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Abstract. We introduce EmbedCopilot-Bench, a multimodal bench-
mark designed to evaluate large vision-language models (LVLMs) as as-
sistants for embedded development. Compared with pure software pro-
gramming, embedded programming inherently involves hardware, mak-
ing it well-suited to benefit from LVLMs’ visual capabilities. However, to
the best of our knowledge, no existing benchmark comprehensively eval-
uates how effectively LVLMs can serve as embedded copilots. Our bench-
mark is developed to fill this gap. Built on real-world embedded develop-
ment videos, we constructed 216 annotated multimodal QA triplets span-
ning heterogeneous hardware platforms and peripheral modules, cov-
ering hardware operation, software configuration, and code generation
tasks. To assess model performance, we pair a rubric-driven LLM-as-
a-Judge protocol with execution-centric evaluation in Wokwi platform
and hardware-in-the-loop Execution Success Rate (ESR), jointly cap-
turing semantic quality and functional correctness. Experiments on a
range of closed- and open-source LVLMs show that visual context sig-
nificantly boosts performance, especially for hardware-related tasks, but
that models remain far from reliable embedded copilots. ESR analyses
and a pin-localization case study reveal frequent near-miss failures caused
by brittle grounding and limited structured reasoning over board layouts.
EmbedCopilot-Bench provides a challenging, realistic testbed for future
methods that more tightly integrate perception, circuit understanding,
and executable code synthesis for real-world embedded development.
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1 Introduction

LLMs have dramatically advanced the automation of complex reasoning and
problem-solving across diverse domains. Recent advances in large vision-language
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Fig. 1: Example EmbedCopilot-Bench tasks. (a) Arduino buzzer: from a wiring
photo and a short text goal, the LVLM must infer the buzzer pin and generate Arduino
code. (b) STM32 Nucleo LED: from a board image and IDE view, the LVLM must rec-
ognize the board, locate the onboard LED pin, and output the UI configuration steps.
Both require joint hardware recognition, pin-level grounding, and code/UI reasoning.

models (LVLMs) aim to further empower LLMs with visual understanding capa-
bilities. In response, a growing body of benchmarks has emerged to probe differ-
ent aspects of LVLM capabilities. These benchmarks cover various visual tasks,
including visual recognition [1820], Optical Character Recognition (OCR) |14}
34], solving diagram-illustrated mathematical problems [36}44, 56|, and multi-
disciplinary figure-based reasoning [51}/52].

Naturally, we also see the opportunity for LVLMs to enhance developer ef-
ficiency. Most current code copilot products [3}/5,/10,/15| focus on the textual
modality, where users express intent in text and the system generates code snip-
pets. Recent works explore incorporating visual modality, for example, gener-
ating code from an existing plot [46] or from an algorithmic problem-solving
figure [28]. However, for embedded-system development, little effort has been
made to systematically leverage LVLMs’ capabilities. Compared with pure soft-
ware programming, embedded programming has additional demands. Typical
workflows span multiple intertwined stages: reasoning about hardware wiring,
interpreting pin labels and schematics, configuring software environments, and
finally generating and debugging low-level code to be flashed onto microcon-
trollers. Visual capabilities could greatly assist this process. As illustrated in
Fig. I} consider a beginner who has connected a buzzer to an Arduino Uno and
wants the device to emit a periodic beep. The user provides an image of the cur-
rent wiring state plus a brief natural-language description, querying an LVLM
to produce a complete solution: correctly identifying the board and buzzer, in-
ferring which GPIO pin the buzzer is attached to, and generating Arduino code
that drives the buzzer via the appropriate pin configuration and timing logic.

To the best of our knowledge, no existing benchmark comprehensively eval-
uates how effectively LVLMs serve as a copilot for embedded development. In
fact, the seemingly simple task shown in Fig. [[] requires LVLMs to jointly ex-
hibit OCR, fine-grained localization, pin/module identification, causal reasoning
about circuits, and reliable code generation. To systematically evaluate such ca-
pabilities, we propose EmbedCopilot-Bench, a benchmark designed to assess
LVLMs for assisting embedded development.
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To construct a representative benchmark that aligns with real-world usage,
we extensively searched for step-by-step embedded development videos across
various online platforms. As shown in Fig. [2| (a) and (b), our data covers more
than five widely used embedded platforms (e.g., Arduino, STM32, ESP32) to-
gether with a broad suite of peripheral modules (e.g., HC-SR04 ultrasonic sen-
sors, character LCDs, and servos). Based on the curated videos, we designed
a rigorous procedure (as shown in Fig. [3) to derive comprehensive multimodal
QA triplets, each annotated with capability labels spanning hardware operation,
software configuration, and code generation, delivering fine-grained coverage of
typical embedded development workflows. The tasks span from entry-level ex-
ercises to senior-level projects, enabling controlled evaluation of LVLMs across
varying levels of difficulty and hardware complexity.

Besides the dataset, EmbedCopilot-Bench also features effective evaluation
protocols. The answers in our QA triplets are inherently heterogeneous and
open-ended, including low-level code snippets (Fig. a)), fine-grained UI in-
structions (e.g., “Click on PA5 ¥ select GP10_Output from the dropdown menu”)
as in Fig. (b) Thus, we develop a hybrid evaluation protocol: for open-ended
outputs, we adopt LLMs as automatic judges, drawing inspiration from recent
practices [11}[{13[[33}54]. We propose an LLM-based evaluator that scores model
outputs using a rubric tailored to embedded-device tutorials, with its reliabil-
ity calibrated via human audits. Additionally, for code outputs, we implement
strict and deterministic evaluation by executing the generated programs both in
a Wokwi emulator and on physical hardware, and report the ESR.
Contributions. Our contributions are as follows:

— A hardware-software-code benchmark for L\VVLM-based embedded
development. To the best of our knowledge, EmbedCopilot-Bench is the
first integrated benchmark designed to systematically evaluate LVLMs’ capa-
bilities in assisting realistic embedded development. It covers comprehensive
aspects of hardware operation, software configuration, and code generation,
spanning diverse development platforms and functional modules.

— An evaluation methodology combining LLM-as-a-Judge and rigor-
ous execution assessment. We design a rubric-driven, LLM-based evalua-
tor for open-ended outputs and validate its reliability through human expert
auditing. For code outputs, we implement an execution-based evaluator to
objectively measure ESR. This strikes a balance between efficiently assessing
semantic correctness and precisely verifying functional deployment validity.

— Comprehensive analysis of LVLMs as embedded copilots. We bench-
mark a diverse range of LVLMs supporting multi-image input: (i) closed-
source models including Claude-Sonnet-4.5 |4], GPT-5 [40], GPT-4o |21], and
Gemini-2.5-Pro [17]; and (ii) open-source models including Qwen2.5-VL [§],
Qwen3-VL [7], InternVL3 [55|, Mistral-Small-3 38|, LLaVA-OneVision [25],
and Gemma-3 [43|. We comprehensively examine their strengths and weak-
nesses across hardware, software, and code-related tasks to clarify whether
current LVLMs can effectively serve as embedded copilots. Our results high-
light substantial performance gains from visual context input, persistent gaps
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between closed- and open-source models, and key failure modes in hardware
grounding, pin grounding and executable code generation.

Taken together, these contributions position EmbedCopilot-Bench as a practical
testbed and stepping stone for developing the next generation of LVLMs that
can reliably assist real-world embedded development work ows.

2 Related Work

2.1 Multi-image Multimodal Models

Early large vision language models (LVLMs) such as Flamingo [2], BLIP-2 [27],
and LLaVA [32] demonstrated strong multimodal intelligence by combining pre-
trained vision encoders with large language models, with most early studies fo-
cusing on single-image or short-context settings. These systems achieve impres-
sive performance on generic vision language tasks such as VQA, captioning, and
instruction-following. Building on these advances, recent work has pushed toward
multi-image LVLMs that can jointly reason over multiple views or frames. Models
such as LLaVA variants with multi-image input [25], Qwen2-VL [45]/Qwen2.5-
VL [B], and InternVL3 [55] extend the context window to sequences of images and
text, enabling cross-image reasoning and richer contextual integration. These ca-
pabilities are particularly relevant to our setting, where embedded development
involves multiple complementary views that should be interpreted jointly.

2.2 Code LLMs and Program Synthesis

Code generation has emerged as one of the most prominent applications of large
language models [19, 22, 24, 30]. A wide range of code LLMs have been pro-
posed and evaluated on general-purpose programming benchmarks [6,23,39,50],
achieving strong performance in algorithmic problem solving and software syn-
thesis. Notable models and agents include Codex [10], Claude Code [3], and
systems such as GitHub Copilot [15] and Cursor [5], which already support
real-world software engineering work ows. Recent work has begun to explore
LLM-centered embedded and loT development systems. loTPilot [16], Embed-
Genius [49], and AutolOT [42], for example, use LLMs to generate embedded or
AloT applications from natural-language requirements, optionally supported by
structured component knowledge. EmbedBench [47] evaluates LLMs on embed-
ded programming, circuit-design, and cross-platform-migration tasks. Englhardt

et al. [12] further study LLM-assisted embedded development through hardware-
in-the-loop evaluation and user interaction. These e orts are complementary,
but primarily assess LLM-based program generation or artifact-oriented rea-
soning rather than visually grounded LVLM behavior from captured hardware
states and development-environment screenshots. In contrast, EmbedCopilot-
Bench evaluates LVLMs on end-to-end embedded-development tasks that re-
quire joint reasoning over textual instructions, hardware images, and IDE screen-
shots. It covers hardware operation, software con guration, and code generation,
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and evaluates not only semantic answer quality but also functional deployment
through emulator- and hardware-based execution.

2.3 Existing Vision Language Benchmarks

As discussed in Sec. 1, many vision language (VL) benchmarks focus on static
image understanding and generic multimodal reasoning, targeting tasks such
as visual recognition [18, 20], OCR [14, 34], multidisciplinary gure-based rea-
soning [51,52], mathematical problem solving [36,44,56], and code-related mul-
timodal reasoning [28, 46]. In particular, MMCode [28] evaluates visually rich
programming problems, whereas Plot2Code [46] evaluates code generation from
scienti ¢ plots. Recent domain-speci ¢ benchmarks further move toward adja-
cent electrical and EDA settings, e.g., diagram-centric Electrical and Electron-
ics Engineering problem solving and PCB/EDA artifact understanding [26, 29].
However, these benchmarks primarily evaluate reasoning over programming g-
ures, scienti ¢ plots, circuit diagrams, or PCB artifacts. They do not target the
downstream embedded-development loop in which a model must jointly inter-
pret real hardware wiring states, toolchain or IDE screenshots, and textual task
requirements to produce actionable operations and executable rmware.

EmbedCopilot-Bench is speci cally targeted at evaluating LVLMs for visually
grounded embedded development from real hardware images and development-
environment screenshots. Rather than isolated perception, artifact understand-
ing, or abstract code reasoning, EmbedCopilot-Bench examines end-to-end work-
ows that couple hardware wiring, software con guration, and executable rmware
generation. This bridges the gap between multimodal real-world understanding
and software system development, and provides a testbed for practical Al agents
operating in embedded development. Consistent with prior manually curated
VL benchmarks, EmbedCopilot-Bench is modest in size (216 triplets), compa-
rable to MM-Vet [51] (218), Plot2Code [46] (368), and LLaVA-Bench [32] (150).
Rather than exhaustively enumerating all isolated embedded-development tasks,
EmbedCopilot-Bench prioritizes carefully curated, realistic, and reproducible di-
agnostic coverage of representative hardware software code work ows.

2.4 LLM-as-a-Judge Evaluation

EmbedCopilot-Bench benchmarks LVLMs based on an open-ended evaluator,
speci cally leveraging an independent LLM for evaluation on questions and an-
swers matching without necessitating discrete answer such as multiple choice or
short questions. LLM-as-a-Judge has been widely adopted for model evaluation
in many complex settings [33, 35, 51], enabling free-form assessment where tra-
ditional metrics on open-ended answers fall short. Inspired by this line of work,
our extended evaluation metric is tailored to multimodal tasks and adapts well
to the diverse outputs in our benchmark.
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Fig. 2: Hardware in EmbedCopilot-Bench. (a) Supported development boards.
(b) Representative peripheral modules (sensors, Ul components, and actuators).

3 EmbedCopilot-Bench

3.1 Benchmark Construction Pipeline

Our goal is to develop a multimodal benchmark to assess whether an LVLM can
function as an embedded programming copilot. Therefore, we need to construct
comprehensive Q&A samples, as exemplied in Fig. 3(b), where the question
part contains a task query and its hardware and software context in visual form,
while the answer provides the speci c steps required to complete the task. Our
core intuition is to leverage rich and high-quality tutorial videos on mainstream
video platforms (e.g., YouTube) as a reliable source for constructing such a
benchmark. We adopt a three-stage pipeline to develop EmbedCopilot-Bench.
(1) Video collection and subtitle-based task segmentation. We manually

search channels on YouTube using curated keywords and identify a collection of
videos that cover more than 5 mainstream embedded platforms and 27 functional
modules, as illustrated in Fig. 2. These videos provide step-by-step instructions,
where instructors demonstrate on-board hardware operations while sharing their
computer screens and o ering verbal explanations. We observed that subtitles
can serve as an e ective signal for segmenting individual tasks, thereby facili-
tating subsequent Q&A generation. Therefore, we crawl the videos and extract
their subtitles using Whisper [41]. We then instruct GPT-5 to interpret each
video's subtitles and decompose them into ne-grained, step-wise tasks, as shown
in Fig. 3(a). The prompt for this process is detailed in supplementary materials.
(2) Q&A data generation. For each identi ed task, we construct a Q&A
triplet with a textual task query, visual context, and answer, as shown in Fig. 3(b).
The original subtitles are treated as the ground-truth answers, and we utilize
GPT-5 to generate a task query based on the answer, which captures the overall
objective of the task. In addition, we sample representative frames capturing
the hardware status and development environment, and human annotators then
correct Whisper transcription errors, re ne ambiguous queries, and verify that
the selected frames provide complete context for each Q&A triplet.

(3) Benchmark construction. We de ne three core aspects of embedded pro-
gramming and label each Q&A triplet accordingly, enabling more ne-grained
guantitative analysis of LVLM behavior. As shown in Fig. 3(c), we have:
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Fig. 3: Benchmark construction pipeline for EmbedCopilot-Bench. (a) Data

Curation: we collect real-world embedded programming videos from YouTube and
use Whisper transcripts to segment each video into ne-grained tasks. (b) Q&A Data
Generation: for each task, GPT-5 summarizes the subtitles into a textual task query,
while we extract key frames that capture the hardware setup and software environment,
yielding multimodal Q&A triplets. (c) Benchmark Construction: each triplet is cat-
egorized into hardware operation, software con guration, or code generation, forming
a structured benchmark for evaluating LVLMs as embedded programming copilots.

Hardware operation: This refers to physical-world interactions with em-
bedded devices, including practical wiring (e.g., GPIO connections, bread-
board wiring), SD card insertion, and USB connections between the em-
bedded device and the computer. This capability requires the model to ex-
hibit real-world understanding of wiring practices and underlying electronic
principles, such as mapping module pins to the corresponding pins on the
embedded device via a breadboard.

Software con guration: This refers to operating-system-level and Ul-level
installation and setup, such as installing ESP32 drivers, ashing Ubuntu im-
ages for Raspberry Pi, selecting device ports, and other software-related op-
erations required to prepare the hardware, all of which are completed solely
on the computer. The models are evaluated on their ability to understand
Ul components of di erent applications, such as Raspberry Pi OS, Visual
Studio, and the Device Manager in Windows.

Code generation: This refers to scenarios where code must be produced
to implement a speci ¢ function that satis es the user's requirements. The
models are evaluated on their ability to generate deployable code in multiple
programming languages across di erent applications and IDEs.

Dataset statistics. Following the above pipeline, we obtain a comprehen-
sive multimodal, multi-dimensional Q&A triplet dataset, EmbedCopilot-Bench,
which contains 216 unique Q&A triplets and 235 capability labels. 63 triplets
are tagged as hardware operation, 98 as software con guration, and 74 as code
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Fig. 4: Evaluation pipeline: Models predict next-step instructions from visual and tex-
tual context, with outputs scored by an LLM-as-a-Judge, veri ed by human annotators,
and further validated via hardware (or an emulator) for code-related performance.

generation. Since a triplet may receive multiple labels (e.g., both hardware and
code), these per-dimension counts sum to more than the number of triplets.

3.2 CoT LLM-as-a-Judge for Open-ended Outputs

The questions and answers in EmbedCopilot-Bench are inherently open-ended:
LVLM outputs could include natural-language explanations, multi-step proce-
dures, and executable code. This makes it di cult to design simple token-level or
exact-match metrics that faithfully capture quality di erences between a gener-
ated answer and the ground-truth answer. Inspired by recent benchmark studies
that use LLMs as automatic judges for free-form responses [35, 51], we adopt
GPT-5 as our primary evaluator.

Evaluation pipeline. As shown in Fig. 4, for each Q&A triplet from EmbedCopilot-
Bench, we feed the task query and visual context to the LVLM under evalua-
tion. Additionally, we provide history summaries that explicitly describe what
has already been done to reach the current state. The answer produced by the
evaluated LVLM is then compared against the ground truth by the judge model.
Inspired by prior work [9,33], we instruct the judge model to follow a rubric cov-
ering correctness, grounding, and actionability (see supplementary materials)
and to assign a score on a 5-point Likert scale (1 = very poor, 5 = excellent),
along with a detailed explanation.

CoT LLM-as-a-Judge. To improve robustness and reduce sensitivity to local
noise or single-pass hallucinations, we adopt an iterative CoT judging proce-
dure, Scoring-Refine, inspired by self-re ection methods [33,37] and detailed
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