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Abstract. General-purpose Large Language Models (LLMs) often produce un-
reliable code for specialized IoT ecosystems. While these platforms may use fa-
maliar languages like JavaScript, they run a restricted version with specific APIs
and constraints. We find that general models, heavily biased by their training
on vast, traditional JavaScript codebases, frequently generate functionally in-
correct scripts that fail on-device. This problem is compounded by a scarcity of
domain-specific documentation and validated code examples. To address this,
we present a systematic methodology for creating a specialized dataset. Starting
from a seed corpus of 80 wvalidated scripts, we used an LLM to synthetically
generate a larger, diverse dataset. Crucially, every synthetic script was then
subjected to rigorous, execution-based validation on target hardware to ensure
functional correctness. This pipeline yielded a validated dataset of over 1,100
scripts, providing the robust foundation needed to fine-tune a model that over-
comes traditional JavaScript bias and generates reliable, domain-specific code.
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1. Introduction

The rapid advancement of Large Language Models has ushered in a new
era of automated code generation, providing increased code productivity across
numerous domains [1]. However, this progress is facing a significant obstacle in
highly specialized, resource-constrained environments in the field of Internet of
Things (IoT). Shelly Group, a leading Bulgarian IoT manufacturer with global
presence in over 130 countries, produces smart home automation devices that
operate on modified JavaScript (Espruino) with device-specific APIs. Generat-
ing functional scripts for proprietary hardware, such as the Shelly ecosystem,
demands niche-domain knowledge of specific device APIs, internal hardware
constraints and networks protocols. General-purpose LLMs frequently lack this
essential contextual understanding, leading to outputs characterized by code
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hallucinations (e.g., calling non-existent methods or using incorrect parame-
ters) [2, 3]. This reliability gap is a significant barrier, particularly for the
vast majority of IoT device owners who lack sufficient enough knowledge in
programming.

2. Challenges in Collecting Initial Data

The main impediment to training a specialized Large Language Model
for IoT automation was data scarcity. The project was initiated with a highly
constrained corpus of 80 scripts which were exclusively derived from authorized
educational materials. While these foundational sources were functional and
relevant, the volume was demonstrably insufficient for robust LLM fine-tuning.
Apart from volume constraints, additional factors necessitated the need for data
synthesis.

The amount of publicly available and functional scripts specifically tai-
lored for Shelly devices is extremely limited [4]. This scarcity is due to the
fact that the devices operate on a modified and more restricted version of
JavaScript Espruino, requiring specialized syntax and API calls. Acquiring
a dataset for sufficient LLM fine-tuning requires thousands of examples. Man-
ual script creation by experts to produce a dataset of such magnitude is both
time-consuming and financially restraining. Additionally, while official docu-
mentation exists and provides structured information, it inherently does not
cover a broader spectrum of real-world usage scenarios, more complex com-
ponent combinations and edge cases. Training LLMs to handle sophisticated
automation tasks demands exposure to these important scenarios.

The Shelly product line’s diversity introduces another technical complex-
ity in data collection. Each Shelly device, such as the Shelly RGBWW PM
(RGB and Light components), the Shelly Dimmer (dimmable light support),
the Shelly 2PM (two Switch and a Cover component), possess unique capabil-
ities. A generalized script could often be non-transferable to such devices. To
ensure the LLM achieves high diversity and can adapt across a wider range of
devices, the training corpus needs to explicitly incorporate these device-specific
distinctions [5].

These challenges require a systematic data generation approach that can
concurrently scale the dataset, guarantee functional accuracy and address domain-
specific diversity, laying the foundation for a specialized training procedure out-
lined in the following sections.
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3. Methodology for Synthetic Data Generation

To address the fundamental challenge of insufficient high-quality, domain-
specific training data for the Shelly ecosystem, a systematic synthetic data
generation pipeline has been developed. This methodology enabled the devel-
opment of a training set of 1100 validated examples — an amount necessary for
achieving robust performance in specialized code generation tasks, based on the
initial corpus of only 80 verified scripts.

The data generation pipeline is designed to maintain the functional cor-
rectness and specific coding style of the target domain, consisting of four se-
quential stages:

1. Seed Corpus Preparation: The approximately 80 initial scripts derived
from authorized educational materials would guarantee the highest
level of functional validity and domain relevance. These scripts were
compiled into a programmatic representation (a Python dictionary)
and then converted into the JSONL format. This structured output
was essential for providing clear context and desired output constraints
to the generative model, enabling efficient batch processing;

2. LLM-Assisted Augmentation: The core augmentation was executed us-
ing a custom Python script interfacing with the Anthropic API, lever-
aging the high-level reasoning and detail tracking capabilities of the
Claude Opus 4.1 model. Scripts were sent in batches to the model,
which was instructed to generate analogous, yet distinct Shelly scripts
while rigorously preserving the characteristic coding style and under-
lying device concepts observed in the original corpus. This augmen-
tation strategy ensured comprehensive coverage of device-specific com-
ponents [6];

3. Execution-Based Validation: Every one of the synthetically generated
scripts was subjected to rigorous execution-based validation. Each
script was manually tested separately on its corresponding Shelly de-
vice [7]. Scripts exhibiting functional defects were either manually
corrected to align with proper device behavior or excluded from the
training corpus when correction was impractical. This critical pro-
cess established functional correctness essential for the training of the
model.

4. Model Training and Fine-Tuning

For evaluation purposes, the Seed-Coder-8B-Instruct-bnb-4bit model was
fine-tuned using Low-Rank Adaptation (LoRA) [8] on the synthetic dataset.
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The training was conducted using 1 NVIDIA V100 GPU with 32GB on the
premises of Paisii Hilendarski University of Plovdiv, Faculty of Mathematics
and Informatics. LoRA enables parameter-efficient fine-tuning by updating
only a small fraction of model parameters, making it practical for academic
resource constraints. The 4-bit quantized base model further reduces mem-
ory requirements while maintaining adequate performance for domain-specific
adaptation.

5. Evaluation: Base Model vs. Fine-Tuned Model Comparison

To validate the effectiveness of our synthetic dataset, a comparative eval-
uation was conducted between the base instruct model and the LoRA-adapted
model fine-tuned on the created synthetic Shelly dataset. Both models were
evaluated on a standard test task: “Control air conditioning and dehumidi-
fier based on temperature and humidity data with thresholds”, representing a
common real-world automation scenario.

The evaluation focused on three critical criteria:

1. Code Length and Resource Efficiency: Given the memory constraints of
the Shelly devices (ESP32-based with limited RAM and flash storage),
the generated script must be concise while maintaining functionality;

2. Correct Usage of Shelly API: Proper usage of methods, component
references and adherence to JavaScript Espruino syntax constraints,
handling HTTP requests to external weather APIs, JSON response
parsing and error handling for network operations;

3. Functional Completeness: Coverage of the specified requirements in-
cluding device control based on thresholds from external data.

5.1. Base Model Output Characteristics

The instruct model produces a verbose solution demonstrating general
programming competence. However, the model revealed critical gaps in domain-
specific knowledge and limitations for IoT deployment. On one hand, the code
was significantly longer than necessary for the constrained Shelly devices, po-
tentially approaching memory limits. The script could have been implemented
much more concisely while maintaining full functionality. More critically, the
model generated incorrect API methods names, demonstrating the hallucina-
tion problem that motivated this study. While the HTTP request handling
was correct, the fundamental error in the scheduling mechanism would prevent
the script from functioning on an actual Shelly device and would require man-
ual debugging and correction by a person familiar with the documentation of
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Shelly’s API, defeating the purpose of code generation for non-expert users.

5.2. Fine-Tuned Model Output Characteristics

In contrast, the LoRA-adapted model fine-tuned with our synthetic dataset
produces correct, concise, and optimized code demonstrating comprehensive do-
main knowledge. The code length was optimized for the resource limited devices
through recognizing the Shelly-specific patterns that enable more direct imple-
mentation. Most significantly, the model generated syntactically correct code
on the first attempt, meaning further debugging would not be required and the
code is ready for deployment on Shelly devices.

6. Future Directions

Several promising directions emerge from this work:

e Chain-of-Thought Reasoning Integration: Implementing a Chain-of-
Thought reasoning model [9] could enhance the model’s capability of
handling complex automation scenarios. By training the model to gen-
erate intermediate reasoning steps before producing final code, we could
improve explainability and debugging capabilities while potentially im-
proving correctness in sophisticated tasks;

e Dataset Expansion and Model Retraining: Systematic expansion would
provide broader device coverage for recently and newly released in the
future Shelly devices with novel capabilities, advanced scenario com-
plexity, and improved edge-case coverage. Iterative retraining with
expanded datasets would evaluate whether performance improvements
plateau or continue to scale effectively [10];

e Performance Benchmarking Against General-Purpose LLMs: A com-
prehensive benchmarking study would identify specific weaknesses of
general-purpose models versus fine-tuned models using functional met-
rics such as API accuracy, code efficiency, execution performance and
scenario coverage.

7. Conclusion

This work presents a methodology for addressing data scarcity in special-
ized IoT code generation through systematic synthetic data creation, execution-
based hardware validation and fine-tuning. Starting from 80 verified Shelly au-
tomation scripts, a dataset of 1,100 functional examples was successfully gen-
erated and validated. The evaluation demonstrates that the fine-tuned model
produces significantly more concise and hardware-appropriate code compared to
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general-purpose models. This current methodology paves the way for a poten-
tial framework to be used for developing specialized code generation models in

niche domains, characterized by limited public code repositories or proprietary
APIs.
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