algorithm
to be used, as opposed to solely relying on SFT.
Though, this study has revealed special conditions
that GRPO itself presents that ought to be ad-
dressed. Since the algorithm is designed to explore
various completion paths, to contrast desired ones
from undesired ones, using their mean value for
each prompt may give false perception for visual-
ization and reward function purposes.

6.1 Future Work

Moving forward, there needs to be more stud-
ies on SLMs targeting mobile devices. Can even



more stripped down models achieve similar perfor-
mance? In this study, it is shown that quantization
is not applicable after the fine-tuning, but perhaps
fine-tuning an already quantized model yields bet-
ter results. Studies should also explore different
fields than fitness, might be other topics or more
generalized applications.

Furthermore, the proposed reward function
would benefit from more studies, especially regard-
ing how it can be altered to be more compatible
with the GRPO training algorithm. The current
function consists of weights dependent on the en-
tire group of completions for each prompt. As
previously discussed, this is not ideal since the
GRPO algorithm deliberately includes lesser com-
pletions. An alternative might be including the top
completions for each prompt.
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A Appendix



Figure 6: System and user prompts for generating synthetic user prompts.



Figure 7: System and user prompts for generating high-quality training data for SFT, as well as SFT training, RL
training, and evaluation.
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