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Abstract

We set out to build an Autopilot that automatically executes key
stages of the embedded machine learning lifecycle, using large
language models (LLMs). Rather than demonstrating seamless au-
tomation, our study exposes the trade-offs between feasibility and
dependability in LLM-driven embedded ML pipelines. We present
an empirical, system-level evaluation based on a fully implemented
middleware framework that orchestrates the complete lifecycle,
integrates validation and recovery mechanisms, and interacts with
multiple LLMs. Using this framework, we execute hundreds of end-
to-end runs across a wide spectrum of deployment targets, from
highly constrained microcontroller-class devices to less constrained
edge boards. Our results show that the primary challenge is not
code generation itself, but managing silent failures, repeated retries,
and unstable convergence across heterogeneous targets. Small vari-
ations in prompt structure and system constraints lead to drastically
different outcomes, ranging from immediate success to costly itera-
tive failures. While success rates improve as device constraints are
relaxed, reliable automation consistently requires explicit structure,
validation, and fallback mechanisms. We contribute (i) a systematic
feasibility and dependability analysis of LLM-automated embedded
ML pipelines, (ii) empirical insights into convergence behavior, cost,
and semantic alignment across devices and models, and (iii) a fully
released framework with execution traces and artifacts to support
reproducibility. Lesson learned: automation is possible, but only
when the system assumes failure from the start. Autopilots need
parachutes.
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1 Introduction

Any sufficiently advanced technology is indistinguishable from
magic. — Arthur C. Clarke

This observation has gained renewed relevance with the emer-
gence of Large Language Models (LLMs). Their ability to generate
code, reason over text, and maintain context across iterations has
triggered growing interest in Al-assisted software development
[12, 43]. These capabilities suggest that LLMs could act not only
as coding assistants, but as automation engines for complex devel-
opment workflows. However, embedded machine learning (ML)
exposes a markedly different set of challenges. In this domain, hal-
lucinations, inconsistent outputs, and brittle reasoning collide with
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requirements for determinism, strict interfaces, and execution un-
der severe resource constraints [9]. Success depends not on “write
once, run anywhere”, but on careful management of device-specific
details, prompt structure, and orchestration logic. In these settings,
LLMs remain powerful, but realizing their potential requires engi-
neering rather than one-shot prompting [42].

Embedded ML sits at the intersection of ML frameworks, em-
bedded software development, and hardware/software constraints
imposed by resource-limited devices [1, 21, 39]. Beyond the classical
ML workflow, embedded targets introduce additional stages such
as optimization, quantization, and device-specific code generation
to meet memory, latency, and portability requirements [5].

This paper examines whether orchestrated LLMs can act as an
Autopilot for the embedded ML lifecycle. In this context, we use
the term Autopilot to denote fully autonomous pipeline execution
after initial task specification, including iterative error recovery and
regeneration without human intervention, distinguishing it from
copilot-style assistance. We focus on feasibility (can the pipeline be
automated end-to-end?) and dependability (how often does it work,
and under which conditions?). We implement a middleware frame-
work that orchestrates the full pipeline, interacts with multiple
LLMs, and records all intermediate artifacts and execution traces.
Using this framework, we execute thousands of complete runs
across a spectrum of deployment targets, from highly constrained
microcontroller-class devices to less constrained edge boards, to
study how device constraints interact with LLM behavior. Two
observations emerge. First, the primary challenge is not generating
code, but managing silent failures between artifacts that appear
correct and those that function correctly at runtime [47]. Small
variations in prompt structure can lead to drastically different out-
comes, ranging from rapid convergence to long sequences of failed
iterations [10, 54]. Second, constraints matter. Success rates are
consistently lower on highly constrained devices and improve as
portability requirements and runtime flexibility increase.

Instead of proving automation outright, we uncovered trade-offs
between potential and limits. This paper reports that journey as an
empirical, system-level study of feasibility and dependability, and
distills the lessons required to design with feasibility awareness in
mind rather than hoping that failures won’t occur. Specifically:

e We design and implement an automation framework that
orchestrates key stages of the embedded ML lifecycle us-
ing LLMs, including dataset handling, model conversion,
and on-device code generation. The framework is the re-
sult of multiple refinement cycles and iterative prompt and
workflow engineering.

o We use this framework to evaluate whether LLMs can au-
tonomously generate all required artifacts across a wide
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Device Class CPU Memory (RAM)  Storage AT Acceleration  Power Budget Code Portability
/ Cost
Microprocessor (MPU)  GHz-class 512 MB-several GB-TB (filesys- Optional (GPU/T- Watts High portability,
GB tem) PU/NPU) higher cost
Microcontroller (MCU)  MHz-class 2KB-512 KB 32 KB-2 MB (no None uW-mW (battery) Low  portability,

FS)

low cost

Table 1: Comparison of microprocessors and microcontrollers and their impact on ML/LLM deployment pipelines.

spectrum of devices, from microcontroller-class targets to
edge boards, quantifying success rate, deployment latency,
retry behavior, and convergence stability across heteroge-
neous execution environments.

o Werelease the full automation framework, logged execution
traces, and all artifacts produced during our evaluation,
including successful and failed runs. These artifacts allow
researchers to replicate our findings and extend them to
future LLMs and device platforms.

Together, these contributions aim to provide the first evidence-
based characterization of what it takes to treat LLMs as automation
engines for embedded ML, and where they fall short.

The remainder of this paper is organized as follows: Section 2
introduces the problem space, while Section 3 describes the design
of our automation framework. Section 4 presents our experimental
methodology, and a comprehensive empirical evaluation across
different LLMs and device constraints. Section 5 reviews related
work, and Section 6 concludes the paper.

Note: To support reproducibility and future extensions, we re-
lease our framework, including execution traces, prompt templates,
and artifacts generated during our evaluation. The implementa-
tion consists of approximately 2,610 lines of Python code and 966
comment lines documenting orchestration logic, failure-recovery
policies, and device-specific constraints. The modular prompt tem-
plates constitute a substantial part of the system, with 677 com-
ment lines and 32 executable lines. These templates encode the
structural and semantic rules that guide LLMs in producing valid
artifacts. All sources are available at: https://github.com/beaver-
edge/middleware26.

2 Background and Problem Space

This section outlines why embedded ML automation differs from
traditional pipelines and why LLMs are promising yet fragile in
this context. Embedded targets introduce additional stages (e.g., op-
timization, conversion, device-specific code generation) and strict
constraints (memory, timing, portability), altering both what must
be automated and how automation succeeds. While LLMs offer flex-
ibility across tools and languages, dependable automation requires
explicit structure.

Resource Constraints and Device Heterogeneity. We use
embedded or edge Al to denote ML inference workloads executed
on-device rather than in the cloud, spanning a spectrum from
microcontroller-class devices to microprocessor-class edge boards,
optionally equipped with AT accelerators. Table 1 contrasts micro-
controllers (MCUs) and microprocessors (MPUs) characteristics
relevant to automation.

MCUs operate at MHz-scale frequencies with kilobytes to a few
hundred kilobytes of RAM, limited storage, and tight energy bud-
gets [9]. Tooling is minimal, memory is statically allocated, debug-
ging feedback is scarce, and generated code must compile, link, fit
within memory constraints, and execute deterministically on bare-
metal or RTOS environments [1, 49]. In contrast, MPUs provide OS
support, package managers, and richer diagnostics, enabling more
flexible iteration, albeit still within embedded constraints [2].

Throughout the paper, we use this distinction to explain why
automation behaves differently across device tiers. Pipelines that
succeed on MPUs using dynamic languages and rich runtimes do
not trivially transfer to MCUs, where correctness depends on strict
interfaces, static resource allocation, and limited observability.

Traditional ML vs. Embedded ML Lifecycle. Traditional ML
workflows follow a relatively stable pattern: data processing, model
design and training, evaluation, and deployment [5]. Deployment
typically consists of exporting a trained model in a standard format
and invoking it through high-level APIs, with tooling abstracting
away most hardware differences and failures remaining visible and
debuggable.

Embedded ML fundamentally alters this workflow. When target-
ing constrained devices such as microcontrollers or single-board
computers, the lifecycle introduces additional stages, including
model optimization, quantization, format conversion, and device-
specific code generation (Fig. 1). These stages are tightly coupled,
as design choices at one step propagate downstream. For exam-
ple, o quantization must respect numeric support and memory
constraints; e format conversion may modify tensor layouts and

metadata expected by the runtime; and e device-level code must
statically allocate buffers, interface with peripherals, and meet strict
timing and energy budgets [25].

As a result, embedded ML pipelines evolve into iterative co-
design loops, where validation must span optimization, conver-
sion, and deployment stages. Embedded ML is therefore not simply
“smaller” ML, but a pipeline with cascading dependencies, in which
early lifecycle decisions directly constrain what can be deployed
downstream [1, 49].

Software Fragmentation and Toolchain Dependency. In
cloud-based ML workflows, models are typically packaged behind
uniform abstractions (e.g., containers, Python environments, ONNX
runtimes). In contrast, embedded ML requires direct interaction
with device-specific toolchains. Each hardware class introduces
its own compilers, runtimes, and build artifacts, including cross-
compilers for microprocessors, vendor SDKs or firmware toolchains
for microcontrollers, and Al accelerator-specific compilers [1].
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Figure 1: Comparison of traditional and embedded ML life-
cycles. Embedded ML introduces additional stages such as
optimization, compression, and device-specific deployment
to meet constrained hardware requirements.

This fragmentation directly shapes the embedded ML lifecycle.
Decisions made during optimization and conversion (e.g., quan-
tization or pruning) must align with toolchain capabilities and
runtime constraints. Developers must reason about compression
limits, memory availability for intermediate activations, support
for hardware acceleration, and how to integrate models, firmware,
and buffers within flash and RAM budgets [28]. As a result, the
workflow evolves from a simple train—convert—deploy sequence into
a tightly coupled set of constraints imposed by the target software
ecosystem.

Managing these dependencies requires expertise spanning ML,
embedded software, and toolchains, which is often unavailable
within a single developer profile. Consequently, a significant portion
of development effort is spent debugging build systems, compiler
configurations, and runtime incompatibilities rather than improv-
ing model quality [32].

Why LLMs Are Appealing (Yet Insufficient Alone). The
combination of resource constraints, device heterogeneity, and
fragmented toolchains turns the embedded ML lifecycle into a
tightly coupled sequence of decisions, where early choices propa-
gate downstream. Even when individual stages are well understood,
assembling them into a reliable pipeline requires repeated transla-
tion across frameworks, programming languages, compiler targets,
and device-specific software environments.

LLMs are appealing in this context because they can operate
across abstraction levels and languages, from Python-based data
processing and orchestration to C/C++ device-level inference code.
Prior work has shown that LLMs can assist with code generation, de-
bugging, and reasoning about APIs [27, 31]. Their ability to synthe-
size executable artifacts from natural language descriptions makes
them promising candidates for reducing the complexity of hetero-
geneous workflows.

However, embedded ML exposes limitations that are less pro-
nounced in cloud or server-side settings. Correctness is not deter-
mined solely by whether generated code compiles, but by strict
adherence to device-specific constraints, including memory bud-
gets, peripheral initialization, and runtime expectations. Pipelines
that succeed on less constrained edge boards may fail on micro-
controllers under identical prompts and logic. In IoT deployments
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spanning diverse devices, this heterogeneity further undermines
portability and reproducibility [45].

In short, LLMs can generate individual artifacts but cannot en-
sure that these artifacts compose correctly across stages and de-
vices [30]. While LLMs provide flexibility, dependable automation
requires explicit structure, orchestration, and validation rather than
one-shot prompting [48].

3 Autopilot Framework Design

3.1 Key Requirements for LLM-Driven
Embedded ML Automation

From our system exploration and LLM-assisted software develop-
ment related literature analysis [27, 30, 31, 37, 45, 47, 48], three key
requirements emerge among others.

Stage-aware prompting and structured context injection. LLMs
are sensitive to prompt structure, and the same high-level request
can yield different artifacts, formats, or APIs. In the embedded
ML lifecycle, each stage has different semantics (model quantiza-
tion versus code generation versus compiler toolchain setup), and
therefore requires different prompts. To produce deployable arti-
facts, prompts must inject structured context: (i) device constraints
(flash/RAM budgets, accelerators), (ii) requirements on model for-
mat or quantization strategy, (iii) expected output schema (e.g.,
“return only compilable C/C++ code”). Without stage-aware prompt-
ing, the LLM must improvise around missing assumptions, which
can potentially lead to a common source of hallucinated APIs and
incorrect library calls.

Validation-driven refinement (compile / execute / feedback /
re-prompt). Many artifacts generated by LLMs look correct but
fail only when executed. Thus, correctness must be verified con-
cretely. A dependable automation pipeline must: o generate an
artifact, 9 compile or execute it (on real hardware or emulation),

o capture logs / process errors, e feed structured feedback into
a follow-up prompt. This creates a closed-loop refinement cycle,
resonating with recent self-refinement and reflective prompting
strategies [33]. Execution becomes the ground truth, not the LLM.
Auxiliary tooling with minimal human intervention. LLMs
cannot orchestrate toolchains, manage intermediate files, or decide
what to retry. Therefore, automation requires supporting infrastruc-
ture such as prompt management and traceability, artifact book-
keeping, and compilation/execution wrappers around toolchains
and device interfaces. Our idea is also that human involvement
should exist, but only when escalation is needed and not to shep-
herd every failed compile.

3.2 System Architecture

Fig. 2 shows the Embedded ML Autopilot architecture, organized
around two complementary core elements (i) the Autopilot Core
Engine, which orchestrates LLM-driven automation, and (ii) the Au-
tomated Lifecycle Stages, where deployable artifacts are produced.
Autopilot Core Engine. The left half of Fig. 2 illustrates the com-
ponents that drives the automation orchestration. The engine trans-
forms user inputs into deployment-ready artifacts via LLM orches-
tration.

This is an API-agnostic component that is cable to interact with
multiple LLM providers through compatible HTTP APIs, allowing
us to evaluate different model families under a common interface
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Figure 2: Left: System architecture of the Embedded ML Autopilot, showcasing its internal modules, LLM integration, and
runtime environment for managing ML model preparation and deployment. Right: Operational workflow enabled by the
Autopilot, outlining the ML lifecycle stages from dataset ingestion to device-ready sketch generation.

[29]. Prompts are stage-aware, as the system injects structured con-
text (e.g., dataset characteristics, memory and power budgets, sup-
ported numeric formats, expected I/O behavior), and constrains the
output schema to the artifact required at that stage—preprocessing
code, conversion script, or deployment sketch. The orchestration
logic also implements the validation-driven refinement loop. After
an artifact is generated, it is compiled or executed, logs are col-
lected, and failures are summarized into compact feedback that
seeds a follow-up prompt. This layer also provides monitoring and
tracing of every LLM interaction (prompt, response, tool output,
and decision) using LangChain for orchestration and Langfuse for
tracing and analytics [8, 34]. These traces serve both operational
purposes (error recovery, reproducibility) and later analysis. The
LLM Orchestration Layer is extended by a thin Integration Layer,
which provides a minimal execution substrate to support the Au-
topilot Core Engine components. The Integration Layer does not
embed heuristics or decision-making logic. Its responsibilities are
intentionally narrow: (i) verify that framework requirements are
satisfied (environment, dependencies, device access), (ii) glue to-
gether the autopilot architectural components, and (iii) sequentially
execute the artifacts generated by the LLM.

Automated Lifecycle Stages & Artifacts. The right half of Fig. 2
shows the automated stages of the lifecycle. We present Data Pro-
cessor, Model Optimizer & Converter, and Deployment & Execution
Engine as abstractions of the Embedded ML Autopilot’s function-
ality: each stage is an instance of the same control logic applied
to a different part of the pipeline. Concretely, every stage (i) re-
ceives a stage-specific prompt and structured context from the LLM
Orchestration Layer, (ii) produces a concrete artifact (code or con-
figuration), and (iii) is validated on-device via the Device Runtime
& Toolchain Layer. Failures trigger the same validation-driven re-
finement loop (compile / execute / capture evidence / re-prompt),
while successes advance the pipeline with persisted, versioned arti-
facts. In this sense, stages differ in what they generate and which
constraints they enforce, but share the how: stage-aware prompting,
and on-device verification.

The first stage, the Data Processor, takes the raw dataset and
prepares it for model training. The LLM receives contextual infor-
mation automatically extracted from the input data—such as the
number of samples, feature dimensionality, class labels, or sam-
pling rate—and generates executable Python code to preprocess it.
This includes common operations such as cleaning, normalization,
and filtering, allowing the dataset to be transformed into a format
suitable for model development with minimal manual intervention.
Once generated, the code is executed locally, producing the pro-
cessed dataset and execution logs. If execution fails, the Autopilot
captures the failure context and returns it to the LLM through a
refined prompt, enabling automatic regeneration without human
intervention.

In the Model Optimizer & Converter stage, the Autopilot gener-

ates Python logic to optimize and quantize the model using embed-
ded ML libraries (e.g., TensorFlow Lite / TensorFlow Lite Micro). In
our experiments, this stage applies post-training INT8 quantization,
while training-dependent techniques such as quantization-aware
training, pruning, or knowledge distillation are not exercised, as our
focus is on deployment-phase automation. The Orchestration Layer
injects device constraints into the prompt, such as RAM and flash
budgets, supported numeric precision (int8 vs. float32), and run-
time compatibility. The generated code is executed and the resulting
artifact is verified; if not viable, the LLM is invoked again with richer
context (e.g., error logs and validation outcomes). The final stage,
the Deployment & Execution Engine, takes the converted model and
generates device-ready software artifacts for inference on the tar-
get hardware. For MCUs, the LLM produces complete firmware
sketches, while for MPU-class devices it generates runtime infer-
ence scripts and, when available, enables hardware acceleration.
The Autopilot then invokes the Device Toolchain Adapter to deploy
the generated code on device. Execution logs and runtime outputs
are collected, and compilation or execution failures trigger the same
refinement loop.

As observed, the framework operates on the automation of the
volatile stages of the Embedded ML lifecycle. These stages are highly
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Figure 3: Prompting workflow for Embedded ML code generation: (i) the programming guidelines define the runtime pattern;
(ii) the application specification captures board/dataset constraints; (iii) sketch code generation produces the . ino file; (iv) error

handling regenerates code using the error and faulty snippet.

iterative and error-prone, making them ideal candidates for automa-
tion. Model training is intentionally excluded from the framework’s
scope: training typically requires human supervision (e.g., dataset
curation, model design decisions, hyperparameter tuning) and does
not change as frequently as the downstream deployment stages.
Moreover, many practical workflows reuse pretrained models avail-
able from public “model lakes” or repositories (e.g., TensorFlow
Model Garden, ONNX collections), making training unnecessary in
many deployment scenarios. In these cases, the Autopilot accepts
the model as input and proceeds directly with optimization and
deployment. This separation of concerns aligns with the standard
Embedded ML workflow, where training is performed offline and
only the optimized artifact is deployed to the device. In short, we
automate what changes frequently, and we do not automate what
remains stable.

3.3 Prompting and Artifact Generation
Workflow

Prompt Hierarchy and Modular Structure. A key element of the
autopilot concerns how prompts are constructed, adapted, and used
to generate executable artifacts across the lifecycle. Prompts are
organized into a hierarchical set of modules, each responsible for
a specific dimension of the generation process (Fig. 3). Specifically:

e Programming Guidelines define the canonical execution flow
for embedded inference. These guidelines are fixed, non-
negotiable, and encode the expected structure of generated
code: initialization, preprocessing, inference invocation,
and post-processing. Their aim is to prevent the model
from hallucinating alternative execution paths and anchor
generation to a deterministic pattern.

o The Application Specification module is populated dynam-
ically from user inputs and dataset or model metadata. It
includes fields such as the device name, quantization re-
quirements, sensor configuration, and any restrictions spe-
cific to the target platform. It also serves as the binding
layer between abstract user goals and concrete hardware
constraints.

o The Sketch Code Generation module uses the previous two
components as context to generate the device-ready code.
For MCU-based targets, it produces an Arduino-compatible
C++ sketch with the correct library imports and memory
allocation strategy. For MPU-based targets, it generates

Python inference scripts and conditionally inserts code for
Al accelerators (e.g., Edge TPU interpreter bindings) when
requested in the Application Specification.

e The Error Handling module activates when execution or
compilation fails. It receives three inputs: the faulty code
block, the error message, and the original Programming
Guidelines. Rather than restarting from scratch, it instructs
the LLM to repair the artifact while preserving the correct
structure. This module is crucial for enabling the system’s
iterative debugging capabilities and for preventing the LLM
from drifting into inconsistent or unrelated code.

To sum up, guidelines constrain generation, specifications con-
textualize it, the sketch generator produces the artifact, and the
error handler refines it. The idea behind this modular approach
is to make sure that prompts can adapt to different devices and
toolchains, but always within a predictable envelope.

From Prompts to Executable Artifacts. Fig. 4 illustrates the
deployment-stage workflow as an example, but the same principles
hold for data processing and conversion.

At a high level, the Autopilot receives a task specification, for
example, “deploy this model to an Arduino-class MCU with int8 quan-
tization”, and a device profile describing ML runtimes, memory
layout, peripheral availability, and optional AI accelerators for
MPU class of devices. These two inputs are passed through the
Prompt Adapter, which selects the appropriate prompt module
(data processing, model conversion, or sketch generation) and in-
jects device-specific context. The resulting prompt is sent to the
LLM, which returns an initial artifact such as preprocessing code
or a C++ inference sketch.

This generated artifact is then handed back to the Integration
Layer for local execution. For deployment, this means attempting
to compile the sketch through the Device Toolchain Adapter (e.g.,
Arduino CLI, TPU compiler). If compilation succeeds, the artifact
is deployed to the device. If it fails, the system enters an iterative
refinement loop, with the Autopilot that extracts the minimal er-
ror delta (not full logs), appends it to the prompt, and requests a
corrected version. This loop continues until the artifact compiles
or the maximum retry budget is reached. The figure shows this
process as a message-passing flow between the user, the Autopilot,
the LLM, the toolchain, and the device.

For clarity, Fig. 3 shows a simplified abstraction of the prompting
logic. In practice, the prompts used by the Autopilot are the result
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Figure 4: Device Inference Code Generation Sequence. Based
on task type and target device, prompts are adapted and sent
to the LLM. Generated code is compiled and executed; on
failure, execution traces are fed back to the LLM to regenerate
improved code until success or max retries.

of extensive iteration, trial-and-error refinement, and progressive
constraint tightening. Additionally, while we often use the term
sketch, a convention inherited from Arduino workflows, the term
is used generically throughout this paper to denote the final code
or script deployed to the device for executing ML inference.

4 Experimental Methodology

4.1 Experimental Setup.

The evaluation of the Embedded ML Autopilot aims to assess its
capabilities across heterogeneous devices, multiple lifecycle stages,
and different classes of LLMs. All LLM reasoning and artifact gen-
eration occur off-device, and deployed binaries run natively on the
target hardware without additional overhead.

To evaluate the framework end-to-end, we selected a set of rep-
resentative embedded ML applications covering different sensing
modalities, hardware classes, and levels of software complexity.
For MCU-based pipelines, we used the widely adopted computer
vision task of fruit classification for the Arduino Nano 33 BLE. For
MPU and AI accelerator-equipped devices, we selected a popular
open-source object detection project built with TensorFlow Lite,
runnable on different Single-Board Computer. These workloads
were intentionally selected within the same application domain to
isolate lifecycle volatility and orchestration behavior across hetero-
geneous devices, LLMs, and execution setups, rather than introduce
variability from task diversity.

Across these projects, we evaluated five target tasks: (i) Data
Processing (DP), (ii) Model Conversion (MC with INT8 quantiza-
tion), (iii) Arduino Sketch Generation (ArdSG), (iv) Python Sketch

Generation (Py-CPU), and (v) Python Sketch Generation targeting
TPU-accelerated execution (Py-TPU).

For each task, we performed 30 independent runs per LLM.
The study includes a selection of closed-source models alongside
medium-sized, code-oriented open-source models (Table 2). This
mix allows us to compare both frontier and open models under
realistic resource budgets. Besides the default settings for each LLM,
we introduce an additional experimental condition (denoted with
the suffix “-p”) using temperature = 0.1, top_p = . 3. This con-
figuration restricts generative randomness and focuses the model
on high-probability continuations. It allows us to probe whether
reduced stochasticity improves determinism and correctness in
code-heavy tasks.

Abbreviation Model Name

Gdo GPT-40

G4o-m GPT-40-mini

Q32B Qwen2.5-Coder-32B
Q14B Qwen2.5-Coder-14B
P4-14B Phi-4-14B

C22B Codestral-22B

G27B Gemma-3-27B
DS14B Deepseek-r1:14B

Table 2: Models evaluated and their abbreviations.

We measure performance using two primary metrics: (i) Token
consumption, which serves as a proxy for LLM inference cost and
resource usage, and (ii) Success Rate, defined as the proportion of
runs that produce artifacts satisfying stage-specific validation cri-
teria. Importantly, success goes beyond compilation or execution
alone. Depending on the stage, validation includes: (i) successful
compilation or execution, (ii) runtime checks (e.g., tensor com-
patibility, inference invocation), (ii) artifact inspection, and (iv)
structural similarity analysis (Section 4.4) to detect deviations from
expected implementation patterns. These checks do not guarantee
full semantic equivalence, but they provide a practical notion of
deployment-level correctness aligned with real-world embedded
ML workflows. The maximum number of regeneration attempts
per run is fixed to five, balancing recovery capability with compu-
tational and cost overhead.

All back-end experiments were executed on a shared HPC in-
frastructure with an NVIDIA A100 GPU and 35 GB of dedicated
VRAM. We intentionally exclude wall-clock time as a comparative
metric across LLMs, since load fluctuations on the shared node may
introduce uncontrolled variance. However, runtime remains mean-
ingful within each LLM’s own test batch, where tasks are executed
sequentially under consistent conditions, allowing stage-to-stage
comparisons.

4.2 Evaluation on MCU Device

End-to-End Results on Microcontroller Pipelines. To evaluate
the Autopilot on MCU-class of devices, we first consider the fruit
classification use case targeting the Arduino Nano 33 BLE. The
pipeline builds and deploys a compact convolutional neural net-
work (CNN) that performs on-device inference using an embedded
RGB color sensor. This application exercises all volatile stages of the
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cost, including overhead from failed attempts.
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Figure 6: Execution time and token consumption across the
three stages of the pipeline, shown for successful (cyan/yel-
low) and failed (orange/red) runs.

embedded ML lifecycle: preprocessing the dataset, converting and
quantizing the model for TensorFlow Lite Micro, and generating
a device-ready sketch that configures the sensor, loads the model,
and performs inference on streaming data. Fig. 5 summarizes the
behavior of the Autopilot across LLMs and stages.

Success Rates Across Stages (Fig. 5a). Three observations stand out
clearly. First, sketch generation (SG) is the most challenging stage
by a wide margin. Only the most capable model (i.e., G40) manages
to reach a non-trivial success rate, completing SG in roughly 37%
of runs. All other models struggle and even G4o-m exhibits a sharp
drop, confirming that SG requires capabilities beyond standard
code synthesis. The fragility of this stage stems from the fact that

the LLM must satisfy multiple device-level constraints simultane-
ously in a C++ environment. For example, correct header includes,
static buffer sizing, I/O and peripheral configuration, memory-safe
tensorallocation, and strict adherence to TensorFlow Lite Micro
runtime conventions. Unlike Python-based stages, C++ sketch gen-
eration leaves little room for ambiguity or dynamic correction, and
small inconsistencies propagate into compilation errors. Small de-
viations easily produce sketches that compile incorrectly. Second,
MC is consistently more stable across models. Most LLMs achieve
above 50% success in MC, with the exception of DS14B, which
fails more frequently. This suggests that MC, while complex, is
structurally easier for LLMs because it relies more on generating
Python scripts that call well-defined APIs rather than producing
device-specific C++ code. Third, among open-source models, P4-
14B stands out. It achieves the strongest overall balance between
DP, MC, and SG among non-frontier models, showing that mid-
sized, code-specialized open models can perform competitively
when prompts and orchestration are well structured. Finally, ad-
justing sampling parameters can yield modest improvements. The
constrained-sampling version of Codestral-22B (C22B-p) shows
slightly better stability in MC and SG compared to its default con-
figuration. While the gains are modest, they illustrate that reducing
generative stochasticity can help LLMs adhere more closely to the
required code patterns.

Execution Time vs. Token Cost (Fig. 5b). The scatter plot shows exe-
cution time and total token consumption for instances in which an
LLM succeeded at least once in completing the entire MCU pipeline.
A consistent pattern is that successful runs cluster within a narrow
band of token usage, while more unstable configurations exhibit a
long-tail dispersion, suggesting that excessive verbosity or drift is
correlated with failed attempts. Models that succeed tend to pro-
duce shorter, more focused interactions rather than long, diffuse
generations. While execution time is influenced by toolchain la-
tency, the spread reflects the cumulative retries and re-prompting
cycles that occur during failure cascades. This behavior indicates
that excessive token consumption can serve as a signal of instabil-
ity, motivating cost-aware strategies such as retry budgeting, LLM
re-routing or early human intervention.

End-to-End Pipeline Flow (Fig. 5c). The Sankey diagrams illustrate
how the 30 independent runs flow through the entire pipeline. The
diagrams make the “leak points” explicit. For G40, most runs pass
DP and MC, but the SG becomes the main point of attrition. For
smaller models (e.g., P4-14B), divergence occurs much earlier, with
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Figure 7: Comparison of three prompt templates (SG1, SG2, SG3) for sketch generation, highlighting trade-offs between token
usage, latency, and success rate. SG2 achieves the highest success rate, while SG1 minimizes token consumption.

DP and MC failing more often and leaving only a small fraction
of runs reaching SG. This visualization underscores the central
message that even models that are strong at code generation may
struggle to maintain consistency across a multi-stage embedded
pipeline with cumulative constraints.

Operational Cost of Failures (GPT-40 Case Study, Fig. 5d). While
open-source models incur no per-token cost, GPT-4o provides a use-
ful reference for understanding the monetary implications of full-
pipeline automation. Successful GPT-40 runs complete the entire
MCU pipeline in roughly 100 seconds, demonstrating that automa-
tion can be practical in latency-constrained workflows. However,
the system also pays for every failed attempt—both in wall-clock
time and API cost. Toolchain failures trigger iterative refinement
loops that accumulate additional tokens and delays. At hyperscale,
this tail of unsuccessful generations becomes a non-trivial opera-
tional expense.

Fig. 6 shows the distribution of execution time and token con-
sumption across lifecycle stages, separating successful and unsuc-
cessful runs. Across all models, successful executions cluster within
narrower token and latency ranges, while failures exhibit broader
dispersion and more extreme outliers.

The DP stage operates in a stable regime: successful and failed
runs display similar distributions, with only modest efficiency dif-
ferences. This suggests that DP failures are typically caused by
minor formatting or API issues rather than fundamental reasoning
instability. In contrast, the MC stage exhibits a clear separation
between outcomes. Successful MC runs maintain low token usage,
whereas failed attempts show a systematic upward shift in both
median and mean token cost, reflecting longer, off-pattern outputs
that violate the rigid conversion structure required by the toolchain.
Parameter-sensitive configurations (e.g., C22B-p) reduce variance
and correlate with slightly higher success rates, indicating that
constrained decoding can improve stability in conversion tasks.

The SG stage remains the most challenging and model-sensitive
step. Success rates are extremely low for most open-source mod-
els, and the few successful runs exhibit substantially lower token
and latency values than failures. Failed SG attempts tend to cluster
around incomplete or structurally invalid sketches, suggesting par-
tial recognition of the task without satisfying its strict constraints.
We observe diverse failure modes in this stage, including missing
dependencies, tensor shape mismatches, incorrect peripheral ini-
tialization, and API misuse. A dedicated taxonomy and cross-model
analysis of these failures is provided in [35].

Across stages, DS-14B—the only model with explicit reasoning
mechanisms—exhibits pronounced long-tail behavior in failed runs,
producing extended reasoning traces that inflate token usage and ex-
ecution time. These artifacts disrupt the rigid control flow required
for MCU deployment, making the model both less predictable and
more error-prone.

The results highlight a strong structural asymmetry in the MCU
pipeline. DP tolerates moderate variation, MC is stable when out-
puts remain syntactically bounded, and SG dominates variability
and failure. For MCU-class targets, LLM-driven automation suc-
ceeds primarily when generations remain short, focused, and tightly
constrained.

Prompt Structure Sensitivity. Sketch generation emerged as the
most fragile stage of the MCU pipeline, but a closer examination
showed that failures were not driven solely by code complexity or
device constraints. Instead, the structure of the prompt itself played
a decisive role [24]. To study this effect, we compared three variants
of the sketch-generation prompt (SG1, SG2, SG3), each containing
the same semantic content but arranged with different levels of
nesting and formatting. SG1 followed a deeply structured layout in
which task information, application specifications, and guidelines
were all embedded in nested JSON-like blocks. SG2 flattened the
structure by extracting the task into Markdown while keeping the
specifications in structured form. SG3 flattened the prompt even
further, placing both the task and the guideline outside the JSON
block and presenting them as separate Markdown sections.

The results, shown in Fig. 7, reveal a surprisingly strong depen-
dency on structural layout rather than content alone. SG2 achieved
the highest success rate (30%), using a moderate number of tokens
and producing the lowest execution time among the three variants.
SG1 performed slightly worse (25%) and was notably slower despite
its efficient token usage. SG3 delivered the poorest performance
(15%) while consuming the largest number of tokens and exhibit-
ing relatively high latency. These differences cannot be explained
by the content of the prompts as each variant conveys the same
instructions. Instead, they suggest that LLMs respond unevenly to
format-induced constraints, consistent with observations in recent
studies on structural sensitivity in prompting [16].

We interpret this behavior as a form of format-induced misalign-
ment. Deeply nested schemas, overloaded blocks, or unconventional
layouts appear to trigger internal parsing heuristics that degrade
the model’s ability to plan or to produce consistent C/C++ code for
deployment. The results also show that resource usage (i.e.,tokens
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Figure 8: Sketch generation on MPU-class devices. Success rate (a), token consumption (b), and execution time (c) for Py-CPU
and Py-TPU deployments across open-source LLMs. The center and right panels report only the most successful configurations

to highlight convergence behavior.

or execution time) is not a reliable proxy for correctness. More
detailed prompts, or more verbose interactions, do not necessarily
yield better outcomes and may even exacerbate the problem.

4.3 Evaluation on MPU devices

4.3.1 Sketch Generation on MPU-type of Devices. We next evaluate
the Autopilot on MPU-class edge devices, focusing on Python-based
and accelerator-enabled SG The experiments target an object detec-
tion use case executed on two representative platforms: a Raspberry
Pi 4 Model B and a Google Coral Dev Board, both equipped with
4 GB of RAM. In this setting, the generated sketch is required to
read an MP4 video as input and produce an output video where
detected objects are marked with bounding boxes and labels. The
ML workload relies on a quantized SSDLite MobileNet V2 model
pre-trained by Google, along with its Edge TPU-compiled variant
for accelerator execution on the Coral board.

Unlike the MCU evaluation, here we focus exclusively on sketch
generation (Py-CPU and Py-TPU). Earlier results showed that DP
and MC are comparatively stable, even under stricter MCU con-
straints, while SG remains the dominant source of instability. To
ensure a fair comparison, we restrict this analysis to open-source
LLMs and exclude DS14B due to consistently poor performance in
prior stages. We also omit GPT-based models, as the goal of this
section is to assess the feasibility and reliability of Autopilot-style
automation using locally deployable models.

Fig. 8 reports the results of sketch generation on MPU-class
devices, comparing Py-CPU on Raspberry Pi and TPU-enabled SG
(Py-TPU) on the Coral Dev Board. Fig. 8a shows success rates across
models and configurations, while the center and right panels report
token consumption and execution time for successful runs only.
Overall, SG on MPUs is significantly more reliable than on MCUs,
even though the workload (i.e., video-based object detection) is
more complex. This improvement is largely attributable to the use
of Python-based runtimes, which relax constraints on memory
management, static allocation, and compilation compared to C++
MCU sketches. As a result, the Autopilot can converge more often
without triggering deep refinement loops.

A striking result is that TPU-based sketch generation consis-
tently outperforms CPU-based execution for most models. With
the exception of G27B, Py-TPU achieves near-perfect success rates

across LLMs, while Py-SG on Raspberry Pi exhibits noticeably lower
and more variable performance.

This behavior is counterintuitive at first glance. TPU deploy-
ments are more hardware-specific and require accelerator-aware
code. However, our analysis suggests that workflow ambiguity,
rather than hardware complexity, is the dominant factor. The Coral
TPU ecosystem enforces a highly standardized and dedicated pipeline.
From INT8 TFLite models, through the Edge TPU compiler, to
a small set of canonical Python runtime APIs. Public examples
and documentation converge on a narrow set of templates (e.g.,
pycoral.adapters, tflite_runtime.Interpreter), leaving lit-
tle room for variation. In contrast, Raspberry Pi-based vision pipelines
are inherently flexible. The LLM must choose among multiple valid
software stacks (TensorFlow Lite vs. full TensorFlow, OpenCV, dif-
ferent camera interfaces, varying dependency versions, etc.). This
broader decision space increases the likelihood of hallucinations
[26], such as importing unavailable modules, mixing APIs, or as-
suming unsupported libraries on ARM platforms. We conjecture
that LLMs implicitly rely on pattern completion over their training
distribution [6, 7]. The Coral task corresponds to a low-entropy,
repetitive pattern space, while Raspberry Pi sketch generation maps
to a high-entropy space with many locally valid but globally in-
compatible solutions. The reduced ambiguity of the TPU workflow
leads to higher execution success. In short, specialization reduces
ambiguity, and ambiguity is adversary of LLM-driven automation.

Applying constrained sampling parameters (temperature=0.1,
top_p=0.3) yields mixed results. For most models, parameter tuning
provides limited or no benefit and can even degrade performance.
An exception is P4-14B, which achieves near-perfect success across
both Py-CPU and Py-TPU configurations. This suggests that param-
eter tuning can help models that already exhibit strong structural
alignment, but it is not a general remedy for MPU-type SG failures.

Figs. 8b and 8c report token consumption and execution time,
respectively, for successful executions only. Two trends emerge.
First, substantial variance across runs, with some executions con-
verge in a small number of attempts, while others require multiple
refinement cycles before success. Second, TPU-based deployments
require fewer tokens and shorter execution times than CPU-based
ones, reflecting faster convergence and fewer retries. G27B again
appears as an outlier, exhibiting higher variability in both metrics.
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Q14B Q32B P4-14B C22B G27B
default p default p default p default p default p
Py-CPU 2.48 3.00 2.17 4.54 2.94 1.00 3.00 3.67 2.38 4.65
Py-TPU 1.70 1.00 1.70 3.83 1.50 1.00 2.90 3.63 4.00 0.00
Py-CPU 17% — 56% 57% 33% 20% — 25% —
Py-TPU  50% [H00% - - 63% 10% - - -

Table 3: Convergence behavior of sketch generation on MPU-class devices. Top: average number of attempts required to reach a
successful deployment. Bottom: first-attempt success rate among successful runs, for CPU- and TPU-based workflows. “default”
denotes standard sampling parameters, while “-p” denotes constrained sampling (temperature = 0.1, top_p = 0.3).

Table 3 characterizes how quickly sketch generation converges
once success is achievable. The top half reports the average number
of attempts required to obtain a successful deployment, while the
bottom half shows the first-attempt success rate, i.e., the fraction of
successful runs that converge without any refinement.

Two trends stand out. First, larger models do not converge faster.
Despite their higher parameter counts, 32B-class models often re-
quire more refinement iterations than smaller ones. This suggests
that additional capacity does not necessarily translate into better
alignment with tightly constrained system tasks, and may even
introduce more variability in early outputs. Second, TPU-based
workflows consistently converge in fewer attempts than CPU-based
ones. Across models, Py-TPU typically reaches success in one to two
iterations, while Py-CPU requires more retries. This reinforces the
earlier observation that standardized, accelerator-oriented pipelines
reduce ambiguity and help LLMs stabilize faster. From a systems
perspective, this also implies that specialized hardware pipelines
may be cheaper to automate, even when using paid APIs, because
fewer retries directly translate into lower token usage and shorter
wall-clock time. The first-attempt success rates further emphasize
model-dependent behavior. Several models never succeed on the
first attempt under certain configurations. This indicates that refine-
ment loops, as shown in Fig. 4, are not an optimization but a neces-
sity. Once again, P4-14B stands out, as it consistently achieves high
first-attempt success rates across both CPU and TPU deployments,
confirming its strong structural alignment for code generation tasks
in “less constrained” embedded workflows.

4.3.2  Alternative Success Metrics. From the results in the previous
section, we observe that Python-based SG exhibits heterogeneous
retry behavior. In particular, some LLMs converge immediately,
while others produce a valid artifact only after multiple regener-
ation attempts. A traditional success rate, which merely captures
whether a run eventually succeeds, reflects functional correctness
but overlooks how efficiently that success is achieved [13]. To pro-
vide a more expressive characterization of model performance, we
define three complementary success metrics. Each metric incorpo-
rates the number of generations required before a valid output is
produced, denoted as g; for the ith successful run. These metrics
can result useful in practical deployments, where retries translate
directly into latency, cost, and possibly energy consumption.

The standard pass/fail measure (Base Success Rate — BSR):

N,
Rtrad - success X 100,

total

indicates the fraction of runs that eventually produce a valid artifact.
Although widely used, this metric ignores differences in conver-
gence effort. To apply a smooth, gradually increasing penalty, we
use an Exponential-Weighted Success Rate (ExpSR):

Niuccess
1

Rexp e %=1 % 100.

Niotal i1

This formulation acts as a “forgiveness curve”, where additional
retries reduce credit, but not as abruptly as in efficiency-based
weighting [56]. We also consider a simple proportional penalty
(Linear-Weighted Success Rate — LwST):

Niuccess

max(1—0.2(g; — 1), 0.1) x 100.
i=1

Rin =

Niotal

Each retry reduces the score by approximately 20%, with a minimum
floor of 10% [53]. Finally, we define a discretized scoring scheme
(Robust Rank-Based Success Rate — RobSR):

1.0, g; <2,
0.6, 3<gi<4,
0 =105 s< g <6,
0.1, g;>6
Riobust = N s(g;) x 100.

i=1
This bucketed approach is resilient to noise and well-suited for
large-scale comparisons where retry variability is significant [13].

These different metrics aim to reveal two dimensions of behavior.
First, capacity (can the model eventually succeed?) and, second,
discipline (how reliably and quickly does it converge?). For example,
a target processor (e.g., CPU or TPU) may exhibit a high traditional
success rate yet a low efficiency-weighted score. This indicates that
it frequently succeeds but only after many retries. Differently, a
high efficiency-weighted score reflects strong internal stability and
deterministic behavior, properties that are particularly desirable in
LLM-driven automation pipelines where cumulative retries amplify
latency and operational cost.

Table 4 reports how success rates drop when progressively pe-
nalizing late convergence, moving beyond the traditional binary
notion of success. While BSR captures whether a run eventually
succeeds, the efficiency-weighted metrics (ExpSR, LwSR, RobSR)
expose how disciplined that success is in terms of retries.

A first observation is that models with similar BSR values can
exhibit markedly different efficiency profiles. For instance, several



BSR ExpSR  LwSR  RobSR
auas | PY-CPU | 76.67 22.671% -14.33%
Py-TPU | 100.00 = -23.63% -14.00%
qsos | Py-CPU [ 60.00 -18.58% -14.00% -11.33%
Py-TPU | 100.00 | -22.29% -14.00% | -7.67%
paqap | PY-CPU [ 100.00 23.33% -18.67%
Py-TPU | 100.00  -17.30% -10.00%
coop | PY-CPU [ 16.67 [ -9.39%
Py-TPU | 33.33  -17.81% -12.67% -8.67%
c27e | PY-CPU [ 80.00 22.00% -14.67%
Py-TPU | 6.67

Table 4: SG success rate variation under alternative efficiency-
aware metrics, highlighting penalties for late convergence
across models and execution targets.

configurations reach high or even perfect BSR, yet suffer substan-
tial drops under ExpSR and LwSR. In these cases, success is often
achieved only after multiple regeneration attempts, masking insta-
bility when using a pass/fail metric alone. The color gradients make
this contrast immediately visible. P4-14B consistently outperforms
because, although its BSR is comparable to other strong models,
it experiences significantly smaller penalties under all efficiency-
aware metrics, especially in the TPU setting. This confirms earlier
observations that P4-14B converges quickly and reliably, not merely
eventually. Models such as Q14B and G27B show sharp degrada-
tions under ExpSR and LwSR, particularly in CPU-based execution.
Despite decent BSR values, their efficiency-weighted scores reveal
a tendency to require repeated retries before convergence. This
pattern highlights why raw success rate alone is insufficient for
evaluating LLM-driven automation pipelines. Similarly, the RobSR
metric emphasizes this distinction by discretizing convergence qual-
ity. Here, TPU-based executions again appear more robust, with
smaller penalties across models.

4.4 Semantic Fidelity of Generated Code

So far, our evaluation has focused on whether the Autopilot can pro-
duce deployable artifacts and how efficiently it converges. However,
successful execution alone does not guarantee that the generated
code faithfully implements the intended algorithm [3]. To comple-
ment execution-based validation, we explicitly analyze the semantic
fidelity of generated artifacts. Specifically, earlier sections assess
whether the pipeline converges to executable outputs, while the
following analysis examines whether those outputs remain aligned
with the intended algorithmic behavior. In embedded settings, it
is possible for code to compile, run, and produce outputs, while
still deviating from the reference logic. To probe this dimension,
we analyze the semantic similarity between generated code and
trusted reference implementations.

We restrict this analysis to successful executions only, ensuring
that all compared artifacts compile and run correctly. For microcon-
troller targets, generated Arduino sketches are compared against
the official Arduino fruit classification reference implementation.
For MPU-class devices, Python sketches are compared against a
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Figure 9: Semantic similarity between generated code and
reference implementations, measured using CodeBERT, for
successful executions on MCU and MPU targets.

widely used MobileNet-based inference repository. These refer-
ences represent canonical, hand-engineered implementations of
the same functionality targeted by the Autopilot.

To quantify similarity, we compute CodeBERT-based similarity
scores between each generated program and its corresponding refer-
ence. It is worth mentioning that, while such metrics do not capture
functional equivalence exhaustively, they provide a useful proxy
for assessing whether LLM-generated code follows the expected
algorithmic structure or diverges into alternative, but potentially
fragile, implementations [17, 23].

For both MCU and MPU targets, the results of Fig. 9 show that
successful executions tend to exhibit high semantic similarity to the
corresponding reference implementations. Across models, Code-
BERT scores frequently cluster around values (e.g., = 0.8 — 0.9) that
are typically associated with strong structural alignment, indicating
that the generated artifacts often follow the intended algorithmic
design rather than relying on ad hoc or spurious behaviors.At the
same time, we observe non-trivial variance in semantic similarity,
even among executions that compile and run correctly.In both de-
vice classes, some generated sketches deviate noticeably from the
reference logic while still producing valid outputs [40, 44]. This
variance highlights an important limitation of execution-based val-
idation alone, as functional success does not guarantee semantic
fidelity. Looking at this in practice, such cases would benefit from
lightweight human inspection or additional validation mechanisms
to ensure that deviations do not introduce latent errors or reduce
long-term robustness.

Looking at the models’ performance, P4-14B consistently achieves
the highest and most stable similarity scores. This result is fully
aligned with the earlier findings that it combines reliable conver-
gence with semantically-aligned code generation. Other models
perform comparably on MPU targets, though with broader disper-
sion. Gemma exhibits higher variability, aligning with its less stable
behavior observed in previous analyses. The main outcome of this
analysis is that our framework can, overall, produce code that is
both executable and semantically aligned with expert-written im-
plementations. However, we also expose a residual gap between
working code and assured code, underscoring the need for addi-
tional validation and fallback mechanisms.
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Figure 10: Impact of reduced prompt constraints on Py-CPU
success rate for P4-14B across CPU and TPU targets.

4.5 Ablation Study: Effect of Reduced Prompt
Constraints

We now want to assess the contribution of engineering choices
in the Autopilot design by conducting a targeted ablation study.
We evaluate the impact of simplifying the prompt structure by
removing several explicit constraints, validation cues, and format-
ting guidelines used in the full prompt pipeline (Fig. 3) All other
components remain unchanged, including the model (P4-14B), hard-
ware targets, execution environment, and success criteria. We select
P4-14B for this study as it exhibited the most stable and highest
success rates in prior experiments, allowing us to isolate the effect
of prompt constraints under otherwise favorable conditions [3].
This ablated configuration approximates a relaxed LLM generation
setting, with reduced prompt structure, compressed context, and
simplified validation cues, serving as a natural baseline for assessing
the contribution of structured orchestration.

Fig. 10 compares success rates for the full Autopilot configura-
tion and the ablated variant across CPU and TPU execution. The
evaluation shows a clear degradation in performance when prompt
constraints are relaxed [20]. While the full configuration achieves
consistently high success rates, reaching full success on TPU tar-
gets, the ablated variant exhibits a substantial drop, particularly on
TPU, where success decreases sharply.

This represents a key property, indicating that reliable conver-
gence is not solely a property of the underlying LLM, but emerges
from the interaction between the model and the entire middleware
logic [50], highlighting the limitations of unconstrained generation.
Explicit constraints encoded in the prompt serve as guardrails that
reduce ambiguity, limit invalid generations, and improve determin-
ism across heterogeneous execution targets [4].

5 Related Work

Middleware and Toolchains for Embedded ML. Middleware
systems for edge environments traditionally abstract hardware
heterogeneity [38, 41]. In the context of ML, embedded ML in-
ference engines, such as TensorFlow Lite Micro [11], provide the
runtime environment for model execution but treat deployment
artifacts as static external inputs. To streamline development, popu-
lar frameworks like TensorFlow Lite [18] and PyTorch [36] provide
comprehensive tools for training, conversion, and inference; com-
mercial platforms like Edge Impulse [5] and vendor-specific tools
(e.g., STM32Cube.Al [46]) offer end-to-end pipelines. While these
platforms streamline workflows, they provide orchestration rather
than synthesis, where developers manually produce and integrate
artifacts. Our framework addresses this brittleness by leveraging

LLM-based code generation as middleware that dynamically syn-
thesizes artifacts in response to changing requirements.

LLM-Driven Embedded Code Generation. Recent research
has applied LLMs to embedded software engineering, progress-
ing from simple snippet generation [15] to more robust agentic
workflows. Tools like LLMind 2.0 [14], spec2code [37], and IoTPilot
[22] address specific code generation challenges through LLM fine-
tuning, knowledge integration, or formal verification. However,
these approaches often require device-specific fine-tuning, address
isolated issues, or demand substantial manual overhead, limiting
scalability.

LLMs for Embedded and IoT Workflow Automation. Be-
yond system development, LLMs have been applied to workflow au-
tomation of embedded and IoT workflows. AutoIOT [45] translates
natural language descriptions into executable Artificial Intelligence
of Things (AIoT) applications using iterative prompt refinement,
but validates solutions within virtualized environments. Other plat-
forms, including EmbedGenius [52] and EmbedAgent [51], focus on
improving dependency resolution in generated code or benchmark-
ing LLM performance through multi-agent development paradigms.
ChatloT [19] and LLM4TAP [55] achieve workflow automation
through LLM-generated trigger-action programs (TAP) in IoT and
smart home systems.

6 Conclusion

This paper presented an extensive experimental study of LLM-
driven automation for embedded ML pipelines, grounded in the
design and deployment of a middleware Autopilot that orches-
trates heterogeneous tools, devices, and execution targets. Through
large-scale experimentation across MCU- and MPU-class platforms,
we showed that end-to-end automation is feasible in practice, but
remains inherently fragile when driven by unconstrained model
generation. These findings suggest that LLM-based automation
for embedded ML should be approached as a middleware problem,
where guardrails, validation, and fallback mechanisms are first-
class design elements, as execution-based success alone does not
guarantee semantic correctness and deployable artifacts may still
deviate from intended logic. Autopilots can reduce human effort
and enable rapid deployment, but they require “parachutes”, in the
form of structured control and recovery mechanisms (e.g., stage-
aware prompting, validation loops, constrained regeneration), as
well as the need of additional safeguards highlighted by our em-
pirical findings. We believe these lessons will inform the design of
future middleware systems that integrate generative models into
dependable, resource-constrained computing environments.
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