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Abstract

In recent years, multimodal large language
models have achieved substantial progress, yet
their performance remains limited in special-
ized domains such as circuit diagram under-
standing. A key bottleneck lies in the lack
of diverse and large-scale training data tai-
lored to the structural characteristics of cir-
cuit diagrams, together with the high cost
of expert annotation. To address this chal-
lenge, we propose CircuitPile, a systematic
data synthesis framework for circuit visual-
language modeling.  CircuitPile integrates
heterogeneous circuit resources from multi-
ple sources and constructs standardized la-
bel spaces and multi-granularity visual rep-
resentations. Based on this framework, we
build 738K domain-specific pre-training sam-
ples and 100K task-oriented instruction-tuning
samples for the pre-training and supervised
fine-tuning stages, respectively. Furthermore,
to systematically evaluate fundamental visu-
ally grounded circuit perception, we intro-
duce CircuitPerception-Bench, a diagnostic
benchmark comprising 2,700 multiple-choice
samples across three dimensions: component
recognition, spatial understanding, and quan-
titative reasoning. CircuitPerception-Bench
focuses on fundamental visually grounded
perception and complements external bench-
marks such as AMS Benchmark. Experi-
mental results show that multimodal models
trained with CircuitPile achieve significant per-
formance gains on the internal benchmark and
demonstrate favorable transferability on the ex-
ternal public AMS Benchmark. For example,
applying CircuitPile-based SFT to Qwen3-VL-
8B improves the scores on CircuitPerception-
Bench and AMS Benchmark from 0.5759 and
0.5067 to 0.7703 and 0.5988, respectively.
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Figure 1: Motivation of CircuitPile. CircuitPile ad-
dresses the limitations of general MLLMs on circuit
diagrams through circuit-specific data synthesis, stage-
aware supervision, and diagnostic evaluation.

1 Introduction

Circuit diagrams serve as important information
carriers in electronic system design, engineering
education, and technical documentation, describ-
ing component composition, connection relation-
ships, signal propagation, and overall functional
structures. Unlike natural images, circuit diagrams
exhibit strong symbolic and structural character-
istics: they contain textual information such as
component symbols, names, and identifiers, as
well as structural relations formed by wires, lay-
outs, and local topologies. Therefore, circuit di-
agram understanding requires not only recogniz-
ing objects in the diagram, but also modeling
the correspondence between textual information
and components, spatial organization, and struc-
tural associations. Prior studies have shown that
circuit diagram understanding plays an important
role in tasks such as automatic drawing processing,
schematic analysis, and netlist generation (Bayer
et al., 2024; Huang et al., 2025; Aldowaish et al.,
2026). Circuit diagram understanding also has
broad practical value in electronic design automa-
tion, technical documentation, and structured vi-
sual reasoning, providing a challenging testbed
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that requires joint modeling of symbols, text, spa-
tial layout, and connectivity.

In recent years, multimodal large language
models have achieved substantial progress in
tasks such as visual question answering, vision-
language understanding, and complex reasoning
(Liu et al., 2024b; Bai et al., 2025). However,
circuit diagrams contain fine-grained component
symbols with subtle inter-class differences, textual
attributes that are tightly bound to specific objects,
and visual semantics jointly determined by quanti-
ties, positions, and local structures. As a result,
general-purpose MLLMs still face challenges in
this scenario, including unstable recognition, in-
sufficient attribute grounding, biased spatial local-
ization, and limited structural reasoning. Existing
models therefore remain inadequate for circuit vi-
sual question answering, domain-specific percep-
tion, and complex structural analysis (Mehta et al.,
2024).

Although prior studies have accumulated vari-
ous data resources for component detection and
symbol recognition (Thoma et al., 2021; Roy et al.,
2025; Bhanbhro et al., 2023), as well as netlist re-
covery and circuit question answering (Xu et al.,
2025; Shi et al., 2025), most of these resources are
designed for specific tasks and remain difficult to
directly support the systematic training of multi-
modal large language models in the circuit domain,
as illustrated in Figure 1.

To this end, we propose CircuitPile, a system-
atic data synthesis framework for circuit visual-
language modeling. It integrates heterogeneous
circuit resources from multiple sources, constructs
a standardized label space and multi-granularity
visual representations, and further builds domain-
specific pre-training corpora and task-oriented
instruction-tuning corpora. Meanwhile, we in-
troduce CircuitPerception-Bench, a diagnostic
benchmark for fundamental visually grounded cir-
cuit perception, covering component recognition,
spatial understanding, and quantitative reasoning.
It complements external benchmarks such as AMS
Benchmark.

The main contributions of this paper are summa-
rized as follows:

1. We propose CircuitPile, a systematic data
synthesis framework for circuit visual-
language modeling, based on which we
construct 738K pre-training samples and
100K instruction-tuning samples.  These

resources support domain adaptation.

2. We introduce CircuitPerception-Bench, a di-
agnostic evaluation benchmark for funda-
mental visually grounded circuit perception,
which assesses models from three dimen-
sions: component recognition, spatial under-
standing, and quantitative reasoning.

3. We conduct systematic experiments to val-
idate the effectiveness of CircuitPile. The
results show that CircuitPile improves the
circuit diagram understanding capabilities of
open-source multimodal models and demon-
strates favorable transfer performance on the
external AMS Benchmark (Shi et al., 2025).

2 Related Work

2.1 MLLMs for Specialized Visual
Understanding

In recent years, multimodal large language mod-
els have achieved substantial progress in image
captioning, visual question answering, and com-
plex visual reasoning by aligning visual encoders
with large language models. Representative works
such as LLaVA, Qwen-VL, and InternVL combine
large-scale image-text pre-training with visual in-
struction tuning, improving open-ended visual di-
alogue and cross-task generalization capabilities
(Liu et al., 2023; Bai et al., 2023; Chen et al.,
2024). Subsequent studies have further enhanced
high-resolution image understanding, text-rich vi-
sual parsing, and fine-grained multimodal reason-
ing (Wang et al., 2024; Bai et al., 2025; Zhu et al.,
2025).

As model capabilities continue to advance,
MLLMs have gradually been extended to special-
ized visual scenarios such as documents, charts,
and medical images. Related studies have shown
that constructing domain-specific image-text cor-
pora or instruction data can improve model perfor-
mance in professional content understanding and
reasoning tasks (Ye et al., 2023; Han et al., 2023;
Liu et al., 2024a; Ahmed Masry, 2024; Moor et al.,
2023; Li et al., 2023; Cui et al., 2024). In con-
trast, circuit diagrams simultaneously involve sym-
bols, text, and structural relations, making it diffi-
cult for existing general-purpose MLLMs to adapt
directly. Systematic research on domain-specific
visual-language modeling for circuit diagrams re-
mains limited.

5063



2.2 Circuit Diagram Understanding and
Datasets

Circuit diagram understanding has long attracted
attention in electronic design automation, engi-
neering document parsing, and image-to-structure
conversion. Prior studies have constructed vari-
ous data resources for component detection, sym-
bol recognition, handwritten circuit digitization,
and graph-structure extraction (Thoma et al., 2021;
Ahmed et al., 2025; Bhanbhro et al., 2023). An-
other line of research further focuses on circuit
structure parsing and netlist recovery, exploring
automatic conversion from schematics to struc-
tured circuit representations (Tao et al., 2024; Al-
dowaish et al., 2026; Bhandari et al., 2024).

With the development of multimodal large lan-
guage models, circuit diagram research has grad-
ually expanded to visual question answering and
comprehensive evaluation. CircuitVQA and Elec-
troVizQA construct question-answering data for
circuit images, while AMS Benchmark, CIRCUIT,
EEE-Bench, and MMCircuitEval evaluate model
performance on circuit and electronic engineering
tasks from a broader perspective (Meshram et al.,
2024; Skelic et al., 2025; Li et al., 2025; Zhao
etal., 2025). CircuitVQA contains 5,725 circuit di-
agrams and 115K QA pairs, covering basic recog-
nition and counting tasks; however, it still suf-
fers from shallow task hierarchies, relatively sim-
ple images, unstable annotation quality, and a lack
of domain-specific pre-training data. ElectroVQA
contains only 626 samples, making it extremely
small in scale, and its scenarios are limited to ba-
sic digital circuit questions. Moreover, the distri-
bution gap between its synthetic images and real
industrial schematics makes it difficult to support
systematic model training and the validation of
generalization ability. Overall, existing datasets re-
main limited in scale, narrow in task coverage, and
insufficient in real-world scenario diversity, mak-
ing them inadequate for supporting the progressive
training of multimodal models from basic seman-
tics to advanced circuit reasoning.

Compared with CircuitVQA, which provides
broad VQA supervision for circuit images (Mehta
et al., 2024), CircuitPerception-Bench is a diag-
nostic benchmark with capability-balanced sam-
pling and verifiable multiple-choice answers, em-
phasizing visually grounded perception. The two
resources are complementary. External bench-
marks such as AMS Benchmark cover more com-

plex circuit tasks and further complement this di-
agnostic view.

3 CircuitPile Generation

Figure 2 illustrates the overall construction
pipeline of CircuitPile. The pipeline starts from
heterogeneous circuit resources collected from
multiple sources, including printed schematics,
handwritten circuit diagrams, PCB and real-world
component images, as well as structured or tex-
tual annotations. Since different data sources vary
in symbol styles, label naming conventions, an-
notation granularity, and forms of auxiliary in-
formation, we first perform label unification, at-
tribute standardization, and multi-source anno-
tation alignment. We further construct multi-
granularity visual assets, including cropped single-
component images, target-highlighted images, and
multi-component regional images, thereby estab-
lishing a unified data foundation.

On top of the unified data foundation, Cir-
cuitPile constructs PT and SFT corpora for two-
stage training. The PT corpus supplements circuit-
specific visual-language priors, enabling models
to establish fundamental domain representations,
while the SFT corpus transforms such represen-
tations into task-oriented response capabilities
through question-answer supervision. To reduce
the risk of training—evaluation leakage, we sepa-
rate the data sources used for training and bench-
mark construction, and apply a multi-stage dedu-
plication pipeline detailed in Appendix A.8. The
data organization, statistics, and quality control of
CircuitPile are provided in Appendix A.6 and Ap-
pendix A.7.

3.1 Data Corpus Collection

CircuitPile integrates multiple publicly available
circuit-related datasets as its underlying data
sources, covering printed schematics, handwritten
circuit diagrams, PCB scene images, real-world
electronic component images, and structured or
textual annotations such as netlists, component
lists, and connection relationships. Specifically,
handwritten circuit diagram data are mainly drawn
from resources such as CGHD, Digitize-HCD, and
JUHCCR-v1 (Thoma et al., 2021; Ahmed et al.,
2025; Roy et al., 2025); printed schematics and
structured circuit resources are primarily collected
from datasets such as AMSNet and Image2Net
(Tao et al., 2024; Xu et al., 2025); and visual
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Figure 2: Overall architecture of CircuitPile. CircuitPile first integrates circuit data from multiple sources into a
standardized data foundation, and then constructs circuit-oriented PT data and task-oriented SFT data to support

the progressive domain adaptation of multimodal LLMs.

data for electronic component detection and PCB-
related scenarios include ElectroCom61, PCB sur-
face defect/component detection datasets, and sev-
eral publicly available object detection resources
(Sayeedi et al., 2025; Lv et al., 2024; Diana, 2024;
EZpark, 2024; project-gtqqq, 2022; Dataset Ninja,
2021). The specific types, scales, and usages of
each dataset are provided in Appendix A.1.

Since different public datasets vary in cate-
gory naming, label granularity, and annotation for-
mats, we unify component labels through label
mapping and construct a standardized label space.
Details of label normalization, category merging,
and abnormal annotation filtering are provided in
Appendix A.2, while the construction details of
multi-granularity visual assets are provided in Ap-
pendix A.3.

3.2 PT Data Generation

As shown in Figure 3, the PT corpus contains ap-
proximately 738K image-text samples. This cor-
pus consists of five complementary types of image-
text samples. At the local level, single-component
image-text pairs help the model learn the corre-
spondence between components and basic infor-
mation such as categories, functions, names, and
identifiers. At the compositional level, multi-
component merged image-text pairs enable the
model to perceive component distributions, quan-
tity summaries, and layout patterns. At the struc-

tural level, programmatically synthesized struc-
tural description data further introduce branch
structures and connectivity relationships, provid-
ing supervision for topological understanding of
circuit diagrams. The detailed synthesis proce-
dures are provided in Appendix A.4.

3.3 SFT Data Generation

First, according to the requirements of dif-
ferent tasks, we construct multi-granularity in-
put forms, including cropped single-component
images, target-highlighted images, multi-target-
highlighted images, and multi-component regional
images.

Next, the candidate SFT instruction pool con-
structs VQA pairs according to four types of spe-
cific tasks. The first type is component recogni-
tion, where the model identifies the category of
a component in a given image or target region.
The second type is spatial understanding and re-
lational reasoning, with questions involving target
localization, position retrieval, relative direction
judgment, and nearest or farthest relationship rea-
soning. The third type is quantitative reasoning,
including component counting, regional counting,
conditional counting, quantity comparison, and
extremum judgment. The fourth type is struc-
tural relation and circuit semantic understanding,
where questions involve whole-diagram descrip-
tion, target-component description, netlist-related
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Figure 3: Overview of the CircuitPile pre-training corpus. The corpus consists of five complementary types of
image-text supervision, including component semantics, textual attributes, multi-object composition, spatial orga-
nization, and structural descriptions, progressively supporting circuit-domain representation learning from local
symbol perception to global structural understanding.
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Figure 4: Overview of the CircuitPerception-Bench benchmark. This benchmark is organized around three core
capabilities: component recognition, spatial understanding, and quantitative reasoning. It evaluates a model’s
ability to understand circuit symbols, object positional relationships, and the quantitative structure of multiple

components.

tasks, and direct-connection question answering.

Finally, we construct approximately 100K bal-
anced SFT samples from the original instruction-
task pool. This strategy reduces the dominance
of high-frequency tasks in the training distribution,
enabling the model to achieve more balanced im-
provements across component recognition, spatial
reasoning, quantitative reasoning, and structural
understanding.

The detailed construction pipeline and imple-
mentation details are provided in Appendix A.S.

4 CircuitPerception-Bench

We construct CircuitPerception-Bench, a di-
agnostic benchmark for fundamental visually
grounded circuit perception, as shown in Figure 4.

4.1 Benchmark Design

Existing circuit-related evaluation resources, such
as AMS Benchmark, offer broad coverage and
are suitable for assessing the overall performance
of models in complex electronic engineering sce-
narios. However, some of their tasks are more
oriented toward domain knowledge question an-
swering, textual understanding, or high-level func-
tional analysis, making it difficult to directly
identify model weaknesses in fundamental per-
ception and reasoning abilities.  In contrast,
CircuitPerception-Bench emphasizes the direct de-
pendence of each task on the visual content of
circuit diagrams and focuses on three key dimen-
sions, requiring models to answer based on the
symbols, positions, and quantity information in
the image, as shown in Figure 5.

Compared with existing circuit VQA resources
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Figure 5: Comparison between AMS Benchmark and CircuitPerception-Bench. The former provides a broad
external evaluation for electronic engineering tasks, whereas the latter focuses more on the diagnostic assessment
of fundamental visual-language capabilities for circuit diagram understanding.

such as CircuitVQA (Mehta et al., 2024), which
provide broad question-answering supervision for
circuit images, CircuitPerception-Bench is de-
signed as a diagnostic benchmark with capability-
balanced sampling and deterministically verifiable
multiple-choice answers. While some questions
involve component labels, many tasks require dis-
tinguishing visually similar symbols, grounding
targets in cluttered diagrams, applying spatial con-
straints, or aggregating quantities across multiple
objects. For example, cropped single-component
images remove textual identifiers, and conditional
counting questions require spatial filtering rather
than text matching. Therefore, the benchmark is
not intended to be solved by OCR alone, and it
is positioned as a diagnostic tool for fundamental
visually grounded capabilities rather than a com-
prehensive test of circuit understanding.

4.2 Benchmark Construction

As shown in Figure 4, the benchmark diag-
noses three fundamental capabilities. Compo-
nent Recognition evaluates category identifica-
tion of local circuit symbols using cropped single-
component images to minimize background in-
terference. Spatial Understanding assesses tar-

get grounding, relative positioning, and geomet-
ric relationships through single-target highlighted,
multi-target annotated, and full-circuit images,
covering absolute/relative location judgment, di-
rectional reasoning, and nearest/farthest inference.
Quantitative Reasoning tests quantity aggrega-
tion, conditional filtering, and comparison across
multi-component scenes, spanning component-
level, regional, conditional, and total counting,
as well as quantity comparison and extremum
judgment. Fine-grained task definitions and their
automatic VQA construction are detailed in Ap-
pendix B.

First, based on approximately 9.8K circuit im-
ages that have been manually annotated for com-
ponent categories, bounding boxes, and spatial in-
formation, we apply a multi-stage deduplication
pipeline to remove images that overlap with those
in the SFT data, retaining only images that do not
appear in the SFT corpus. This pipeline combines
perceptual hashing (pHash) for fast initial filtering,
and ORB-based patch matching for component
crops to identify near-duplicates. The benchmark
is primarily constructed from the manually anno-
tated CircuitHub-9k dataset, while public datasets
are used only for training. Details are provided in
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Appendix A.8.

We construct multiple forms of visual inputs, in-
cluding cropped single-component images to em-
phasize local symbolic features; single-target high-
lighted images and multi-target annotated images
for spatial understanding tasks, which explicitly
indicate the queried object or candidate objects;
and multi-component regional images for quanti-
tative reasoning tasks, enabling the model to per-
form counting, comparison, and conditional ag-
gregation within local regions or complete circuit
diagrams. Ultimately, the candidate task pool
contains approximately 45K single-component im-
ages, 45K single-target highlighted images, 9.8K
multi-target annotated images, and 26K multi-
component regional images.

Subsequently, we set sampling quotas for the
three capability dimensions: Component Recogni-
tion, Spatial Understanding, and Quantitative Rea-
soning. Within each group, we apply round-robin
balanced sampling across fine-grained tasks, vi-
sual input formats, and data sources, resulting in
an evaluation set of 2,700 MCQ samples.

4.3 Evaluation

During evaluation, models are required to out-
put option labels, which are extracted by regular-
expression matching. We use Accuracy for single-
choice tasks and Fl-score for multiple-choice
tasks. When regular-expression extraction fails,
an LLM is used for answer extraction. Details
of the evaluation prompts, extraction rules, and
abnormal-output handling are provided in Ap-
pendix C.

5 Experiments

To validate the effectiveness of CircuitPile, we
conduct three groups of experiments. First, we
evaluate the impact of domain-specific supervision
on fundamental circuit visual-language capabili-
ties using CircuitPerception-Bench. Second, we
examine its cross-task transfer performance on the
external AMS Benchmark. Finally, using a rep-
resentative model as the study object, we com-
pare direct instruction tuning with the “domain
pre-training—instruction tuning” training pipeline
to analyze the effect of pre-training corpora on the
distribution of model capabilities.

5.1 Experimental Setup

We adopt Qwen2.5-VL-7B, Qwen3-VL-2B/4B,
and InternVL3.5-2B/4B/8B as base models, com-

paring each with its CircuitPile-trained counter-
part (denoted CircuitPile-VLM). We also report re-
sults from Gemini 3.1 Pro Preview (Google, 2026),
a leading closed-source multimodal model, as a
reference. To analyze the role of pre-training, we
further ablate on Qwen3-VL-8B, comparing the
original backbone against SFT-only and PT+SFT
variants. In the main comparison experiments (Ta-
bles 1 and 2), we adopt the SFT-only configuration
as the default CircuitPile training setting, since
it achieves the strongest overall performance and
provides a clean comparison against the original
backbones. The full PT+SFT pipeline is analyzed
separately in Section 5.3.

Evaluation employs two complementary bench-
marks. CircuitPerception-Bench assesses three
fundamental circuit visual-language capabiliti-
escomponent recognition, spatial understanding,
and quantitative reasoning. It reports Accuracy
on Overall (all 2,700 samples), Recognition, Posi-
tion, and Counting subsets. AMS Benchmark eval-
uates transferability to external complex circuit
tasks, using Accuracy for single-choice, judgment,
and numerical tasks, and Fl-score for multiple-
choice tasks. Standard errors for accuracy are
computed as /p(1 — p)/n; for CircuitPerception-
Bench, n = 2,700.

During training, we set the learning rate to
1 x 107°, the per-GPU batch size to 2, and use
32 steps of gradient accumulation. The maximum
sequence length is set to 2048, and the maximum
number of pixels per image is set to 518,400. To
reduce memory consumption and improve train-
ing stability, we adopt bf16 precision, gradient
checkpointing, and DeepSpeed ZeRO-2 optimiza-
tion. In the pre-training stage, we freeze all param-
eters except the MLP, while in the SFT stage, we
perform full-parameter fine-tuning. All training
experiments are conducted on 8 NVIDIA A800
GPUs.

5.2 Effectiveness of CircuitPile

5.2.1 Results on CircuitPerception-Bench

Table 1 reports the results of different models
on CircuitPerception-Bench. Models trained with
CircuitPile consistently achieve higher overall ac-
curacy, indicating that domain-specific supervi-
sion can steadily improve the fundamental circuit
diagram understanding capabilities of most open-
source multimodal models. Models with partic-
ularly large improvements include Qwen2.5-VL-
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Model Overall Count. Spa. Rec.

Qwen2.5-VL-7B 0.5396  0.5050 0.4733 0.5800
+CircuitPile-SFT  0.7848  0.7450  0.6200 0.8667
Qwen3-VL-2B 0.5226 04750 0.5383 0.5353
+CircuitPile-SFT  0.6881  0.6317 0.5833  0.7527
Qwen3-VL-4B 0.5563  0.4500 0.4467 0.6427
+CircuitPile-SFT  0.7552  0.7217 0.6933  0.7933
Qwen3-VL-8B 0.5759 04733 0.5567 0.6247
+CircuitPile-SFT  0.7703  0.7267 0.7031 0.8147
InternVL3.5-2B 04163  0.5150 0.4650 0.3573
+CircuitPile-SFT  0.6593  0.5816 0.5300 0.7420
InternVL3.5-4B 0.4059 03567 0.4383 04127
+CircuitPile-SFT  0.7026  0.6817 0.6050 0.7500
InternVL3.5-8B 0.3852 04317 0.5667 0.2940
+CircuitPile-SFT  0.7322  0.6867 0.6217  0.7947
Gemini-3.1-pro 0.9080  0.8820 0.8750 0.9500

Table 1: Performance comparison between raw back-
bones and their CircuitPile-trained counterparts on the
CircuitPerception-Bench. Bold indicates the better
result within each backbone pair. Count.=Counting,
Spa.=Spatial Understanding, Rec.=Component Recog-
nition. For subsequent tables, the same abbreviations
are used unless otherwise noted.

7B, InternVL3.5-4B, and InternVL3.5-8B, whose
Overall scores increase from 0.5396, 0.4059, and
0.3852 to 0.7848, 0.7026, and 0.7322, respec-
tively.

From the perspective of capability dimensions,
CircuitPile brings the most significant gains in
component recognition. For example, the Recog-
nition score of Qwen2.5-VL-7B increases from
0.5800 to 0.8667, while that of InternVL3.5-8B
improves from 0.2940 to 0.7947. Counting and
Position also show clear improvements for most
models, indicating that the effect of CircuitPile is
not limited to local symbol classification, but also
extends to multi-object aggregation and spatial re-
lation modeling.

Further qualitative experiments and case studies
are provided in Appendix D.

5.2.2 Results on AMS Benchmark

Table 2 reports the results for Overall and 11
fine-grained tasks, where Overall denotes the av-
erage performance across all AMS subtasks. The
results show that CircuitPile training brings sta-
ble overall transfer gains for most backbones.
In terms of Overall performance, Qwen2.5-VL-
7B improves from 0.4574 to 0.5609, Qwen3-
VL-4B from 0.4953 to 0.5944, InternVL3.5-4B
from 0.3873 to 0.5044, and InternVL3.5-8B from

0.4662 to 0.5308. These results indicate that the
circuit visual-language capabilities learned from
CircuitPile not only improve performance on the
internal CircuitPerception-Bench, but also transfer
effectively to external AMS tasks.

The gains are mainly observed in structure- or
semantics-related tasks, such as Connection Identi-
fication, Element Classification, Partition, Reason-
ing, and Total Counting. For example, Qwen2.5-
VL-7B improves from 0.4130, 0.2919, and 0.5743
t0 0.5961, 0.5624, and 0.6980 on Connection Iden-
tification, Partition, and Reasoning, respectively.
These results suggest that the fundamental visual
semantics, spatial organization, and quantity un-
derstanding enhanced by CircuitPile can be trans-
ferred to more complex external circuit tasks.

5.3 Effect of Circuit-Oriented Pretraining

Table 3 shows that both direct instruction tuning
and two-stage training substantially outperform
the original model, achieving Overall scores of
0.7703 and 0.7485, respectively. SFT-only per-
forms better on Overall, Counting, and Position,
indicating that task-level supervision can more di-
rectly align with the evaluation format of the cur-
rent benchmark. In contrast, PT+SFT achieves the
best result on Recognition, suggesting that domain
pre-training provides complementary benefits for
modeling local symbol semantics.

Table 4 further reports the overall performance
of the three models on the external AMS-Bench.
Similar to the trend observed on CircuitPerception-
Bench, both SFT-only and PT+SFT outperform
the original Qwen3-VL-8B, reaching Overall
scores of 0.5988 and 0.5973, respectively. This
indicates that training with CircuitPile not only
improves model performance on the internal di-
agnostic benchmark, but also brings certain cross-
benchmark generalization gains.

The above results suggest that PT and SFT
contribute complementarily. PT+SFT achieves
the best recognition score, indicating that domain
pre-training helps model local symbol semantics.
The slightly lower overall, counting, and position
scores of PT+SFT may be due to the fact that the
PT stage only tunes the MLP while freezing the
rest of the model, and the PT counting/position su-
pervision is not identical to the benchmark MCQ
format. On the external AMS Benchmark, SFT-
only and PT+SFT perform comparably, suggest-
ing that under the current training setting, the rep-
resentations learned during pre-training are not yet
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Model Overall Caption  Conn. Id. Conn. Judge.  Elect. Char.  Element Class.  Function Location  Partition  Reasoning  Total Count.  Type Count.
Qwen2.5-VL-7B 0.4574 0.1928 0.4130 0.5711 0.6667 0.8174 0.6600 0.2511 0.2919 0.5743 0.1447 0.4480
+CircuitPile-SFT  0.5609 0.3253 0.5961 0.6800 0.6833 0.8613 0.7300 0.2933 0.5624 0.6980 0.2773 0.4633
Qwen3-VL-2B 0.3796 0.2530 0.4461 0.5889 0.5000 0.6793 0.6175 0.2267 0.3062 0.3317 0.0907 0.1360
+CircuitPile-SFT 0.4701 0.3253 0.5248 0.6844 0.5500 0.8010 0.4800 0.2111 0.4676 0.5446 0.2007 0.3820
Qwen3-VL-4B 0.4953 0.5542 0.3359 0.6433 0.6000 0.7264 0.7275 0.1756 0.3800 0.7723 0.1613 0.3713
+CircuitPile-SFT ~ 0.5944 0.4940 0.6248 0.7111 0.7500 0.8397 0.6450 0.3111 0.5994 0.7673 0.3153 0.4807
Qwen3-VL-8B 0.5067 0.5062 0.3293 0.5720 0.7674 0.7833 0.7605 0.1802 0.3912 0.7676 0.1443 0.3758
+CircuitPile-SFT ~ 0.5988 0.4782 0.6135 0.7028 0.7333 0.8479 0.6874 0.3448 0.6017 0.7869 0.3048 0.4857
InternVL3.5-2B 0.3623 0.2048 0.3826 0.6344 0.6167 0.5857 0.4225 0.1644 0.2996 0.3366 0.1047 0.2333
+CircuitPile-SFT 0.4085 0.2410 0.4470 0.5922 0.5500 0.7323 0.3500 0.1822 0.3544 0.5446 0.1600 0.3393
InternVL3.5-4B 0.3873 0.3494 0.4237 0.6789 0.6667 0.2009 0.4325 0.0800 0.3431 0.4802 0.1860 0.4187
+CircuitPile-SFT  0.5044 0.3494 0.5224 0.6700 0.6333 0.8056 0.5750 0.2489 0.4662 0.6287 0.2453 0.4033
InternVL3.5-8B 0.4662 0.3976 0.5499 0.7167 0.7000 0.8056 0.7175 0.1378 0.2866 0.1931 0.1640 0.4593
+CircuitPile-SFT  0.5308 0.3373 0.5323 0.6189 0.8000 0.8469 0.5700 0.2733 0.5037 0.6980 0.2400 0.4180

Table 2: Overall and task-level results on the AMS Benchmark. Accuracy is reported for single-choice, binary, and
numerical tasks, while F1-score is reported for multi-choice tasks. Bold indicates the better result between the raw

backbone and its CircuitPile-trained counterpart.

Model Overall Count. Spa. Rec.

Qwen3-VL-8B 0.5759 0.4733 0.5567 0.6247
SFT-only 0.7703  0.7267 0.7031 0.8147
PT+SFT 0.7485 0.6943 0.6073 0.8267

Table 3: Overall and capability-level results under dif-
ferent training paradigms on CircuitPerception-Bench.
The overall score denotes accuracy over all test sam-
ples rather than the average of the three capability-level
scores.

Model Overall
Qwen3-VL-8B  0.5067
SFT-only 0.5988
PT+SFT 0.5973

Table 4: Overall results under different training
paradigms on AMS-Bench.

fully converted into overall performance gains on
external tasks. We therefore view PT as a comple-
mentary stage whose benefits are most evident in
recognition-related capabilities, and leave a more
systematic integration of PT and SFT to future
work.

6 Conclusion

This paper addresses the lack of systematic
domain-specific foundational capabilities of mul-
timodal large language models in circuit diagram
understanding by proposing CircuitPile, a circuit
visual-language data framework, and constructing
CircuitPerception-Bench, a diagnostic evaluation
benchmark. CircuitPile is centered on fundamen-
tal capabilities such as component semantics, spa-
tial organization, quantitative relationships, and
structural descriptions, forming a data framework
that combines domain pre-training with instruc-

tion tuning. CircuitPerception-Bench further pro-
vides fine-grained evaluation from three dimen-
sions: recognition, spatial understanding, and
quantitative reasoning.

Experimental results show that training with
CircuitPile significantly improves the fundamen-
tal circuit diagram understanding capabilities of
most open-source multimodal models and demon-
strates certain cross-task transfer effects on the ex-
ternal AMS Benchmark. This paper further sug-
gests that improving circuit visual-language mod-
eling depends not only on downstream task su-
pervision, but also on systematic data design and
evaluation diagnosis centered on domain-specific
foundational representations. Future work can fur-
ther extend the framework toward complex topo-
logical reasoning, functional analysis, and higher-
level circuit semantic modeling.

7 Limitations

Although this study validates the effectiveness of
systematic data synthesis in improving the circuit
diagram understanding capabilities of multimodal
large language models, several limitations remain
and should be addressed in future work.

1. Gap between data distribution and real
industrial scenarios. Although CircuitPile
covers multiple types of data sources, includ-
ing printed schematics, handwritten circuit di-
agrams, and textbook illustrations, its over-
all distribution is still biased toward stan-
dardized and clearly presented circuit dia-
grams. Complex cases in real industrial en-
vironments, such as severe occlusion, dense
wiring, obsolete non-standard symbols, and
scanning noise, remain insufficiently covered.
The distribution gap between synthetic data
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and real schematics may limit the general-
ization ability of models in practical applica-
tions.

. Limited task coverage. This work fo-
cuses on three types of fundamental percep-
tual capabilities: component recognition, spa-
tial understanding, and quantitative reason-
ing. Higher-level circuit tasks, such as fault
diagnosis, functional analysis, and design in-
tent understanding, have not yet been system-
atically explored or validated.

. Preliminary structural supervision in the
pre-training stage. During pre-training, this
work uses randomly synthesized circuit di-
agrams based on grids and predefined tem-
plates to help the model learn structural topol-
ogy. However, the complexity of these syn-
thetic circuits is limited, and there remains
a gap between them and the complex con-
nection patterns and hierarchical structures
in real circuit diagrams. Stable gains from
the pre-training stage are mainly observed
in recognition-related tasks, while improve-
ments in other capability dimensions are still
not significant.

. Lower benchmark complexity than real-
world scenarios. CircuitPerception-Bench is
designed as a diagnostic evaluation focused
on perceptual capabilities and adopts simpli-
fied visual input forms such as cropped im-
ages, target highlighting, and local regions.
Compared with high-density, interference-
rich, and unstructured layouts in real indus-
trial schematics, the benchmark has relatively
lower complexity, and its evaluation results
may not fully reflect the challenges faced by
models in practical applications.

. Limited model scale. Due to computa-
tional resource constraints, this work only
conducts experiments on small- to medium-
scale open-source multimodal large language
models ranging from 2B to 8B parameters,
without evaluating larger models with 32B
or more parameters, such as Qwen3-VL-72B
and InternVL3.5-78B, on CircuitPile. Larger
models may exhibit different patterns of ca-
pability improvement.

To enable
and objective

. Single evaluation format.
automated, reproducible,

evaluation, CircuitPerception-Bench adopts
multiple-choice questions (MCQs) for all
samples. More complex question formats,
such as open-ended question answering,
generative explanation, and multi-step rea-
soning, are not evaluated in this work. These
formats may better reflect the interaction
requirements in practical applications.
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A CircuitPile Data Construction Details

This section provides additional details on the data
construction of CircuitPile, including data sources,
label space unification, multi-granularity visual as-
set construction, self-constructed pre-training data
generation, task-oriented instruction-tuning data
construction, data organization and statistics, and
data quality control.

A.1 Data Sources and Preprocessing

The data in CircuitPile are mainly derived from
three types of sources: public circuit-related
datasets, our manually annotated CircuitHub-9k,
and self-constructed circuit-domain pre-training
data. Public datasets are used to expand the vi-
sual distribution of circuit diagrams and electronic
components, CircuitHub-9k is used to construct
the diagnostic and verifiable CircuitPerception-
Bench, and the self-constructed pre-training data
are used to supplement large-scale controllable
visual-language supervision. Table 5 summarizes
the major data sources used in CircuitPile, their an-
notation formats, and their roles in data construc-
tion.

The public data cover a wide range of cir-
cuit visual scenarios, including printed circuit
schematics, handwritten circuit diagrams, real-
world electronic component images, PCB images,
and analog-circuit netlist-related data. Printed
or analog circuit schematic data mainly include
CircuitObjects, CV-Circuit, V3QWE, CI2N-series
datasets, and AMSNet (Diana, 2024; EZpark,
2024; project-gtqqq, 2022; Xu et al., 2025; Tao
et al.,, 2024).  Handwritten circuit diagrams
and handwritten component data mainly include
Digitize-HCD, JUHCCR-v1, and CGHD (Ahmed
et al.,, 2025; Roy et al., 2025; Thoma et al.,
2021). PCB or real-world electronic compo-
nent image data mainly include PCB Component,
DsPCBSD+, and ElectroCom61 (Dataset Ninja,
2021; Lv et al., 2024; Sayeedi et al., 2025). These
datasets are complementary in image style, annota-
tion granularity, and task format, which helps im-
prove the coverage of the data framework across
different circuit visual scenarios.

CircuitHub-9k is a manually annotated dataset
constructed for CircuitPerception-Bench. The
data are collected from circuit images in textbooks,
books, and engineering materials, with manual
annotations of component categories, bounding
boxes, and spatial information. Unlike public

datasets that are mainly used to expand the train-
ing corpus, CircuitHub-9k emphasizes annotation
consistency, computable relationships, and verifi-
able answers, and is therefore primarily used to
generate benchmark samples for component recog-
nition, spatial understanding, and counting reason-
ing.

The self-constructed pre-training data are used
to supplement controllable supervision signals that
are difficult to obtain at scale from public datasets.
This part consists of five types of data: component
semantics, textual attributes, multi-object com-
position, spatial organization, and programmatic
structural descriptions. The first four types fo-
cus on local components, textual attributes, multi-
component combinations, and spatial layouts, re-
spectively. The programmatic structural descrip-
tion data further provide additional supervision
for learning topological relations and connection
structures by automatically generating circuit dia-
grams and their structural metadata.

Since different data sources vary in image type,
annotation format, and category granularity, we
convert the original samples into a standardized in-
termediate representation. For data with bounding
boxes, we retain the image path, data source, com-
ponent category, bounding-box coordinates, and
original annotation fields. For data containing aux-
iliary annotations such as text, connection points,
ports, directions, or intersections, we distinguish
component annotations from non-component an-
notations according to task requirements. For data
that only provide image-level categories, we use
them for local symbol recognition and component
semantic learning. After unified parsing, all data
can be used for subsequent image cropping, target
highlighting, local region construction, descrip-
tion generation, and question-answer sample gen-
eration.

A.2 Label Space Unification

One major source of variation in multi-source cir-
cuit data lies in inconsistent label spaces. Differ-
ent datasets may use different names to denote
the same type of component, and may also in-
clude non-target component annotations such as
text, connection points, ports, direction markers,
and similar auxiliary elements. To reduce this het-
erogeneity, we uniformly clean and map all avail-
able annotations.
Specifically, we

cally equivalent or

first
highly

map  semanti-
related raw
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Annotation Format

Main Usage

Component bounding boxes and
category labels
Component bounding boxes and
category labels
Component bounding boxes and
category labels
Device boxes, junctions, direction
labels, and netlist-related informa-

Circuit images and SPICE-netlist-
related annotations

Component boxes, text boxes, text
content, and port information

Image-level component category

Component boxes, text, connec-
tion points, endpoints, and junc-

Real-world component bounding
boxes and category labels

PCB defect bounding boxes and
category labels
Component bounding boxes and
category labels

Data Source Image Type
CircuitObjects  (Di- Printed circuit dia-
ana, 2024) grams
CV-Circuit (EZpark, Printed circuit dia-
2024) grams
V3QWE (project-  Circuit diagrams /
gtqqq, 2022) component images
CI2N series (Xu Analog circuit
et al., 2025) schematics
tion
AMSNet (Tao et al., Analog circuit
2024) schematics
Digitize- Handwritten circuit
HCD (Ahmed diagrams
et al., 2025)
JUHCCR-vl  (Roy Handwritten compo-
et al., 2025) nent images labels
CGHD (Thoma et al., Handwritten circuit
2021) diagrams
tions
PCB Compo- PCB images
nent (Dataset Ninja,
2021)
DsPCBSD+ (Lv  PCB images
et al., 2024)
ElectroCom61 (Say- Real-world elec-
eedi et al., 2025) tronic component
images
CircuitHub-9k Circuit diagrams

Self-constructed PT
data

from textbooks and
books

Cropped images, at-
tribute images, com-

Manually annotated component
categories, bounding boxes, and
spatial information

Categories, textual attributes, lay-
outs, and connection relationships

Component recognition and visual
asset construction

Component recognition and spa-
tial relation modeling

Component recognition and visual
asset construction

Component recognition, structure
learning, and netlist-related tasks

Structural description and external
task adaptation

Handwritten component recogni-
tion and textual attribute associa-
tion

Local symbol semantic learning

Handwritten circuit understanding
and component-level visual asset
construction

Supplementing real-world compo-
nent visual semantics

Supplementing circuit-related vi-
sual data

Supplementing electronic compo-
nent visual semantics

CircuitPerception-Bench
struction and evaluation

con-

Circuit-domain pre-training

posite images, and
synthetic circuit dia-
grams

Table 5: Overview of the data sources used in CircuitPile. Public datasets are used to expand the circuit visual
distribution, CircuitHub-9k is used to construct the benchmark, and self-constructed PT data are used to supplement
controllable large-scale circuit visual-language supervision.

labels to unified categories. For exam-
ple, resistor, capacitor.unpolarized,
diode.light_emitting, transistor.bjt,
and operational_amplifier are normalized
to Resistor, Unpolarized_Capacitor, LED,
BJT, and Op_Amp, respectively. We similarly
unify the naming of categories such as voltage
sources, logic gates, probes, adjustable resistors,
variable capacitors, relays, motors, antennas,
and optoelectronic devices. We then filter aux-
iliary annotations that are not treated as target
components, including text regions, connection
points, endpoints, wire junctions, ports, direction
markers, jumper symbols, and unknown labels.
Finally, we perform string-level normalization,
such as replacing hyphens with underscores, to
ensure a consistent format for the final category
names.

In addition to global rules, we apply data-

source-specific filtering rules to accommodate the
annotation definitions of different datasets. For
example, Ground in CircuitObjects, Text and
Ground in Digitize-HCD, Port, Ground, and VDD
in CI2N-DevicelD, as well as text, junction,
terminal, crossover, gnd, and unknown in
CGHD are filtered when constructing component-
centric samples. This process preserves valid cir-
cuit annotation information while reducing the in-
terference of non-component objects in recogni-
tion, spatial understanding, and counting tasks.

A.3 Multi-Granularity Visual Asset
Construction

Based on the unified annotations and label space,
we reconstruct the original circuit images into
multi-granularity visual assets. Table 6 summa-
rizes these asset types from three perspectives:
data source, learning objective, and training stage.
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Visual Asset Type Construction Source Main Learning Objective Training
Stage

Component-level visual Cropped from valid component Learnlocal symbol semantics,com- PT/SFT
assets bounding boxes, with optional preser- ponent categories, and the associa-

vation of textual labels such as names, tions between components and tex-

identifiers, values, or expressions. tual attributes.
Target-aware full- Constructed by drawing bounding Support target localization, com- SFT
diagram visual assets boxes or highlight markers on the orig-  ponent grounding, relative-position

inal circuit diagram to indicate one or  reasoning, and multi-target compar-

multiple target components. ison.
Region-level visual as- Constructed by cropping local win- Learn local co-occurrence patterns, PT /SFT
sets dows around target components while = neighborhood relationships, re-

retaining multiple neighboring com- gional counting, and conditional

ponents in the same region. counting.
Structure-synchronized Programmatically generated circuitdi- Provide explicit structural descrip- PT

synthetic visual assets

agrams based on Circuitikz, with syn-
chronized metadata such as compo-
nents, parameters, junctions, and con-

tions, topological supervision, and
connection-relation learning.

nection relationships.

Table 6: Overview of the multi-granularity visual assets constructed in CircuitPile. This table summarizes the types
of visual assets used at different training stages, while Table 7 further presents concrete examples of processed

visual inputs in the SFT corpus.

Furthermore, during the SFT stage, we in-
stantiate part of these assets into visual input
forms with clearer task orientations. In addition
to the original full diagrams, Table 7 presents
four representative types of processed inputs, in-
cluding cropped single-component images, single-
target highlighted images, multi-target highlighted
images, and multi-component regional images.
These inputs are not new asset categories, but con-
crete usage forms of the component-level, target-
aware, and region-level assets in Table 6 for
instruction-tuning tasks.

The first type is cropped single-component im-
ages, which are obtained from component bound-
ing boxes and used to emphasize local symbolic
features, mainly serving component recognition
and attribute judgment tasks. The second type
is single-target highlighted images, which high-
light a single target component in the complete
circuit diagram and support target reference, posi-
tion retrieval, and conditional reasoning. The third
type is multi-target highlighted images, where
multiple target components are simultaneously an-
notated in the same image to support relative-
position judgment, relation understanding, and
multi-object comparison. The fourth type is multi-
component regional images, which are cropped lo-
cal regions containing multiple components from
the complete circuit diagram and support region-
level composition analysis, local counting, and
multi-object reasoning. Through these processed
visual inputs, the SFT corpus covers different gran-

ularities of understanding, ranging from local com-
ponents to regional and diagram-level comprehen-
sion.

In addition to the visual assets reconstructed
from real annotated images, we also construct
programmatic structural-description images, cor-
responding to the synthetic visual assets in Ta-
ble 6, to supplement topological-relation supervi-
sion that is difficult to obtain at scale from real
public data. These samples are generated automat-
ically using LaTeX, with synchronized structured
metadata recording component composition, pa-
rameters, junction nodes, and connection relation-
ships. The generation process includes two forms.
The first is based on predefined circuit templates,
covering typical circuits such as passive networks,
amplifiers, filters, oscillators, power supply cir-
cuits, power drivers, RF matching networks, and
sensor interfaces. The second is based on ran-
dom topology generation, where junction nodes
are sampled on a two-dimensional grid, horizon-
tal or vertical wire connections are established,
and components are randomly inserted along the
wires. The former provides typical circuit struc-
tures, while the latter supplements non-templated
connection patterns. The construction details of
this part of the data are described in Section A.4.4.
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SFT Visual Input Type Example

Description and Main Usage

Cropped
Component Image

Single-

Single-Target Highlighted
Image

Multi-Target Highlighted
Image

Multi-Component Region
Image

uft)

Cropped from the bounding box of a single compo-
nent to emphasize local symbol appearance. This
format is mainly used for component recognition
and attribute-related question answering.

The full circuit image with one target component
highlighted. This format supports target grounding,
location retrieval, and conditional reasoning about a
specific component.

The full circuit image with multiple target compo-
nents highlighted simultaneously. This format is
mainly used for relative position reasoning, relation-
ship understanding, and multi-object comparison.

A cropped local region containing multiple compo-
nents. This format is used for local composition anal-
ysis, regional counting, and multi-object reasoning.

Table 7: Concrete visual input formats used to instantiate the CircuitPile SFT tasks in Table 6, illustrating how
different visual forms support tasks such as localization, local perception, comparison, counting, and regional

reasoning.

A4 Self-Constructed Pre-training Data
Construction

A.4.1 Construction Objectives and Overall
Design

During the pre-training stage, we construct
self-generated circuit-domain pre-training corpora
from three perspectives: Object-Level Seman-
tic Learning, Multi-Object Organization Learning,
and Structure-Level Topology Learning. Unlike
directly using raw image—text pairs, our goal is to
decompose the fundamental capabilities required
for circuit diagram understanding into controllable
visual-language supervision signals, enabling the
model to acquire local component semantic recog-
nition, textual attribute binding, multi-object com-
position understanding, and structural topology
modeling before entering task-oriented instruction
tuning. Specifically, the self-constructed PT cor-
pus consists of five types of data: Component Se-
mantics, Text Attributes, Multi-Object Composi-
tion, Multi-Component Attribute, and Structure-
Level Topology.

All PT samples are ultimately organized into a

unified VQA-style JSONL format. Each sample
contains an image path, a question, an answer, a
task type, an image type, an answer type, and nec-
essary structured metadata. Through this unified
organization, the pre-training stage learns not only
general image description capabilities, but also
provides controllable supervision for key capabil-
ities in circuit diagram understanding, including
local symbol recognition, attribute binding, multi-
object composition, position description, and topo-
logical structure understanding.

A4.2 Object-Level Semantic Learning

Object-Level Semantic Learning consists of two
types of data, namely Component Semantics and
Text Attributes, which are mainly used to learn the
local visual semantics of individual components
and their textual attributes.

For Component Semantics, we first extract valid
component bounding boxes from public datasets
and CircuitHub-9k based on the unified com-
ponent annotations, and crop them into single-
component images. Each sample retains metadata
such as the cropped image path, unified category
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Circuit Type Example Templates Complexity

Basic passive circuits Resistor divider, current divider, RC low-pass/high-pass filters, RLC se- 14
ries/parallel circuits, Pi filters, T filters, integrator/differentiator circuits

Amplifier circuits Common-emitter amplifier, inverting/non-inverting proportional ampli- 3-5
fier, summing amplifier, differential amplifier, instrumentation amplifier,
op-amp integrator, op-amp differentiator, logarithmic amplifier

Filters and passive networks LC resonant circuit, second-order RC filter, bridged-T all-pass filter, T/m 24
resistor networks, transformer-coupled network

Active filters Sallen—Key low-pass/high-pass filters, multiple-feedback band-pass/low- 4-5
pass filters, active twin-T notch filter, state-variable filter, Tow—Thomas
biquad filter

Oscillators and waveform gen- RC phase-shift oscillator, Wien-bridge oscillator, crystal oscillator, 34

erators Schmitt-trigger oscillator, triangular-wave generator, monostable multivi-
brator

Power supply and regulation  Three-terminal regulator, LM317 adjustable regulator, voltage multiplier 34

circuits rectifier, Buck/Boost converter, charge pump

Power drivers and interface = H-bridge motor driver, relay driver, thyristor dimmer, high-side switch, 3-5

circuits IGBT driver, sensor interface circuit

RF and matching networks m-type matching network, L-type matching network, microstrip-line cou- 24
pler, RF common-emitter amplifier

Random-topology circuits Non-templated circuits generated based on grid junctions, random wire  2-5

connections, and random component insertion

Table 8: Circuit types covered by the programmatic structural-description data. Predefined templates provide typi-
cal circuit structures, while random topology generation further supplements non-templated connection patterns.

label, original image path, original bounding box,
cropped bounding box, and data source. We then
organize the single-component images into VQA-
style image-text samples: the input is the cropped
component image, the question is randomly sam-
pled from general image description templates,
such as “Please describe this image.”, “What do
you see in this image?”, and “Describe the con-
tent of this picture.”, and the answer is generated
from the semantic description or category name
corresponding to the component category. This
type of corpus is used to establish the correspon-
dence between the local appearance of circuit sym-

bols and component concepts, enabling the model
to recognize resistors, capacitors, diodes, transis-
tors, power sources, logic gates, and other com-
mon electronic components across different visual
styles.

For Text Attributes, we further construct
textual-attribute supervision based on the single-
component images. Specifically, we define name
prefixes and attribute generation rules for differ-
ent component categories. For example, resis-
tor components can be assigned prefixes such as
R or Resistor, as well as resistance values in
Q/KQ/MS; capacitor components can be assigned

Pre-training Subset Input Format Supervision Content Scale
Component semantics Cropped single-component images Category and functional 135K
descriptions
Textual attributes Component images with names, iden- Associations  between 135K
tifiers, or parameters textual attributes and
components
Multi-object composition Multi-component images Total counts, category 200K
distributions, and overall
composition descriptions
Spatial organization Multi-component images with con- Object descriptions with 200K
trollable layouts positional information
Structural description Circuit diagrams programmatically —Descriptions of compo- 68K
generated with Circuitikz nents, parameters, junc-
tions, and connection re-
lationships
Total - - 738K

Table 9: Statistics of the circuit-domain pre-training corpus. The structural-description subset consists of program-
matically generated circuit diagrams and provides structure-level supervision, including component composition,

parameters, and connection relationships.
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prefixes such as C or Capacitor, as well as capac-
itance values in pF/nF/uF. Voltage sources, cur-
rent sources, diodes, transistors, logic gates, sen-
sors, displays, and other categories are also as-
signed corresponding attribute generation rules.
For each cropped component, we randomly gener-
ate a name, an attribute, or an expression, such as
R3, 10 k€2, orR3 = 10 kf2, and use it as the VQA
answer. The input of this type of sample remains
the single-component image, while the question is
sampled from image description or attribute recog-
nition templates, and the answer is the automati-
cally generated name, attr, or expression. In
this way, the model learns not only component
categories themselves, but also the associations
between components and identifiers, parameters,
models, and engineering expressions.

A.4.3 Multi-Object Organization Learning

Multi-Object Organization Learning consists of
two types of data, namely Multi-Object Compo-
sition and Multi-Component Attribute, which are
mainly used to extend learning from the single-
component level to multi-object composition and
spatialized attribute understanding.

For Multi-Object Composition, we randomly
construct grid images of different sizes and fill
each non-empty grid cell with a cropped single-
component image. Specifically, we randomly sam-
ple several component images from the Compo-
nent Semantics data, resize them proportionally,
pad them to a unified size, and place them into
grids of different scales, suchas 2 x 2,2 x 3,3 x 3,
and 4 x 4. To avoid generating overly regular im-
ages, we replace some grid cells with blank back-
ground images with a certain probability, thereby
forming multi-component composite images with
varying numbers, categories, and spatial distribu-
tions. The corresponding VQA samples take the
synthetic grid image as input, with questions ran-
domly sampled from general image description
templates. The answers are automatically gener-
ated based on the categories and quantities of all
non-empty components in the image, for exam-
ple, describing that the image contains several re-
sistors, capacitors, and diodes. This type of data
is mainly used to train the model’s capabilities in
multi-object recognition, category co-occurrence
modeling, and local counting.

For Multi-Component Attribute, we further mix
ordinary component images with component im-
ages containing textual attributes to construct

multi-component attribute corpora with spatial de-
scriptions. Specifically, we generate a fixed 3 x 3
grid and sample the content of non-empty cells
from two types of sources with predefined prob-
abilities: ordinary cropped single-component im-
ages and attribute-enhanced samples generated
in the Text Attributes stage. For each grid po-
sition, we record its row and column coordi-
nates and map them to natural-language position
names, such as top-left, top-middle, center,
and bottom-right. If an ordinary component
is placed at a given position, the answer is de-
scribed as “At the top-left, there is a resistor.” If
an attribute-enhanced sample is placed at that po-
sition, the answer is described as “At the center,
there is a component labeled ‘R3 = 10 k2’.” If
the position is empty, it is described as a blank
background. The final answer is formed by con-
catenating these descriptions following the order
of the nine grid cells. This type of data enables the
model to jointly learn the correspondence among
component categories, textual attributes, and spa-
tial positions, providing foundational capabilities
for subsequent position reasoning, attribute recog-
nition, and multi-object question answering.

A.4.4 Structure-Level Topology Learning

While the first four types of corpora mainly focus
on local component semantics, textual attributes,
and multi-object spatial organization, Structure-
Level Topology Learning further targets circuit
connectivity and structural topology modeling.
For this type of data, we use the Circuitikz
tool (Redaelli et al.) for rendering, including two
generation forms: predefined circuit templates and
random topology generation.

For predefined circuit templates, we design
common circuit structure templates such as pas-
sive networks, amplifiers, and filters, and ran-
domly modify the component names and attribute
values for each template during generation. Ta-
ble 8 summarizes the major circuit types covered
by the programmatic structural-description data.
Each programmatically generated sample contains
both a rendered image and structured metadata.
The metadata record component names, types, po-
sitional endpoints, associated junctions, parame-
ters, direct connection relationships, and circuit
descriptions. Since the image and structural infor-
mation are synchronously produced by the same
generation process, this type of data can provide
stable supervision without additional manual an-
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Algorithm 1 Random Circuit Generation

Require: Grid size g, spacing s, component length I; Jiin, Jmax; max comps per wire Chyax; safe gap

gs; symbol set S.

Ensure: circuitikz code, components, direct junctions.
1: Generate n; ~ Uniform(Jiin, Jmax) distinct grid points as junctions J;.

2: for each J, do

3:  Find collinear J, with no intervening junction; randomly select 12 as neighbors.
4:  Addraw wire (J,, Jp) if selected.

5: end for

6: for each raw wire (A, B) do

7. ¢+ Uniform(0, Cipax)-

8:  if ¢ = 0 then

9: Add (A, B) to final wires.

10.  else

11: Mark (A, B) as blocked.

12: Place ¢ components at equal spacing, each of length /, random symbol from S.
13: Split wire into segments around components; add to final wires and components list.
14:  endif

15: end for

16: for each junction J do

17:  Count incident directions (up/down/left/right) from raw wires and components.
18:  draw[J] < True if total incident edges # 2 or the two directions are opposite; else draw[J] <

False (bend/corner).
19: end for

20: Generate circuitikz output: draw junctions (if draw]J]), draw final wires as thick lines, draw

components using mapped styles.

21: return TikZ code, component list, unblocked junction pairs, all junctions.

notation, and is mainly used for structure-level se-
mantic learning during pre-training.

For random topology generation, we draw com-
ponents on randomly generated grids and establish
wire connections between components. Specifi-
cally, we first randomly generate several junction
nodes and then establish candidate connections be-
tween collinear nodes. For each connection, we
randomly decide whether to insert a component,
and split the original connection into multiple wire
segments according to the occupied position of
the component. We then determine whether to
explicitly render each node based on the incident
directions of the junctions, and finally output the
circuitikz code, component list, junction infor-
mation, and direct connection relationships. The
detailed generation procedure is shown in Algo-
rithm 1.

Through the above five types of data, the self-
constructed PT corpus progressively expands from
individual components, textual attributes, multi-
object composition, and spatial organization to
structural topology relations. Object-Level data

provide supervision for local symbols and textual
attributes, Multi-Object data provide supervision
for multi-component composition and spatialized
descriptions, and Structure-Level data supplement
explicit connection relationships and topological
structure supervision. Together, these three groups
of data form a circuit-domain pre-training corpus
that progresses from local to global understanding
and from appearance-level perception to structure-
level modeling.

A.5 Task-Oriented Instruction-Tuning Data
Construction

Based on the pre-training corpus, we further con-
struct task-oriented instruction-tuning data by con-
verting circuit images and their structured anno-
tations into verifiable VQA samples. Unlike the
PT stage, which mainly focuses on learning fun-
damental visual-language representations, the SFT
stage places greater emphasis on task execution
capabilities, requiring the model to answer spe-
cific questions based on the input image, including
component recognition, quantitative counting, spa-
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tial localization, relative-position judgment, and
multi-object ranking. To this end, we automat-
ically generate questions, answers, options, and
structured metadata based on the unified annota-
tions, cropped images, highlighted images, and lo-
cal regional images, and save all samples in a uni-
fied JSONL format.

A.5.1 Visual Input Construction

The SFT corpus uses multiple visual input forms
to cover circuit diagram understanding require-
ments at different granularities. First, the original
full circuit diagrams are used to train the model for
global image understanding, overall counting, and
full-diagram spatial reasoning. Second, cropped
single-component images are used for component
recognition, enabling the model to focus on lo-
cal symbolic appearances. Third, single-target
highlighted images emphasize a specified com-
ponent in the original diagram and are used for
target grounding and target-category recognition.
Fourth, multi-target highlighted images annotate
multiple valid components simultaneously and
are used for relative-position comparison, multi-
object counting, and spatial relation understand-
ing. Finally, local multi-component regional im-
ages are cropped around several neighboring com-
ponents and are used for local composition anal-
ysis, region-level counting, and multi-object rea-
soning. Through these visual input forms, the SFT
corpus covers circuit diagram understanding capa-
bilities at the local, regional, and global levels.

A.5.2 Component Recognition Question
Answering

Component recognition is a fundamental task in
the SFT corpus, designed to train the model to
identify a specified component in both locally
cropped images and complete circuit contexts.
Different from Text Attributes in the PT stage, the
component recognition task in the SFT stage does
not additionally generate names, identifiers, pa-
rameters, or expressions. Instead, it directly con-
structs verifiable recognition QA samples based
on the unified component category labels. Accord-
ing to the visual input format, we further divide
this part into cropped-component recognition and
highlighted-target recognition.

For cropped-component recognition, we use
cropped single-component images as input. Each
cropped image is automatically generated from
a unified component bounding box and retains

metadata such as the original image path, original
bounding box, cropped bounding box, data source,
and standardized category label. Given a cropped
image, the supervised answer is the standardized
component category. We randomly sample ques-
tions from multiple open-ended templates, such as
“What is this component?”, “Please identify the
component in the image.”, “What kind of elec-
tronic component is shown?”, and “Which com-
ponent is displayed in the image?”. The answer di-
rectly uses the standardized category name, such
as Resistor, Capacitor, LED, or Op_Amp. This
type of sample is mainly used to train the model to
establish the mapping between local visual sym-
bols and standardized component categories.

For highlighted-target recognition, we use
single-target highlighted images as input. Unlike
cropped images, single-target highlighted images
preserve the complete circuit diagram context and
highlight one target component in the original im-
age with a bounding box. This design requires
the model not only to recognize the target sym-
bol itself, but also to focus on the specified object
within a complex circuit background. Question
templates include “What is the highlighted compo-
nent?”, “Please identify the component marked in
the image.”, “What type of component is indicated
by the bounding box?”, and “Which component
is highlighted in the circuit diagram?”’. The an-
swer is generated from the standardized category
label of the highlighted target. Compared with
cropped-component recognition, this type of task
places greater emphasis on target grounding, en-
abling the model to locate and identify the speci-
fied component according to visual prompts in the
full-diagram context.

In terms of sample organization, each com-
ponent recognition VQA record is stored in a
unified JSONL format. In addition to general
fields such as qa_id, image_path, question,

answer, and answer_type, we also retain
structured fields including component_label,
normalized_label, bbox, crop_bbox,
image_type, and data_source. Among

them, image_type is used to distinguish cropped
single-component images from single-target
highlighted images, normalized_label records
the standard answer under the unified label space,
and bbox and crop_bbox are used to track the
target location in the original and cropped images.
Through this design, Component Recognition
VQA covers both local cropped recognition
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and full-diagram target grounding, providing
component-level perceptual foundations for
subsequent counting reasoning, spatial reasoning,
and connection-relation understanding.

A.5.3 Counting Reasoning Question
Answering

Counting reasoning is one of the core tasks in
the SFT corpus. Rather than simply asking for
the number of target objects in an image, we fur-
ther decompose counting tasks into three forms:
total counting, category-wise counting, and zero-
count reasoning, so as to systematically train the
model’s capabilities in global counting, category-
conditioned counting, and target-absence judg-
ment.

For each input image, we extract all valid com-
ponent objects from the unified annotations and fil-
ter out non-target elements such as text boxes, con-
nection points, ports, direction markers, and junc-
tions. For each retained component, we read its
standardized category label and bounding-box in-
formation, and construct image-level category fre-
quency statistics:

C(I) = {(yk, ) Her

where y;, denotes the k-th component category ap-
pearing in image I, and nj denotes the occurrence
count of that category. Based on these statistics,
we further obtain the total number of valid compo-
nents in the image:

M=

k=1

This statistical process provides verifiable answers
for subsequent category counting, total counting,
and multiple-choice question construction.

For category-wise counting, we generate
category-conditioned counting questions for each
component category that actually appears in the
image. Given a target category g, the question
asks the model to answer the number of occur-
rences ny of that category in the image. To im-
prove the diversity of question expressions, we
design two groups of templates. The first group
consists of direct question-style templates, such as
“How many resistors are shown in the circuit dia-
gram?” and “What is the number of capacitors in
the image?” The second group consists of task-
oriented instruction templates, such as “Please
count all resistors in the image.” and “Identify and

count all capacitors in the diagram.” These two
types of templates express the same counting ob-
jective, but the former is closer to natural question
answering, while the latter is closer to instruction
following, thereby improving the model’s robust-
ness to different query styles.

For total counting, we do not specify a particu-
lar category, but instead require the model to count
the total number of all valid components in the im-
age, denoted as N (I). Templates for this type of
question include “How many components are in
the image?”, “What is the total number of com-
ponents in the diagram?”, and “Please count all
components in the circuit diagram.” Compared
with category-wise counting, total counting places
greater emphasis on the model’s global perception
of all targets in the entire image, preventing the
model from focusing only on a local subset of ob-
jects from a specific category.

In addition, we explicitly construct zero-count
reasoning samples to train the model to determine
whether a certain target category is absent. Specif-
ically, for each image, we first obtain the set of cat-
egories appearing in the current image, denoted as
Ypos(I), and then sample several categories that
do not appear in the image from the global cate-
gory set Vi

yzero(I) c yall \ypOS(I)‘

For each y, € V.ero(I), we generate a question in
the same form as category-wise counting, but with
the answer fixed to 0. For example, when no induc-
tor appears in the image, we can generate “How
many inductors are present in the image?”, with
the answer being 0. This design explicitly models
target-absence cases and reduces the tendency of
models to produce non-zero answers based on cat-
egory priors or language biases in counting tasks.
Each counting question can be formulated as ei-
ther open-ended question answering or a multiple-
choice question. For open-ended question answer-
ing, the answer is directly stored as an integer,
such as 9, 2, or 5. For multiple-choice questions,
we generate several numerical distractors centered
around the correct count value and combine them
with the correct answer to form a fixed number
of candidate options. During option generation,
candidate values are required to be non-negative
and non-duplicated, and their order is randomly
shuffled before being written into the sample. Fi-
nally, each sample stores the option letters, option
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texts, correct option, and original numerical an-
swer, making it applicable to both generative train-
ing and standardized multiple-choice evaluation.

In terms of sample organization, each counting
VQA record retains counting-task-related struc-
tured metadata in addition to the general fields,
including the target category, standardized label,
ground-truth count, question type, whether it is
a zero-count sample, candidate options, and an-
swer type. For category-wise counting, the target
category field records the component category be-
ing queried; for total counting, the target category
field can be set to all components; for zero-count
samples, an additional flag is_zero_count=True
is recorded. These fields allow us to sepa-
rately analyze model performance on positive cate-
gory counting, target-absence judgment, and total
counting in subsequent experiments, and support
more fine-grained error analysis.

A.5.4 Spatial Reasoning Question Answering

Spatial reasoning tasks are designed to train the
model to understand relative positional relation-
ships among multiple components in circuit dia-
grams. Unlike component recognition, which fo-
cuses only on the category of a single target, Spa-
tial Reasoning VQA requires the model to simul-
taneously perceive the positions of multiple valid
components and perform comparison, selection,
or ordering according to the direction or ranking
rule specified by the question. We automatically
construct spatial reasoning samples based on the
unified component bounding boxes, so that the an-
swers to such questions can be directly computed
from structured annotations.

For each input image, we extract all valid
component objects and filter out non-target an-
notations such as text boxes, connection points,
ports, direction markers, and junctions. For each
valid object o;, we read its bounding box b; =
(z},y}, 22, 4?) and compute its center coordinate:

o <$%+x? y3+y5>
c = .

2 72

We then sort the object set according to the hori-
zontal and vertical coordinates of the center points.
Sorting by the horizontal coordinate is used to
generate left-to-right and right-to-left questions,
while sorting by the vertical coordinate is used
to generate top-to-bottom and bottom-to-top ques-
tions. Based on these sorted results, we con-

struct three types of spatial reasoning questions:
extreme-position, second-position, and ordering.

The first type is extreme-position questions,
which ask for the target object at an extreme po-
sition along a certain direction. Specifically, we
identify the leftmost, rightmost, topmost, and bot-
tommost components according to the minimum
x coordinate, maximum z coordinate, minimum
1y coordinate, and maximum ¥ coordinate, respec-
tively. The corresponding question templates in-
clude “Which component is the leftmost in the im-
age?”, “What is the rightmost component in the
image?”, “Please identify the component located
highest in the image.”, and “Which component
is located at the bottommost position?”. The an-
swer is the component category or target reference
at the corresponding extreme position. This type
of question mainly trains the model’s absolute-
position judgment ability.

The second type is second-position questions,
which ask for the second target object counted
from a certain direction. Based on the sorted ob-
ject sequence, we select the component that is sec-
ond from the left, second from the right, second
from the top, or second from the bottom as the
answer. The question templates include “Which
component is second from the left in the image?”,
“What is the second-rightmost component in the
image?”, “Please identify the component that is
second from the top.”, and “Which component
is second from the bottom?”. Compared with
extreme-position questions, this type of question
requires the model not only to identify the bound-
ary object, but also to understand the relative order
among objects, thereby better training fine-grained
spatial ranking ability.

The third type is ordering questions, which re-
quire the model to output the overall spatial or-
der of multiple components. For images contain-
ing an appropriate number of distinguishable tar-
gets, we sort the object set along the horizontal
or vertical direction and generate ordered answers
in left-to-right or top-to-bottom order. The ques-
tion templates include “Please list the components
from left to right.”, “Order the components from
left to right in the image.”, “Please list the com-
ponents from top to bottom.”, and “What is the
top-to-bottom order of the components?”’. The an-
swer is saved as an ordered component sequence,
such as Resistor, Capacitor, LED. This type
of question trains the model to extend from local
positional judgment to global multi-object order-
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ing.

To reduce visual ambiguity in spatial questions,
we introduce a distance-filtering mechanism dur-
ing sample generation. For extreme-position and
second-position questions, if adjacent candidate
targets in the sorted sequence are too close along
the corresponding coordinate axis, the question is
skipped. Specifically, we use both relative and ab-
solute pixel thresholds to control the minimum re-
quired distance: when the axial distance between
two candidate targets is below a certain proportion
of the image width or height, or below a predefined
minimum pixel distance, the corresponding spatial
question is not generated. This strategy avoids un-
stable answers caused by object overlap, nearby
bounding boxes, or visually indistinguishable po-
sitions. For ordering questions, we also restrict
the number of sortable targets and generate sam-
ples only when the number of targets falls within
an appropriate range, so as to avoid overly long
answer sequences or excessively difficult ordering
cases.

In terms of answer format, Spatial Reason-
ing VQA supports both open-ended question
answering and multiple-choice questions. For
extreme-position and second-position questions,
the open-ended answer directly records the target
category or target reference. For multiple-choice
questions, the correct target is used as the an-
swer, while distractors are sampled from other
valid components in the same image, followed
by random shuffling of the option order. For
ordering questions, the answer is saved as an
ordered list and is typically not converted into
a multiple-choice format, so as to preserve
complete spatial-order supervision. In addition to
general fields, each sample also records structured
fields such as position_task, axis, direction,
target_object, candidate_objects, and
answer_type, supporting subsequent task-level
statistics and error analysis.

Through the above design, Spatial Reasoning
VQA covers different levels of spatial understand-
ing, ranging from single-target extreme-position
judgment and relative-order recognition to multi-
object ordering. This type of corpus enables the
model to reason over object positions and layout
structures in circuit diagrams, rather than relying
solely on the local visual appearance of individ-
ual components, thereby providing training sig-
nals for layout understanding, target-relation judg-
ment, and region-level reasoning in complex cir-

cuit diagrams.

A.5.5 Sample Organization and Answer
Normalization

To support standardized evaluation and stable
training, we further convert part of the open-ended
QA samples into multiple-choice questions. For
counting tasks, the options consist of the correct
numerical value and several nearby or randomly
sampled numerical distractors. For spatial local-
ization tasks, the options consist of the correct tar-
get reference and other candidate component ref-
erences. All options are randomly shuffled be-
fore being written into the samples, and the op-
tion letters, correct option, original answer text,
and answer type are saved simultaneously. For
open-ended questions, the answer type is marked
as integer, string, or string list; for multiple-choice
questions, the answer type is marked as multiple
choice. This design allows the same task to be
used for both generative training and automated
evaluation.

Finally, each SFT sample is organized
into a unified JSONL format. The main
fields include ga_id, task_type, image_type,
image_path, question, answer, answer_type,
and data_source. For counting tasks, we ad-
ditionally save count_target, num_objects,
and is_zero_count; for spatial reasoning
tasks, we additionally save position_task,
position_mode, and candidate target informa-
tion; for multiple-choice samples, we additionally
save options and answer_text. These structured
fields enable the SFT corpus to support not only
model training, but also task-level statistics, error
analysis, and automated metric computation in
subsequent experiments.

Overall, the SFT corpus converts unified anno-
tations and multi-granularity visual assets into cir-
cuit diagram VQA samples with clear task defi-
nitions, verifiable answers, and standardized for-
mats. This construction process covers a wide
range of capabilities, from local component recog-
nition to global counting reasoning and from
single-target localization to multi-object spatial or-
dering, enabling the model to further learn task-
oriented response behaviors based on the circuit
visual-language representations acquired during
pre-training.
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A.6 Data Organization and Statistics

After data preprocessing, label space unification,
and visual asset construction, we organize the re-
sulting samples into a circuit-domain pre-training
corpus and a task-oriented instruction-tuning cor-
pus.

The circuit-domain pre-training corpus is de-
signed for learning fundamental circuit visual-
language representations and consists of five sub-
sets: component semantics, textual attributes,
multi-object composition, spatial organization,
and structural description. Component semantics
samples are used to learn the correspondence be-
tween circuit symbols and component concepts;
textual attribute samples are used to model the
binding relationships between component entities
and names, identifiers, parameters, or expressions;
multi-object composition and spatial organization
samples are used to learn object distributions, cat-
egory combinations, and spatial layouts; and struc-
tural description samples are composed of pro-
grammatically generated circuit diagrams, provid-
ing structural supervision such as component lists,
parameters, junctions, and connection relation-
ships. Table 9 reports the statistics of the pre-
training corpus.

The task-oriented instruction-tuning corpus is
used to transform the aforementioned visual rep-
resentations into circuit diagram visual question
answering capabilities. Based on unified annota-
tions and programmatic task templates, we first
construct approximately 31.9M raw SFT question-
answering samples, covering seven types of tasks:
component recognition, position perception, spa-
tial relation judgment between components, quan-
titative reasoning, description generation, netlist-
related tasks, and connection-relation question an-
swering. Since the sample scales of different
tasks vary substantially, we adopt a task-aware
balanced sampling strategy and sample 100K bal-
anced instruction-tuning instances from the origi-
nal task pool for training in the main experiments.
Table 10 reports the statistics of each type of SFT
corpus.

Overall, by integrating public data, manually an-
notated benchmark data, and self-constructed pre-
training data, CircuitPile forms a multi-level data
framework that covers local symbol semantics,
textual attribute association, multi-object organi-
zation, spatial layout, and structural relationships.
This framework provides data support for the tran-

sition from fundamental circuit visual-language
representation learning to task-level circuit dia-
gram understanding.

A.7 Data Quality Control
A.7.1 Component Bounding Box

Object detection serves as the foundation of our
dataset construction, as multiple downstream tasks
rely on the quality of detection results. However,
open-source datasets are collected from diverse
sources and often follow inconsistent annotation
standards. To address this issue, we start from our
self-constructed CircuitHub-9k dataset, for which
all 9K samples are fully manually annotated and
cross-checked by multiple annotators. The anno-
tation types include electronic components, junc-
tions, terminals, and text.

Based on this dataset, we train a YOLOvVS-1
object detection model (Jocher et al., 2023) and
use it to perform object detection inference on all
open-source datasets. During inference, we set
Confidence to @.5 and IoU_threshold to @.6.
We then compare the inference results with the
original annotations provided by the open-source
datasets and perform matching under the criterion
of IoU > 0.6. For samples with missing compo-
nents, excessive components, or label types that
cannot be mapped to the unified label space, we
conduct further manual annotation.

A.7.2 Component Related Text Content

During the construction of component images
with textual attributes and the Netlist instruction-
tuning dataset, textual information in circuit dia-
grams is required. In the object detection model
described above, we annotate text regions as a sep-
arate category. Using this object detection model,
we perform text-region inference on CircuitHub-
9k and the open-source datasets, and manually in-
spect the annotations of text boxes.

For all extracted text boxes, we use Pad-
dleOCR (Cui et al., 2025) for recognition and fur-
ther conduct manual verification. Since text in
circuit diagrams often contains a large number of
formula symbols, we represent textual content in
LaTeX format. For different forms of LaTeX ex-
pressions, we normalize them as much as possible
through rule-based replacement, for example, re-
placing 5§2 with 5\Omega.

5085



Instruction Data Type Task Content Scale
Component recognition Open-ended and multiple-choice component 396K
recognition based on cropped or highlighted
images
Position perception Judging the absolute position of a target com- 7.043M
ponent in the diagram, or retrieving the corre-
sponding component according to a specified
position
Spatial relation judgment be- Judging relative directions, distances, and spa- 3.482M
tween components tial proximity relationships between two or
more components
Quantitative reasoning Covering single-category counting, regional 20.607M
counting, conditional counting, quantitative
comparison, extremum judgment, and global
counting tasks
Description generation Whole-diagram description and target- 45K
component description
Netlist-related tasks Tasks related to netlist understanding and 9K
structured circuit representation
Connection-relation question an-  Question answering about direct connections 356K
swering and structural relationships
Raw instruction task pool The collection of raw SFT question- 31.939M
answering samples automatically constructed
based on the above task templates
Balanced instruction-tuning cor- A subset obtained from the raw instruction 100K

pus

task pool through task-aware balanced sam-
pling

Table 10: Statistics of the task-oriented instruction-tuning corpus.

A.7.3 LLM-Based Answers

In the SFT data, the answers to many specific
tasks depend on LLM-generated outputs, such
as captioning tasks and semantic understanding
tasks. We use three closed-source LLMs, namely
Gemini-3.1-Pro, GPT-5.3-Instant, and Claude
Sonnet-4.6, to generate the corresponding answers.
For each generated answer, we further use the
other two LLMs to judge whether the result is cor-
rect. Only answers that pass the verification of the
other two LLMs are retained (Google, 2026; Ope-
nAl, 2026; Anthropic, 2026).

A.8 Leakage Control

To reduce the risk of training—evaluation leakage,
we adopt a multi-stage deduplication pipeline that
operates at two levels of granularity. Since the
benchmark images and the training images are col-
lected from independent sources, the pipeline is
designed to remove residual near-duplicates rather
than large-scale overlap.

At the full-diagram level, we apply perceptual
hashing (pHash) with a Hamming distance thresh-
old of 5 to filter the benchmark candidate pool. Af-
ter deduplication, approximately 9.6K images re-
main from the original 9.8K pool. These images
are used for constructing the final evaluation set.

At the component-crop level, we further apply
ORB-based patch matching to component crops
used in the recognition task. Specifically, we crop
all components from the candidate pool, yielding
approximately 90K candidate component images.
We then extract ORB descriptors from each crop
and perform KNN matching with a Lowe ratio
test threshold of 0.8. A pair of crops is consid-
ered near-duplicate if the number of matched key-
points exceeds a predefined threshold. This step re-
duces the component candidate pool from 90K to
approximately 55K, ensuring that no component
crop in the benchmark shares the same underlying
instance with any training crop.

The training corpus itself is not modified; we
only filter the benchmark candidate pool to en-
sure that no evaluation image appears in training.
Although some question templates are shared be-
tween SFT and benchmark construction for for-
mat consistency, the image content, target objects,
and ground-truth answers are disjoint. Finally,
improvements on the external AMS Benchmark,
which is independent of our training data, provide
additional evidence that the gains are not due to
benchmark overfitting.
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Capability Di- Fine-Grained Task

mension

Main Input Format

Component recog-
nition

Component Recognition

Cropped single-component images and
single-target highlighted images

Spatial understand-  Absolute Location

Single-target highlighted images

ing

Spatial understand-  Find-by-Location Multi-target highlighted images and com-
ing plete circuit diagrams

Spatial understand-  Relative Position Single-target or dual-target contextual im-
ing ages

Spatial understand-  Nearest/Farthest Multi-target highlighted images and local re-
ing gional images

Counting reason- Component Counting Complete circuit diagrams and multi-target
ing highlighted images

Counting reason- Region Counting Complete circuit diagrams and local re-
ing gional images

Counting reason- Conditional Counting Complete circuit diagrams and local re-
ing gional images

Counting reason- Count Comparison Complete circuit diagrams and multi-target
ing highlighted images

Counting reason- Count Extremum Complete circuit diagrams and multi-target
ing highlighted images

Counting reason- Region Count Comparison  Complete circuit diagrams and regional im-
ing ages

Counting reason- Total Counting Complete circuit diagrams and multi-target
ing highlighted images

Table 11: Task taxonomy of CircuitPerception-Bench. Different tasks correspond to fundamental circuit diagram
understanding capabilities, including local symbol recognition, spatial grounding, relational reasoning, and quan-

titative aggregation.

B CircuitPerception-Bench Construction
Details

This section provides additional details on the task
design, composition, and evaluation metrics of
CircuitPerception-Bench. The main text primarily
introduces the overall objective, capability dimen-
sions, and experimental results of the benchmark,
while this section further explains how different
fine-grained tasks are defined and how these tasks
are organized into automatically evaluable visual
question answering samples.

B.1 Task Taxonomy

CircuitPerception-Bench is designed to evaluate
fundamental visual-language capabilities for cir-
cuit diagram understanding, with a focus on three
capability dimensions: component recognition,
spatial understanding, and counting reasoning. In-
stead of directly treating complex circuit func-
tional analysis as the primary evaluation objective,
we focus on more fundamental, verifiable, and di-
agnostic capability components in circuit diagram
understanding. This design helps more clearly de-
termine whether a model has truly acquired local
symbol semantics, target positional relationships,

and multi-object quantitative aggregation capabil-
ities in circuit diagrams. To ensure comparabil-
ity across tasks and stability in automated scoring,
all samples in the comprehensive candidate task
pool are constructed in the form of multiple-choice
questions (MCQs), thereby avoiding the influence
of answer expression variations and normalization
errors in open-ended responses.

Specifically, the component recognition task
evaluates whether a model can identify component
categories based on local visual evidence, serv-
ing as the foundation for subsequent spatial un-
derstanding and counting reasoning. The spatial
understanding task further examines the model’s
ability to model target locations, relative direc-
tions, and neighborhood relationships, requiring
the model to align language descriptions with spe-
cific targets or regions in the image. The count-
ing reasoning task requires the model to perform
component counting, region counting, conditional
counting, and quantitative comparison in multi-
component scenarios, emphasizing the joint mod-
eling of recognition, spatial constraints, and quan-
titative aggregation. Table 11 summarizes the task
taxonomy and input formats of the comprehensive
candidate task pool. The final CircuitPerception-
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Capability Di-
mension

Task Type

Example Question

Component recog-
nition

Component Recognition

What type of component is highlighted in the image?

Spatial understand-  Absolute Location

Where is the highlighted component located in the circuit diagram?

;nfatial understand-  Find-by-Location Which component is located in the upper-left region of the image?
;nlfatial understand-  Relative Position What is the relative position of R1 with respect to C1?

;nfatial understand-  Nearest/Farthest Which component is closest to the highlighted component?

ing

Counting reason- Component Counting How many resistors are there in the circuit diagram?

El(%unting reason- Region Counting How many components are located in the right half of the image?
El(%unting reason- Conditional Counting How many capacitors are located above the highlighted resistor?
El(%unting reason- Count Comparison Are there more resistors than capacitors in the image?

ggunting reason- Count Extremum Which component type appears most frequently in the circuit diagram?
Elgunting reason- Region Count Comparison Which region contains more components, the left half or the right half?
ggunting reason- Total Counting How many components are there in total?

ing

Table 12: Representative question examples for different task types in the comprehensive candidate task pool. The
actual questions are automatically generated from structured annotations and paired with corresponding image

inputs and ground-truth answers.

Bench is obtained by selecting samples from this
candidate pool through capability-balanced sam-

pling.

B.2 Task Examples

Table 12 presents representative question exam-
ples for different fine-grained tasks in the compre-
hensive candidate task pool.

These question examples reflect the diagnostic
nature of the comprehensive candidate task pool.
Component recognition questions mainly rely on
local visual evidence of circuit symbols; spatial un-
derstanding questions require the model to align
language descriptions with target objects, spatial
regions, or relative geometric relationships in the
image; and counting reasoning questions further
require the model to perform counting, compar-
ison, or conditional aggregation based on recog-
nized objects. Since all these questions are auto-
matically generated from structured annotations,
their ground-truth answers can be deterministi-
cally computed from category labels, bounding-
box coordinates, and region partition rules.

B.3 CircuitPerception-Bench Construction

We set sampling quotas for the three capability di-
mensions, namely component recognition, spatial
understanding, and counting reasoning. Within
each capability dimension, we adopt round-robin
balanced sampling to alternately select samples
from different fine-grained tasks and visual input
formats, thereby preventing a few high-frequency
subtasks from dominating the final evaluation re-
sults. In other words, CircuitPerception-Bench
is MCQ-only in terms of answer format, while
still preserving comprehensive coverage across
multiple capabilities and subtasks. The resulting
CircuitPerception-Bench contains 2,700 samples
and serves as the standard evaluation set for all
major model comparison experiments in the main
text. Table 13 summarizes the construction pro-
cess of CircuitPerception-Bench.

Therefore, the main experiments report four
metrics based on this benchmark: Overall, Recog-
nition, Position, and Counting. Among them,
Overall denotes the overall accuracy across all
samples, while Recognition, Position, and Count-
ing correspond to the three capability dimensions
of component recognition, spatial understanding,
and counting reasoning, respectively.
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Stage Operation

Purpose

Capability-dimension quota

reasoning
Subtask-balanced sampling

Unified evaluation format

Set sampling sizes according to component
recognition, spatial understanding, and counting

Perform round-robin sampling over fine-grained
tasks within each capability dimension
Evaluate all samples using option-level accuracy

Ensure coverage of different fundamental
capabilities

Reduce the influence of high-frequency
tasks on the overall results

Reduce the impact of answer normalization
and output-format variations

Table 13: Construction process of CircuitPerception-Bench. This benchmark supports more stable and comparable

standardized evaluation across different models.

Question Type  Prompt Template Expected
Output
Single-choice Please answer according to the image, question, and options provided. Option letter
Question: {question}
Options: {options}
The final response format should be "*x<correct option letter>xx".
Multiple-choice ~ Please answer according to the image, question, and options provided. Multiple

Question: {question}
Options: {options}

option letters

The final response format should be "x*<correct option letters>*x".

Table 14: Unified prompt wrapper templates used in the comprehensive candidate evaluation pool. {question}
denotes the question text generated by task-level templates, and {options} denotes the candidate options in the

multiple-choice question.

C Prompt Templates and Output
Normalization

This section provides additional details on the
prompt templates, answer extraction rules, and
abnormal-output handling procedures used in the
evaluation of the comprehensive candidate evalua-
tion resource and CircuitPerception-Bench. Since
multimodal large language models may differ
in their response formats, a unified prompt de-
sign and output normalization pipeline are impor-
tant for ensuring evaluation stability. We divide
prompt design into two levels: task-level question
templates used to generate specific question texts,
and a unified evaluation wrapper template used to
organize the image, question, and candidate op-
tions into the model input. During evaluation, we
further automatically parse and normalize model
responses to reduce the influence of linguistic vari-
ations on the final metrics.

C.1 Prompt Templates

Each evaluation sample consists of an image, a
question text, and optional candidate options. For
CircuitPerception-Bench, all samples are formu-
lated as MCQs. The prompt explicitly requires the
model to select the correct answer from the candi-
date options based on the image and question, and
to output the corresponding option letter.

In actual evaluation, {question?} is replaced
with the specific question, and {options} is re-
placed with the option list. To prevent lengthy
model explanations from interfering with auto-
matic evaluation, all wrapper templates explicitly
specify the required final response format.

In addition to the unified wrapper templates, we
design task-level question templates for different
fine-grained tasks. The task-level templates di-
rectly determine the question field in each sam-
ple, while the evaluation wrapper template com-
bines the question with the image and candidate
options to form the final model input. Table 15
summarizes the question templates, answer gener-
ation methods, and supported answer formats for
different tasks.

For position-related tasks, questions are gener-
ated from the geometric positional relationships of
target objects. For example, the extreme-position
task determines the leftmost, rightmost, topmost,
or bottommost target according to component cen-
ter coordinates; the second-position task selects
the second target after sorting objects along the
same coordinate axis; and the ordering task re-
quires the model to list components in left-to-right
or top-to-bottom order. To avoid unstable an-
swers caused by components being too close to
each other, we set a minimum coordinate-distance
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threshold when generating such samples and re-
tain only samples with clear spatial distinctions.

For counting-related tasks, questions are gener-
ated from the cleaned set of valid components. For
example, the total-counting task counts the num-
ber of all valid components in the image. Can-
didate options are constructed around the correct
count value, including the correct value and neigh-
boring counts, thereby forming multiple-choice
questions with reasonable distractors. For all
tasks,

C.2 Answer Extraction and Normalization

Since different models may include explanatory
text, Markdown markers, or additional natural-
language descriptions in their final responses, we
uniformly extract and normalize model outputs
before computing the metrics. We extract valid
option letters from the model output and convert
them into a unified uppercase format. If the output
contains explanatory text, such as “The correct an-
swer is B”, only the option letter is retained. For
multiple-choice questions, we extract all valid op-
tion letters, remove duplicates, sort them, and com-
pare the resulting set with the ground-truth answer
set.

If the model output is empty, no valid answer
can be parsed, or a single-choice question contains
multiple options that cannot be uniquely resolved,
the sample is treated as an incorrect prediction. If
the output format does not fully follow the instruc-
tion but contains an explicit answer, we extract the
valid answer according to the above rules and con-
tinue evaluation. The same answer extraction and
normalization pipeline is applied to all models to
ensure the comparability of evaluation results.

D Qualitative Analysis

This section further analyzes the capability
changes brought by CircuitPile training through
qualitative cases. Unlike the quantitative results in
the main text, the qualitative analysis focuses on
model behaviors on specific samples, aiming to il-
lustrate whether CircuitPile enables models to per-
form component recognition, spatial relation judg-
ment, and counting reasoning more reliably in real-
istic circuit diagram understanding scenarios. We
mainly present examples where CircuitPile gives
correct answers while other models fail, and fur-
ther analyze common error patterns of baseline
models in circuit diagram understanding tasks, as

well as the limitations of the current method.

D.1 Examples Correctly Solved by
CircuitPile

Table 16 and Table 17 present representative cases
from different tasks. Each table lists the input im-
age, question and candidate options, ground-truth
answer, the output of CircuitPile-{ VLM}, and in-
correct outputs from other models.

D.2 Common Error Patterns of Baseline
Models

Based on the above cases, we further summa-
rize common error patterns of baseline models on
CircuitPerception-Bench. These errors do not sim-
ply arise from output-format issues, but instead
reflect limitations in symbol recognition, target
grounding, spatial relation modeling, and answer
binding.

First, baseline models are prone to symbol con-
fusion. Component symbols in circuit diagrams
are usually highly abstract, with subtle differ-
ences in local shapes. For example, in the sec-
ond case, several models incorrectly recognize
Power_Source as Switch or Capacitor, indicat-
ing that general visual representations do not nec-
essarily capture the key discriminative features of
circuit symbols.

Second, baseline models remain unstable in spa-
tial grounding and candidate-option binding. In
the first case, the model needs to simultaneously
locate the cyan-boxed component, compare its spa-
tial distance to other color-boxed components, and
map the nearest target to the correct option. Some
models already approach or even identify the cor-
rect target in their textual explanations, but still
output an incorrect option, suggesting that the
alignment among visual targets, language descrip-
tions, and option letters is not stable.

Finally, baseline models are more likely to
fail on tasks requiring multi-step compositional
judgment. Nearest-component judgment is not
a simple classification problem, but involves a
combined process of target localization, distance
comparison, and answer selection.  Similarly,
single-component recognition relies not only on
local shape, but also on domain-specific symbolic
knowledge. These error patterns suggest that cir-
cuit diagram understanding is not equivalent to
general natural image recognition. Models need
to simultaneously acquire symbol-level visual dis-
crimination, target grounding, spatial geometric
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relation modeling, and stable answer alignment.
CircuitPile is designed around these foundational
capabilities, and therefore can improve the er-
ror behaviors of baseline models across multiple
cases.

D.3 Failure Cases and Limitations

Although CircuitPile outperforms non-domain-
adapted base models on multiple tasks, the qual-
itative analysis also reveals several limitations of
the current method. First, the model may still
make component recognition errors when image
quality is low, symbols are drawn in non-standard
forms, or local regions have insufficient resolution.
Second, in circuit diagrams with dense layouts,
the distances between target objects can be small,
which may reduce the stability of spatial ground-
ing and relational reasoning. Third, the current
benchmark mainly focuses on fundamental capa-
bilities such as component recognition, spatial un-
derstanding, and counting reasoning, while its cov-
erage of higher-level topological relation under-
standing, connection consistency verification, and
functional reasoning remains limited.

Therefore, future work can be extended in three
directions. First, higher-quality and larger-scale
structure-level supervision can be introduced to
strengthen the model’s understanding of connec-
tion relations and topological semantics. Second,
more complex open-ended reasoning tasks, such
as functional analysis, fault diagnosis, and design
intent understanding, can be constructed to further
evaluate the model’s reasoning capability in the
circuit domain. Third, explicit structural parsing
modules or netlist-level supervision can be incor-
porated into the training and inference pipeline, en-
abling the model not only to recognize objects and
spatial relationships in images, but also to form
more stable structured circuit representations.
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Capability Dimen-
sion

Task Type

Example Question Template

Answer Generation

Method

Component recogni-
tion

Component Recog-
nition

What type of component is {target}?

Generate the answer ac-
cording to the standard-
ized category label of the
target component.

Spatial understand-

ing

Spatial understand-

ing

Spatial understand-

ing

Spatial understand-

ing

Position Finding

Ordering

Absolute / Relative
Location

Nearest / Farthest

Which component is the {position} in
the image?

Please 1list the from

{direction}.

components

Where is {target} located?
What is the relative position of
{target} with respect to {reference}?

Which component is
{distance_relation} to {target}?

Determine the leftmost,
rightmost, topmost, bot-
tommost, or specified
ranked target by sorting
component center coordi-
nates.

Generate the target se-
quence from left to right
or from top to bottom
based on component cen-
ter coordinates.

Generate the answer
according to the region
containing the target
bounding-box center, or
the coordinate difference
between the target and
reference component
centers.

Determine the nearest or
farthest object based on
the center-point distance
between the target and
other components.

Counting reasoning

Counting reasoning

Counting reasoning

Component / Total
Counting

Region / Condi-
tional Counting

Count Comparison /
Extremum

How many {component_type} are there
in the image?

How many components
total?

are there in

How many components are located in the
{region}?

How many {component_type} are located
{spatial_condition} {reference}?

Are there more {type_A} than {type_B}?
Which component type appears
{most/least} frequently?

Count the number of
components of the speci-
fied category or the total
number of components
based on the -cleaned
valid component set.
Count components sat-
isfying the requirements
according to region par-
titioning, category con-
straints, and spatial con-
ditions.

Generate comparison
answers or extremum
categories based on

category-level or region-
level counting results.

Table 15: Question templates and answer generation methods for different fine-grained tasks in the comprehen-
sive candidate evaluation pool. {target}, {reference}, {component_type}, {region}, {position}, {direction}, and
{spatial_condition} denote fields automatically filled from structured annotations. The system constructs candidate
options based on the correct answer and distractors, and performs evaluation using the unified wrapper templates
in Table 14.
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Image Task Question / Options GT

Predictions

Q: What is the correct classification
of the component shown here?
.. A.Switch
Recognition B. Electret_Microphone ¢
C. Power_Source

D. Resistor

CircuitPile-VLM: C
Qwen3-VL-8B: B
InternVL3.5-8B: D

Q: What is the component farthest
to the right?

CircuitPile-VLM: A

Ppsu.lon A. the rlghtrpost power_source A Qwen3-VL-8B: D
Finding B. the capacitor .
| InternVL3.5-8B: B
C. the bottommost power_source
D. the inductor
Q: Where is the component inside
Absolute the purple box located vertically, CircuitPile-VLM: A
Location top or bottom? A Qwen3-VL-8B: B
A. top side InternVL3.5-8B: B
B. bottom side
Q: Where is the switch relative to
. the leftmost resistor? CircuitPile-VLM: D
Relative A. above
Position B. below D Qwen3-VL-8B: B
; InternVL3.5-8B: C
C. left
D. right
Q: What is the nearest highlighted
component to the blue-boxed com-
ponent? CircuitPile-VLM: B
Nearest A. the red-boxed component B Qwen3-VL-8B: C
B. the green-boxed component InternVL3.5-8B: R3
C. the yellow-boxed component
D. the cyan-boxed component
Q: Which boxed component is far-
thest from the purple-boxed compo-
nent? CircuitPile-VLM: C
Farthest A. the red-boxed component C Qwen3-VL-8B: D

B. the blue-boxed component
C. the green-boxed component
D. the yellow-boxed component

InternVL3.5-8B: D

Table 16: CircuitPerception-Bench CircuitPile-VLM
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C. Inductor
D. none of the above

Image Task Question / Options GT Predictions
18 Q: Please identify all Capacitors and
Component Zo%nt them. CircuitPile-VLM: B
05S==j1s  2-iis Counliin B 1 B Qwen3-VL-8B: A
g C. 3 InternVL3.5-8B: A
w=1rad/s D.2
| ale. Q: What is the number of all compo-
! i i ?
0 Total nents in the diagram? CircuitPile-VLM: D
R ve for T Countin B.3 D Qwen3-VL-8B: C
7 J C6 InternVL3.5-8B: None
\ ’ D.5
Q: How many highlighted objects are
present in the top-right region of the dia-
Region gram? CircuitPile-VLM: C
Co%lntin A3 C Qwen3-VL-8B: D
£ B.O InternVL3.5-8B: A
C.1
D.2
Q: Count the components below the
Component gurgle-boxed Resistor. CircuitPile-VLM: A
Conditional B. 2 A Qwen3-VL-8B: B
Counting C. 0 InternVL3.5-8B: B
D.7
Q: Between Resistor and Power Source,
which one has a larger count in the im-
Count age? CircuitPile-VLM: D
Comparison A. Resistor D Qwen3-VL-8B: A
P B. Power Source InternVL3.5-8B: A
C. cannot determine
D. same
Region Q:mWhIIIC}:ltSIdte of ;1}: glaflr,? m has more CircuitPile-VLM: B
Count components, top of boftom: B Qwen3-VL-8B: A
Comparison A. bottom half InternVL3.5-8B: A
B. top half ’ ’
Q: Which component category has the
: i i 2
hlghest. count in the diagram? CircuitPile-VLM: A
Count A. Resistor A Qwen3-VL-8B: D
Extremum B. Capacitor :

InternVL3.5-8B: D

Table 17: Additional qualitative cases of different task types in CircuitPerception-Bench. These cases show that
CircuitPile-VLM can correctly answer representative questions involving component recognition, spatial under-
standing, and counting reasoning, while other models produce incorrect outputs.
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