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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 GPI0_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 LVLM-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 workflows.

2 Related Work

2.1 Multi-image Multimodal Models

Early large vision-language models (LVLMSs) 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 [§], 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 [61/231/39,/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 workflows. Recent work has begun to explore
LLM-centered embedded and IoT development systems. IoTPilot [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 efforts 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 configuration, 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 figure-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
scientific plots. Recent domain-specific 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 [261[29].
However, these benchmarks primarily evaluate reasoning over programming fig-
ures, scientific 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 firmware.
EmbedCopilot-Bench is specifically 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-
flows that couple hardware wiring, software configuration, and executable firmware
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 workflows.

2.4 LLM-as-a-Judge Evaluation

EmbedCopilot-Bench benchmarks LVLMs based on an open-ended evaluator,
specifically 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, UI 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 exemplified in Fig. (b)7 where the question
part contains a task query and its hardware and software context in visual form,
while the answer provides the specific 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 offering verbal explanations. We observed that subtitles
can serve as an effective signal for segmenting individual tasks, thereby facili-
tating subsequent Q&A generation. Therefore, we crawl the videos and extract
their subtitles using Whisper . We then instruct GPT-5 to interpret each
video’s subtitles and decompose them into fine-grained, step-wise tasks, as shown
in Fig. (a). The prompt for this process is detailed in supplementary materials.
(2) Q&A data generation. For each identified task, we construct a Q&A
triplet with a textual task query, visual context, and answer, as shown in Fig. 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, refine ambiguous queries, and verify that
the selected frames provide complete context for each Q&A triplet.

(3) Benchmark construction. We define three core aspects of embedded pro-
gramming and label each Q&A triplet accordingly, enabling more fine-grained
quantitative analysis of LVLM behavior. As shown in Fig. 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 fine-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 configuration, 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 configuration: This refers to operating-system-level and Ul-level
installation and setup, such as installing ESP32 drivers, flashing 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
UI components of different 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 specific function that satisfies the user’s requirements. The
models are evaluated on their ability to generate deployable code in multiple
programming languages across different 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 configuration, 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, verified 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 difficult to design simple token-level or
exact-match metrics that faithfully capture quality differences 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 , we adopt
GPT-5 as our primary evaluator.

Evaluation pipeline. As shown in Fig.[d] 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 @L, 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 = wery 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-reflection methods and detailed
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Algorithm 1 SCORING-REFINE (Iterative Judge with Final Reconciliation).

Require: ¢ (question), g (ground truth), § (prediction), judge model M; reflection
rounds R; prompts P = {pinit, Pref, Pin }

1: (s1,e1) + M(pinis || g1l g || 9) > Initial score & explanation
2: H <+ [(s1,€1)] > Initialize scoring history
3: fort=2to R do > Stop condition
4: (stser) < M(pret gl g | 91 (st—1,€-1)) > Self-reflect
5: ‘H.append((s¢, et)) > Store history
6: end for

7: (Sfinal, €final) < M(psan || a1l g || T || H) > Reconcile all rounds
8: return (Sanal, €final)

in Algorithm [I} Here, P denotes three instruction prompts for the judge model
M: an initial scoring prompt piit, a self-reflection prompt p,er that asks the
model to reconsider its previous judgment, and a final reconciliation prompt pay
that aggregates the scoring history into a single decision. In this procedure, M
first generates an initial score and explanation (s1, e1) for (g, g, 3), then performs
rounds of self-reflection by revisiting its previous scores and explanations, and
finally outputs a reconciled decision (Sfnal, €final), Which we use as the evaluation
output for that sample. In all experiments, we set the number of reflection rounds
to R = 3 (one initial judgment and two self-reflection passes), which we found to
provide a good trade-off between robustness and inference cost. In a nutshell, the
judge model produces a raw Likert score r; € {1,...,5} for each sample, condi-
tioned on the question, ground-truth answer, and model output. We normalize
r; to [0,1] by s; = (r; —1)/4. The overall score is S = 4 vazl s; X 100%, and the
capability-wise score is S¢ = Nic > icc 5i X 100%, where N is the total sample
number, C' denotes the subset of samples for a capability label, and No = |C].

3.3 Execution-based Judge for Code Outputs

To complement LLM-as-a-Judge, for code generation, we further apply a stricter
and more precise evaluation by executing the generated code in a hardware
emulator environment to verify whether it achieves the target behavior.

Execution-based judge. We mainly employ Wokwi [1| as the test environ-
ment, a web-based platform that supports a wide range of development plat-
forms, functional modules and peripheral configurations (e.g., most Arduino-
and ESP32-based setups), enabling us to emulate I/O connections, firmware ex-
ecution, and observable behaviors such as pin toggling and serial output. We
treat multiple consecutive tasks whose outputs contribute code toward a com-
mon goal (e.g., enabling an LED blinking pattern or producing a correct sensor
readout) as a single meta-task. For each meta-task, we set up a Wokwi project
that mirrors the ground-truth hardware wiring diagram and inject the model-
generated code to verify whether the target behavior is achieved correctly. In
addition, we adopt hardware-in-the-loop execution on real devices to quantify
code quality in cases not supported by Wokwi, including STM32 projects that
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rely on STM32CubelDE and Raspberry Pi workflows. For each meta-task, we ap-
ply a rigorous human audit process as follows. First, a trained rater (i) assembles
and compiles the full model-generated program, (ii) flashes the resulting binary
to the target MCU, (iii) runs the physical rig (e.g., Arduino + motor), and (iv)
performs blinded human adjudication, verifying whether all pre-registered accep-
tance criteria are satisfied (e.g., speed, direction, latency, serial output). Second,
we ask a second rater to review the outcome, and any disagreements are resolved
by consensus. With dataset release, we also provide our Wokwi project files, to-
gether with a detailed description of the physical hardware setups, and complete
per-meta-task evaluation metadata, including the target behavior, pre-registered
acceptance criteria, and scripts for reproducing the ESR evaluation.
Execution success rate (ESR). For the execution-based judge, we use the
ESR as the evaluation metric to quantify whether model-generated code satisfies
the desired end-to-end device behavior. Following Pass@1-style code-generation
evaluation [10}/42|, we define two versions of the execution success criterion.
Strict: a code sample is counted as correct only if (i) it drives all component
pins according to the ground-truth hardware connections, and (ii) it successfully
completes the target behavior (either in emulator or on physical hardware). Per-
missive: we define a permissive, pin-error-tolerant criterion, where the code is
allowed to make mistakes only in pin-number recognition (i.e., using a different
pin index than the one wired in hardware), but is counted as correct if it can
achieve the desired functional behavior after pin correction. We intentionally
restrict permissiveness to pin-index errors to isolate the visual grounding bottle-
neck and avoid platform-dependent subjectivity from broader “small logic fixes”,
making the Strict—Permissive gap a clean proxy for visual-physical alignment
deficits with minimal evaluation noise.

3.4 Quality Control with Human Annotators

We adopt two complementary procedures to ensure the quality of both the
dataset and the evaluation judges.

(i) Benchmark construction. To ensure the quality of the Q&A triplets,
human annotators manually review and correct transcription errors produced by
Whisper. For each task query summarized by GPT-5, we also manually verify
its completeness. In addition, we mask information that is already visible in the
captured images so that the actual image-understanding capability of LVLMs
can be properly evaluated. For selecting frames to serve as visual context, we
adopt a hybrid pipeline in which we first apply heuristic rules to automatically
propose candidate frames, and then manually screen them to select those that
meet our quality requirements.

(i) Human verification of the LLM judge. To verify the reliability of
LLM-as-a-Judge, we adopt two complementary human-based checks. First, fol-
lowing prior LLM-as-a-Judge validation practices [35,[51], we randomly sample
172 judged responses to construct a manually scored gold subset. Three PhD-
level researchers with expertise in embedded systems and programming indepen-
dently assign 1-5 Likert scores using the same rubric as GPT-5, enabling a direct
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assessment of human—LLM score agreement. Second, we require the judge to out-
put both a score and a concise explanation for each open-ended QA comparison.
12 PhD-level researchers then assess the consistency between the score and its
explanation via a dedicated web UI that supports efficient browsing and labeling.
Together, these checks evaluate both the agreement between GPT-5 and human
scores and whether the judge’s rationales support its assigned scores.

4 Evaluation Results

4.1 Experiment Settings

We evaluate a suite of representative LVLMs on the EmbedCopilot-Bench. We
consider two categories:® Closed-source LVLMs: Claude-Sonnet-4.5 [4], GPT-
5 [40], GPT-40 [21], and Gemini-2.5-Pro [17]; and ® Open-source LVLMs:
Qwen2.5-VL-7B [8], Qwen3-VL-2B /4B /8B |7], InternVL3-8B |55, Mistral-Small-
3-24B [38], LLaVA-OneVision-7B [25], and Gemma-3-4B [43].

Each model is evaluated under two input configurations: text-only (T), where
the model receives only the text query, and with images (+1), where we addition-
ally provide visual context, i.e., hardware status and computer screen snapshots.
For all evaluated models, we apply a unified prompt as illustrated in Fig.[d] Model
outputs are scored on a 1-5 scale by GPT-5 acting as an LLM-as-a-Judge, fol-
lowing the protocol described in Sec. [3.2] Since LLM-based judging can exhibit
slight stochasticity, we repeat the judging process 5 times for each model and
input configuration, and report mean + standard deviation for the overall and
capability-wise scores. In addition to these scores, we also evaluate the Execution
Success Rate (ESR) described in Sec.

4.2 LLM-based Results

Table [1| summarizes the performance of both closed- and open-source LVLMs
on EmbedCopilot-Bench under our LLM-as-a-Judge evaluation (averaged over
5 independent GPT-5 judging runs). We highlight three key observations.
First, closed-source LVLMs consistently lead in overall judge scores,
but are not yet saturated on hardware grounding. Under the with-images
setting, Claude-Sonnet-4.5 and GPT-5 achieve the best overall scores (89.6 and
89.2), followed by GPT-40 (87.0) and Gemini-2.5-Pro (86.6). Across these mod-
els, software configuration remains relatively strong (LLMg,, =~ 93-97), while
hardware operation and code generation still show headroom (LLMy,, &~ 83-88;
LLMcode =~ 82-84), suggesting that fine-grained physical grounding and exe-
cutable code synthesis remain challenging even for state-of-the-art LVLMs.
Second, visual context generally improves judge scores, especially
for LLMy,,, but gains are model-dependent. For example, GPT-40’s LLMy,,
score increases from 65.6 (T) to 84.7 (+I), accompanied by an overall gain from
80.3 to 87.0. Similarly, Qwen2.5-VL-7B improves on LLM},, (43.2—59.0) and
Code (56.1—66.1) when images are provided. However, the benefit is not uni-
versal: for Gemma-3-4B and LLaVA-OneVision-7B, with-images and text-only
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Table 1: Performance comparison of LVLMs with ESR. All open-source mod-
els are evaluated in their instruction-tuned variants. Mod.: input modality (T: text-
only; +I: with images). LLMyy: hardware-operation; LLMgy: software-configuration;
LLMcoqe: code-generation. We additionally report execution success rates (ESR) on
executable tasks per setting: Eq, requires exact pin correctness and task completion;
Eper also counts runs that complete the task with minor pin errors.

Model Mod. LLMyw LLMgsw LLMcode LLM.n Estr Eper
Closed-source LVLMs

T 79.7+31 96.1+1.8  84.5+2.8 87.4+2.4 48.3% 82.8%
Claude-Sonnet-4.5 +1 86.5+3.2 95.3422  83.6+2.5  89.6+2.344.8% 86.2%

T 745433 95.5+2.1 77.8+3.0 83.6+2.5 17.2% 27.6%

GPT-5 +I 88.2+3.4 96.9+1.4 81.6+3.0 89.2+2.3 31.0% 58.6%
T 65.6+£3.9 93.842.2  76.942.1 80.3+2.4 37.9% 62.1%

GPT-40 +1 84.7+39 93.3+24  81.7+27  87.0+2.648.3% 79.3%
L T 71.7+29 92.7+2.2 79.1+2.8 82.4+2.4 31.0% 44.8%
Gemini-2.5-Pro +1 82.7+29 93.3+1.6 82.242.7  86.6+2.341.4% 55.2%

Open-source LVLMs

. T 66.7+1.9 88.8+25  77.443.9 79.0+2.4 31.0% 58.6%
Mistral-Small-3-24B +1 72.243.4 88.2+2.4 78.5+1.3 80.8+2.2 37.9% 82.8%

T 56.0+3.6 80.6+3.9  68.943.7 70.2+3.8 13.8% 24.1%

InternVL3-8B +I  65.0+4.0 83.5+3.3 70.54+2.8 74.443.0 13.8% 31.0%
T 57.4435 81.24+4.7 63.0+4.3 68.3+4.1 10.3% 13.8%
Qwen3-VL-8B +I 719436 77.9435 69.1+33  74.0+3.3 6.9% 24.1%
T 43.2+25 56.3+3.8  56.1+3.0 52.1+3.3 13.8% 17.2%
Qwen2.5-VL-7B +I 59.0+3.3 73.8443  66.1+42 67.3+3.620.7% 34.5%
T 54.4+27 75.6+£3.2  61.2+2.4 64.9+2.8 10.3% 17.2%
Qwen3-VL-4B +I 60.8+2.7 70.1+2.2 62.8425 65.6+2.313.8% 24.1%
T 53.3+2.0 71.9+2.5 59.54+1.8 62.6+1.8 6.9% 17.2%
Gemma-3-4B +1 52.0+3.4 71.6+£3.6  58.9+2.0 62.2+2.6 6.9% 17.2%

. T 50.2+3.3 73.5+2.9 56.342.4 61.5+2.7 3.4%  10.3%
LLaVA-OneVision-7B  +1 52.6+£3.0 71.044.2  55.3+2.6 60.6+£3.3 3.4%  10.3%

T 39.7+1.0 53.54£3.0 48.7+1.7 47.941.9 3.4%  10.3%
Qwen3-VL-2B +1 47.1+16 61.9+1.3 53.9+1.0 54.94+0.9 0.0%  0.0%

scores are broadly comparable, suggesting that for smaller-capacity models, vi-
sual perception and cross-modal grounding can be unreliable in this setting. As
a result, image inputs may introduce additional noise or misinterpretations that
offset any potential gains from visual context.

Third, within a controlled single-family comparison (Qwen3-VL-
2B /4B/8B), effective use of images appears to require sufficient model
capacity. With images, the score increases monotonically from 54.9 (2B) to 65.6
(4B) and 74.0 (8B). Notably, the hardware dimension benefits the most at larger
scale: Qwen3-VL-8B improves its LLMyy, from 57.4 (T) to 71.9 (+I), whereas
smaller variants show smaller gains. This suggests that visual input becomes
reliably actionable beyond a certain capacity, especially for hardware grounding.
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4.3 Execution Success Rate (ESR) Results

Table [I] also reports ESR on executable tasks, which provides a stricter end-to-
end validation beyond judge scores. We highlight three key insights.

First, execution remains substantially harder than achieving high
judge scores, even for closed-source models. Although closed-source mod-
els attain the strongest LLM_oqe scores (often > 80), their strict execution suc-
cess rates are much lower (e.g., Eg, peaks at 48.3%). This gap shows that plausi-
ble code generation alone is insufficient for end-to-end success, which additionally
requires robust visual grounding and execution-faithful reasoning.

Second, pin-related near-misses account for a large fraction of fail-
ures, and permissive reveals this clearly. Across most models, E,¢, is
markedly higher than Eg,, suggesting that many “failures” are due to minor pin
mis-specification rather than incorrect task logic. For example, Mistral-Small-
3-24B rises from 37.9% to 82.8% and Claude-Sonnet-4.5 from 44.8% to 86.2%
(+1), indicating pin-level grounding as a key bottleneck.

Third, stronger models are bottlenecked by pin-level grounding,
while weaker models are dominated by real failures. Top models achieve
high permissive success, indicating that many remaining errors are near-misses
primarily caused by pin mismatches. In contrast, smaller open-source models re-
main low even under the permissive criterion (e.g., LLaVA-OneVision-7B stays
at 10.3%), suggesting more fundamental reasoning or code-generation failures be-
yond pin selection. Overall, this decomposition implies that improving pin-level
grounding is the main lever for strong models, whereas weaker models require
broader gains in planning and execution-faithful code synthesis.

4.4 Effectiveness of LLM-as-a-Judge Evaluation

Following the human-verification protocol described in Sec. [3.4] we assess the re-
liability of GPT-5 from two complementary perspectives: agreement with human
scores and consistency between its assigned scores and accompanying rationales.
Human—-LLM score agreement. On the manually scored gold subset of 172
sampled model responses, GPT-5 achieves averaged absolute differences of 0.058,
0.048, and 0.080 relative to the three independent expert annotators, respec-
tively, with an overall mean of 0.062 (Table [2)).

Human audit of judge rationales. We audit whether the judge’s scores are
well supported by its rubric-based explanations. Twelve PhD-level embedded-
systems experts independently rated explanation—score consistency for 172 judged
responses on a 5-point Likert scale. The mean consistency rating is 4.7/5, with
a skewed distribution (75.4% rated 5; 96.1% rated > 4). The within-1 agree-
ment is the mean pairwise agreement over all (122) = 66 rater pairs: for each
pair, we compute the fraction of audited items on which their ratings differ by at
most 1 point, and then average this fraction across pairs; we obtain 93.7%. These
audits suggest that the judge’s rubric-based rationales are generally consistent
with its assigned scores.
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Table 2: GPT-5-human score agreement on the gold subset. All raters used the same
1-5 rubric. Scores are normalized to [0, 1].

Metric GPT-5-Human Agreement (3 Human Raters)
Averaged absolute difference 0.058 / 0.048 / 0.080
Overall mean 0.062

Table 3: Inter-judge robustness of LLM-as-a-Judge. We report the model-level
Spearman correlation of average scores across 12 models, and the sample-level MAE
between two judges’ per-sample scores on the normalized 0-1 scale.

Alternative Judge Open-weight? Model-level p Sample MAE (0-1)

Qwen3-235B v 0.909 0.145
GLM-4.7 v 0.916 0.152
DeepSeek-V3.2 v 0.832 0.206
Claude-Sonnet-4.5 X 0.909 0.195
Gemini-2.5-Pro X 0.888 0.163
GPT-40 X 0.916 0.108

Judge robustness and reproducibility. To ensure our evaluation is not tied
to a single proprietary judge, we compare GPT-5 against diverse open-weight
and closed-source judges, including Qwen3-235B [48|, GLM-4.7 [53], DeepSeek-
V3.2 [31], Claude-Sonnet-4.5 [4], Gemini-2.5-Pro [17], and GPT-4o [21] (Table[3).
Across 12 prediction models (5,184 judged responses), model-level rankings
remain highly consistent across judges (Spearman p = 0.832-0.916), indicat-
ing that our key conclusions are largely judge-agnostic. At the sample level,
judges show modest calibration differences, measured by mean absolute error
(MAE) between two judges’ per-sample scores on the normalized 0-1 scale (MAE
= 0.108-0.206); importantly, these shifts primarily affect fine-grained score cal-
ibration rather than the overall ordering trends captured by model-level corre-
lations. Finally, open-weight judges achieve similar model-level agreement with
GPT-5, supporting reproducible evaluation independent of proprietary APIs.

4.5 Case Study

Our ESR experiments indicate that the permissive evaluation reveals a large
fraction of near-miss failures, especially those related to pin localization. To
better understand these errors, we present a representative case study. As shown
in Fig. [5) we analyze the strongest coding model under our permissive metric
and investigate why its strict success rate remains unsatisfactory.

In this task, the LVLM is first asked to identify the two yellow signal wires
connecting a servo motor and a potentiometer to an Arduino Uno, and to out-
put the corresponding pin numbers. Based on this inferred wiring, the model
must then generate Arduino code that correctly initializes the signal pins for
both components. Claude-Sonnet-4.5 correctly localizes the servo signal wire on
digital pin 9 and propagates this assignment into the code. However, for the
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void setup() {
_myservo.atts 3
1 Tm-——
7

h
void loop() { -

Fig.5: Case study of pin-localization near miss. Claude-Sonnet-4.5 correctly
identifies the servo signal wire on digital pin 9 and initializes it in code, but misidentifies
the potentiometer signal wire as analog pin AQ instead of the correct pin Al, leading
to an execution failure under strict evaluation.

potentiometer, the model predicts analog pin AO instead of the correct pin Al,
leading to an incorrect code initialization. This mistake likely stems from subtle
occlusion of the silkscreen legends on the PCB and the slightly rotated camera
viewpoint, which make the printed labels less salient. In contrast, a real-world
user can reliably infer the correct pin by reasoning about the relative layout of
the headers and counting pins from a known reference, even when the text label
is partially occluded. This example illustrates both the promise and the limita-
tions of current LVLMs: while they can often localize visible pins correctly, small
viewpoint changes or occlusions can disrupt their predictions, revealing a deeper
lack of structured hardware reasoning and highlighting room for improvement.

5 Conclusion

We presented EmbedCopilot-Bench, a multimodal benchmark for end-to-end
embedded-device development, comprising annotated QA triplets across hetero-
geneous hardware platforms and peripheral modules, together with a hybrid
evaluation protocol that combines rubric-driven LLM judging and execution-
based ESR. Experiments show that visual context helps, yet models remain far
from reliable under execution. Our ESR analysis further identifies pin grounding
as a key bottleneck (large Strict—Permissive gap), motivating future work on
more robust pin localization in LVLMs under viewpoint changes and occlusions
to better align visual grounding with executable firmware.
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