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Abstract

Scientific diagrams capture complex mecha-
nisms, experimental evidence, and structural
relationships, yet remain challenging to in-
terpret and reason over due to their hetero-
geneous layouts and lack of traceable repre-
sentations. Scientific Visual-Semantic Graph
(SciVSG) addresses this challenge by provid-
ing a unified visual-semantic representation
that integrates layout and semantic informa-
tion. It first constructs a Visual Layout Hierar-
chy (VLH) from layout cues and reading con-
ventions, establishing a structured foundation
for diagram understanding. Node-level veri-
fiable evidence, including localized OCR and
aligned paper snippets, grounds predictions to
explicit text spans and regions. On this ba-
sis, a Semantic Scene Graph (SSG) is built
by linking typed entities and normalized rela-
tions to nodes under strict evidence constraints,
enabling module-aware reasoning and fine-
grained traceability. A benchmark of diverse
scientific diagrams is also provided, annotated
with VLH, node evidence, entities, relations,
and expert-authored QA pairs across multi-
ple categories. Experiments demonstrate that
SciVSG substantially enhances knowledge ex-
traction and produces more reliable, evidence-
attributable answers for diagram-based ques-
tion answering.

Keywords: Scientific Diagram Understanding;
Visual-Semantic Representation; Visual Layout
Hierarchy; Semantic Scene Graph; Knowledge
Extraction

1 Introduction

Scientific diagrams are essential for conveying
mechanisms, experimental procedures, and struc-
tural relationships in research papers(Pan et al.,
2024). They often encode actionable knowledge
that researchers seek to retrieve, compare, and
reuse, including workflows, component arrange-
ments, and interaction logic (Zala et al., 2023; Pra-

manick et al., 2024). Despite their importance, ac-
cessing diagram-centric knowledge remains chal-
lenging due to visual heterogeneity, structural den-
sity, and modular organization with connectors
and localized text (Zala et al., 2023; Kembhavi
et al., 2016; Cui et al., 2025).

Scientific diagrams can be broadly categorized
into four layout-driven types based on visual com-
position and relation expression(Mondal et al.,
2024): Process Diagrams such as experimental
pipelines, Structural Diagrams like part-whole
schematics, Interaction Diagrams including reg-
ulatory networks, and Composite Diagrams that
combine multiple modules (Zala et al., 2023).
This categorization illustrates the diversity of di-
agram structures, highlighting the need for repre-
sentations capable of capturing modularity, termi-
nal visual units, and explicit linking cues. These
diagram types serve as background context rather
than the focus of the present work.

Existing methods address diagrammatic chal-
lenges unevenly (Suri et al., 2025). While regular
process diagrams benefit from specialized bench-
marks and QA methods (Pramanick et al., 2024),
and educational datasets like AI2D (Kembhavi
et al., 2016) and AI2D-RST (Hiippala et al., 2021)
offer insights into element-level and discourse-
inspired organization, they are not designed as
general-purpose interfaces for scientific diagrams.
Specifically, they lack support for module-aware
extraction within nested hierarchies and fail to en-
force verifiable evidence attribution linking predic-
tions to localized regions. Similarly, conventional
scene graph methods (Kembbhavi et al., 2016; Hi-
ippala et al., 2021), although effective for natu-
ral images, cannot handle the multi-module struc-
tures and dense connectors inherent in scientific
contexts, thus limiting their capacity for traceable
reasoning.

To bridge this gap, this work introduces Scien-
tific Visual-Semantic Graph (SciVSG), a unified



representation that combines layout and semantic
information into a coherent, evidence-grounded
structure. SciVSG first constructs a Visual Lay-
out Hierarchy (VLH) using visual cues and read-
ing conventions, decomposing diagrams into mod-
ules and terminal visual units. Node-level ver-
ifiable evidence, including localized OCR and
aligned paper snippets, is then attached to VLH
nodes, grounding predictions in explicit text and
regions. Building on this foundation, SciVSG
generates a Semantic Scene Graph (SSG) by
linking typed entities and normalized relations to
nodes under strict evidence constraints, producing
a traceable semantic graph that enables module-
aware reasoning and evidence-attributable predic-
tions. Together, VLH and SSG form an integrated
framework for structured diagram understanding.

The main contributions are as follows: (1)
SciVSG, a unified visual-semantic representation
combining a layout-induced hierarchy (VLH),
node-attached verifiable evidence, and a node-
grounded semantic graph (SSG) for scientific di-
agrams. (2) Traceability-oriented constraints that
ensure all extracted entities, relations, and QA an-
swers can be checked against localized regions
and evidence spans. (3) A benchmark of scien-
tific diagrams with expert-authored QA for rigor-
ous evaluation of unified, evidence-grounded dia-
gram understanding.

2 Related Work

Hierarchical Layout and Visual Structure. Un-
derstanding diagrams requires modeling hierarchi-
cal and compositional visual structures that reflect
how elements are organized and connected (Shen
et al., 2021; Zhong et al., 2019). Early resources
such as AI2D provide annotated elements and
parse graphs for educational diagrams, captur-
ing relations among textual and visual compo-
nents (Kembhavi et al., 2016). AI2D-RST ex-
tends AI2D with multi-layer annotations of group-
ing, connectivity, and discourse structure, support-
ing analysis of compositional layouts and visual
discourse (Hiippala et al., 2021). Recent diagram
parsing work emphasizes modular decomposition
and structural grouping, but largely targets dataset
construction or element-level parsing rather than
unified, evidence-grounded semantic representa-
tions.

Graph-Based Semantic Modeling. Graph-
structured representations (e.g., scene graphs) en-

code objects and relations for visual reasoning (Kr-
ishna et al., 2017; Zellers et al., 2018). How-
ever, they are less suited to multi-module diagrams
with dense connectors and localized labels (Li and
Tajbakhsh, 2023). Graph-based multimodal cor-
pora also model discourse and connectivity among
diagram elements (Hiippala et al., 2021), but typ-
ically lack typed entities and normalized relations
under strict evidence constraints. SciVSG ad-
vances this line by integrating layout hierarchies,
typed entities, and semantic relations into a uni-
fied, traceable graph representation.

Diagram Question Answering. Diagram
QA benchmarks have grown from educa-
tional and flowchart datasets (e.g., TQA,

FlowchartQA) (Kembhavi et al., 2016; Kafle
et al.,, 2018; Tannert et al., 2023) to scientific
resources. SPIQA targets figures and tables
in scientific papers, evaluating interpretation
of complex visual structures in research con-
texts (Pramanick et al., 2024). MathVerse
benchmarks visual math understanding, testing
whether models interpret diagrams rather than
rely on textual shortcuts (Zhang et al., 2024).
MISS-QA evaluates multimodal foundation
models on schematic diagrams in scientific
papers (Zhao et al., 2025). While these datasets
support evaluation, none provide an interpretable
computational framework for explicit reasoning
over evidence-grounded semantic relations.

3 Layout-induced Hierarchical Diagram
Representation

We present SciVSG, our Layout-induced Hier-
archical Diagram Representation shown in Fig. 1.
SciVSG builds a Visual Layout Hierarchy (VLH)
to organize a diagram into localized regions with
explicit containment and a reader-oriented traver-
sal order, providing a layout-grounded backbone
for subsequent understanding. To ensure traceabil-
ity, each node is augmented with verifiable evi-
dence, and we further attach typed entities and
normalized relations to form a node-grounded Se-
mantic Scene Graph (SSG) under strict evidence
constraints. We also release a diagram benchmark
annotated with VLH, node evidence, SSG, and
expert-authored QA for evaluation.

3.1 Visual Layout Hierarchy

We represent a scientific diagram as a Visual Lay-
out Hierarchy (VLH): a rooted tree that decom-
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Figure 1: Layout-induced Hierarchical Diagram Representation.

poses the diagram into localized regions with ex-
plicit containment and a reader-oriented traversal
order. The VLH encodes layout only; semantic
objects (entities and relations) are attached later as
node-level annotations (Section 3.2).

3.1.1 Representation Schema

A central design choice in VLH is separating de-
composable layout regions from terminal visual
units. Branch nodes represent composite regions
that can be further partitioned. TextBlock, Icon,
Image, and Connector are treated as terminal
primitives (leaf nodes) during induction. This is
a structural rather than semantic distinction. Ter-
minal nodes are not split even when they contain
multiple mentions or relations.

Each node belongs to one of five categories cov-
ering dominant diagram building blocks: Branch
node (B-Node): a composite module (e.g.,
panel/subfigure, bounded schematic module) that
reduces cross-module ambiguity and supports
module-level aggregation and traceable referenc-
ing. TextBlock: a contiguous text region (e.g.,
title, label cluster) serving as the primary OCR
carrier. Icon: a non-photographic drawn region
conveying schematic content, providing stable an-
chors for descriptions and aligned textual evidence.
Image: a photographic/experimental region (e.g.,
microscopy, gels) that links visually grounded ob-
servations to aligned textual explanations. Con-
nector: an explicit linking cue (e.g., arrows, lines,
braces) modeled as a first-class node due to its di-
rectionality and structured associations.

For grounding and traceability, each node
stores: (i) a parent—child link (containment), (ii) a

bounding box, (iii) a short region description, and
(iv) node-referenced text sources (localized OCR
and selected caption/context snippets). How these
fields are populated and aligned is described in
Section 3.1.3.

VLH nodes need not be semantically atomic.
We store entities as node-local mention strings
(optionally typed) under the hosting node; each
mention must be supported by at least one node-
referenced text source, preserving traceability
while keeping the layout backbone independent of
the semantic layer.

3.1.2 Layout-induced Hierarchy Induction

We induce the Visual Layout Hierarchy (VLH) in a
top-down manner using fixed annotation rules and
reading conventions. The process is annotation-
driven: the hierarchy is deterministically con-
structed from manually annotated node types and
bounding boxes, without learned detectors. The
VLH has no fixed depth.

Step 1: determine decomposability. Starting
from the root, we assess whether the diagram con-
tains separable modules under the schema. Vi-
sually atomic diagrams are represented as single-
node trees.

Step 2: propose modules. For decomposable
diagrams, we annotate perceptually coherent re-
gions as Branch nodes when at least one cue
is present, including boundaries, background dif-
ferences, distinctive alignments, or local headers
such as panel tags.

Step 3: build the branch backbone. We estab-
lish parent—child relations among Branch nodes
by minimal geometric containment and order sib-



lings by reading conventions to obtain a determin-
istic traversal.

Step 4: attach leaf nodes. Terminal primitives
are attached to the smallest containing Branch
node and are not further decomposed, serving as
atomic units for evidence attachment and ground-
ing.

Overall, given annotations and fixed rules, VLH
induction is deterministic: branch consolidation
follows overlap resolution, parent assignment fol-
lows minimal containment, and expansion termi-
nates at terminal primitives, yielding a stable struc-
ture for subsequent evidence alignment and seman-
tic graph construction.

3.1.3 Node Evidence Attachment

To support extraction and reasoning, each VLH
node is grounded to a region and augmented with
compact, verifiable evidence fields, while preserv-
ing the VLH topology.

Bounding box. Each node stores a bounding
box for localization and stable attribution.

Region description vs. context snippets. A
region description summarizes observable visual
cues (e.g., position, boundaries) and is indepen-
dent of paper text, serving as an interpretable an-
chor and auxiliary alignment signal. A context
snippet is a relevant caption/context span aligned
to the node as textual evidence.

Localized OCR. OCR is primarily attached
to TextBlock nodes; for Connector nodes we
record nearby OCR fragments when available.
For Image/Icon nodes, OCR may be sparse and
aligned snippets serve as the main textual anchors.

Aligned paper snippets. We align cap-
tion/context spans using reproducible heuristics
based on OCR overlap, connector-adjacent trig-
ger words, and panel/local identifiers (e.g., “(a)”,
“Panel B”). Branch nodes may store module-level
snippets, while fine-grained evidence is anchored
at terminal primitives.

All evidence is stored with minimal provenance
(source, node_id, exact span); each span must
be an exact substring of its source (no paraphras-
ing). Region descriptions cannot introduce en-
tity mentions; entities must be supported by OCR
or aligned snippets. We enforce: tree validity,
containment consistency, type constraints (no
decomposition of primitives), and evidence in-
tegrity (exactly matchable spans), flagging viola-
tions automatically.

This step outputs a grounded VLH tree T with

verifiable node evidence. In §3.2, we attach typed
entities and normalized relations to 7 to enable
module-aware reasoning with region-level attribu-
tion.

3.2 Semantic Scene Graph (SSG)

We build a Semantic Scene Graph (SSG) on top
of the visual layout hierarchy (VLH) by attach-
ing typed entities and normalized relations to VLH
nodes. The result is a traceable semantic graph
that supports module-aware reasoning and verifi-
able evidence attribution at the node (region) level.

3.2.1 Entity and Relation Inventory

An entity is a nameable scientific object mention.
Each entity must be grounded in a mention string
that can be verbatim located in at least one textual
node-attached evidence field (e.g., localized OCR
strings or region captions). This constraint en-
sures automatic verifiability and discourages hal-
lucinated entities.

We adopt a seven-way entity type system (Hu
et al., 2024): Tool (named instrument, device, plat-
form, or software; e.g., mass spectrometer); Ma-
terial (physical, biological, or data-carrying sub-
stance; e.g., serum sample); Indicator (measur-
able metric or property; e.g., accuracy); Method
(approach, algorithm, or model; e.g., Bayesian in-
ference); Problem (task, defect, disease, or phe-
nomenon; e.g., noise removal); Dataset (uniquely
identifiable named dataset; e.g., MNIST); Value
(numeric or comparative numeric expression; e.g.,
95%).

A relation is a directed semantic edge between
two grounded entities, drawn from a fixed label set.
Relation labels are normalized semantic categories
and need not appear verbatim in evidence; instead,
evidence must support the underlying claim and
be attributable to a specific node.

We define seven relation labels: Belong To
(part—whole or membership); Used For (func-
tional usage); Measure (measurement or eval-
uation); Produce (generation or output); Pre-
cede (temporal or procedural ordering); Equal
To (aliasing or semantic equivalence); Affect (di-
rected influence such as increase or suppression).

If a downstream benchmark adopts a different
relation inventory, only label substitution is re-
quired; grounding and evidence rules remain un-
changed.



3.2.2 Node-attached Entity Construction

SSG does not assume that VLH nodes are
semantically atomic. A single node (including
TextBlock, and nodes containing embedded la-
bels near Icon or Image regions) may host zero,
one, or multiple entity mentions. In our cur-
rent data format, a node stores entity mentions as
strings (with types) rather than forcing entities to
be leaf nodes in the hierarchy.

Entity mentions are extracted and attached us-
ing textual node-attached sources only, namely
localized OCR strings and aligned caption, con-
text snippets. We enforce a verbatim mention con-
straint: every stored entity string must be exactly
matchable as a substring in one of the allowed
textual evidence fields of its hosting node. No-
tably, region descriptions are not used as an entity
source, and cannot introduce new entity mentions.

We apply lightweight normalization (whites-
pace trimming and canonical punctuation where
appropriate) while preserving scientific symbols
and units. If the same mention appears in multi-
ple nodes, we keep multiple grounded instances
because they carry distinct spatial provenance; an
optional canonical id can be added for downstream
consolidation.

3.2.3 Relation Construction with Evidence
Attribution

For each node v, we form candidate entity pairs
within a module-constrained scope enabled by the
VLH: (i) connector-centric pairs suggested by
connector geometry and nearby labels, (ii) within-
node co-occurrence pairs from entities attached
to the same node, and (iii) within-subtree pairs
whose endpoints fall under the same Branch node.
This avoids global enumeration and reduces cross-
panel ambiguity.

For each candidate (h, t), we select a relation la-
bel r from the fixed inventory using node-scoped
cues (connector direction/morphology, nearby
triggers, aligned caption/context, and region de-
scriptions). Each relation must include at least
one evidence record (source, span, v), where span
is copied verbatim from an allowed node-attached
source (OCR, connector-local text, region descrip-
tion, or aligned snippets); we enforce exact span
matching (no paraphrasing). Evidence need not
contain the label name, but must support the nor-
malized claim. Attaching relations to VLH nodes
with boxes yields a traceability chain: relation —
evidence span — node id — node box.

If endpoints are grounded to different nodes, we
attach the relation to the lowest common ances-
tor Branch node covering both, while preserving
each endpoint’s original node id in the evidence
metadata.

3.3 Benchmark Construction (Data and QA)

We construct a benchmark to evaluate unified and
traceable diagram representations across four gen-
res: Process, Structural, Interaction, and Com-
posite diagrams. Each sample is annotated with
(i) a Visual Layout Hierarchy (VLH), (ii) node ev-
idence fields enabling span-verifiable attribution,
and (iii) a Semantic Scene Graph (SSG) with
typed entities and normalized relations attached to
VLH nodes. Domain experts additionally author
QA pairs, which we categorize into four types with
strict answer matching for automatic evaluation.

3.3.1 Diagram Collection and Coverage

We collect candidate papers from IEEE venues
and arXiv, starting from approximately 30000 pa-
pers with clear diagrams and sufficient context.
Manual screening of panels and captions yields
18760 diagram candidates that are readable, self-
contained, and interpretable with surrounding text.

We then curate a high-quality subset suitable for
annotation, retaining diagrams that meet: (i) ade-
quate resolution for text/connectors, (ii) clear mod-
ule boundaries when applicable, (iii) unambiguous
reading order or structural organization, and (iv)
sufficient context for evidence alignment. After fil-
tering, we retain 1200 diagrams, including 600 En-
glish and 600 Chinese. Coverage across the four
genres is summarized in Table B.1 (Appendix).

We balance the dataset across genres. Process
diagrams show stepwise transitions. Structural di-
agrams highlight partwhole organization. Interac-
tion diagrams feature dense, typed relations. Com-
posite diagrams combine multiple local organiza-
tions in a single layout.

3.3.2 Annotation Protocol

Annotation layers.
in three layers.

(1) VLH structure and node boxes. Annota-
tors construct VLH following the layout-induced
rules in Section 3.1.2, assigning each node a
type and bounding box. Branch nodes are de-
composable modules, while terminal primitives
(TextBlock, Icon, Image, Connector) are not sub-
divided.

Each diagram is annotated



(2) Node evidence fields. We attach three tex-
tual sources per node: (i) region description writ-
ten purely from visual content, (ii) context snip-
pets aligned from paper text, and (iii) OCR text for
TextBlock nodes (and optional nearby OCR cues
for Connector nodes). These fields support verifi-
able attribution in extraction and QA.

(3) SSG entities and relations. Annotators
attach typed entities and normalized relations to
VLH nodes under evidence constraints: entity
mentions are copied verbatim from OCR or con-
text snippets, and each relation is supported by at
least one evidence span.

Each evidence record is stored as a four-tuple

(source,node_id, span, char_offset),

where span is an exact substring of the declared
source (OCR/context/region description), and
char_offset is verified by deterministic lookup.

3.3.3 Consistency and Quality Control

Each diagram is annotated by two annotators and
adjudicated by a senior annotator to resolve dis-
agreements in VLH boundaries/types, entity typ-
ing, and relation labels. We apply checks for (i)
tree validity (single root, acyclic, unique parent),
(i1) geometric consistency (child boxes within par-
ent up to tolerance), (iii) connector integrity (ter-
minal connectors with supported endpoints when
applicable), and (iv) evidence integrity (exact sub-
string spans with valid offsets).

Agreement is reported at multiple layers: mean
IoU and node-type agreement for VLH/boxes;
set-based Precision/Recall/F1 over unique (men-
tion, type) pairs for entities; and set-based Pre-
cision/Recall/F1 over relation triples for relations.
Representative agreement numbers are: mean box
IoU 0.86, node-type agreement 0.95, entity F1
0.84, and relation F1 0.79.

3.3.4 Expert-authored QA and Taxonomy

Domain experts author questions using the dia-
gram and aligned context; questions are not tem-
plated from labels. We group questions into four
categories and constrain answers to be short and
matchable for automatic scoring.

Q1 Entity: identify a named entity of a speci-
fied type. Q2 Relation: identify the normalized
relation label between two named entities with
traceable evidence. Q3 Hierarchical trace: iden-
tify the module where a claim is expressed and, if
needed, return the module path from the root using

matchable identifiers (e.g., panel tags or OCR frag-
ments). Q4 Hierarchy-helpful reasoning: an-
swer questions that benefit from restricting or ag-
gregating evidence within the hierarchy.

We collect 8 questions per diagram on average,
yielding 7200 QA pairs, balanced across four cate-
gories. Detailed distributions and verification con-
straints are summarized in Table B.2 (Appendix).

4 Experiments

4.1 Overview and Experimental Setup

We evaluate SciVSG on four targets: VLH struc-
ture extraction, SG construction, SSG construc-
tion, and diagram question answering (QA). Our
benchmark covers four diagram genres: Process,
Structural, Interaction, and Composite. These gen-
res differ in module organization and in connector-
mediated relations.

Why off-the-shelf foundation models with-
out training? We validate SciVSG as a model-
agnostic intermediate representation and test how
robustly different multimodal foundation models
instantiate it under the same stage-wise protocol.
This setting (i) isolates the contribution of the
representation and supervision interface (schema,
evidence constraints, normalization) from task-
specific fine-tuning, and (ii) reflects a plug-and-
play deployment without additional training.

Stage-wise construction and evaluation tar-
gets. Given a diagram image and associated pa-
per text, we run a fixed pipeline to obtain: (i) a
VLH with node types and parent—child edges, (ii)
an SG of semantic triplets, and (iii) an SSG that
attaches typed entities and normalized relations to
VLH nodes with evidence. We evaluate VLH node
typing and edges, SG/SSG triplets, and QA under
controlled ablations.

Cross-model evaluation (Table 1). We com-
pare multiple multimodal foundation models with
identical inputs and prompts to quantify consis-
tency in hierarchy induction and semantic graph
construction under strict matching.

Ablations (Table 2). Using a single model,
we vary inputs (image; caption+context; im-
age-+caption+context) and provided representa-
tions (VLH, SG, SSG) to isolate component ef-
fects.

Traceability analysis. A visualized QA case
study in Appendix Figure B.1 shows that VLH
enables precise back-tracing from answers to sup-
porting nodes and evidence.



4.2 Metrics

We evaluate (i) VLH structure extraction
with Node-type macro-F1 and Edge-F1, (ii)
SG/SSG construction with set-based triplet Preci-
sion/Recall/F1, and (iii) diagram QA with BLEU
and ROUGE-L.

Notation. Let a diagram have a gold VLH with
node set N and directed parent—child edge set £.
Let N and € denote predicted nodes and edges.
Let 7°C and 7°€ be gold and predicted SG triplet
sets, and 755C and T°5C be gold and predicted
SSG item sets.

Exact matching and normalization. For
graph items containing text fields (heads/tails in
SG/SSG), we normalize mentions by (1) trimming
leading/trailing whitespace and (2) collapsing mul-
tiple spaces into one, while keeping case and punc-
tuation unchanged. All set intersections below use
exact equality after this normalization.

Unified set-based Precision/Recall/F1. For
any gold set A and predicted set A, we compute

o AN A
P( 7A) = ~ ) (1a)
|A]
- JAN A
R(A, A) = : 1b
(A, A) ] A A (1b)
FL(AA) = 2 P(A, A) R(A, A) (o

P(A,A) + R(A,A)

To provide a more comprehensive evaluation of
the diagram parsing performance, we apply this
unified metric to evaluate the various structural
dimensions of the diagrams. Specifically, we re-
port Node-F1 and Edge-F1 to assess node typing
and edge recovery within the Visual Layout Hierar-
chy (VLH). For semantic triplet extraction in both
Scene Graphs (SG) and Situated Scene Graphs
(8SG), we report the full suite of Precision, Re-
call, and F1-score. Detailed formal definitions for
each task-specific instantiation are provided in Ap-
pendix A.

4.3 Cross-model Evaluation on Structure,
SG, and SSG Construction

Table 1 summarizes module-wise evaluation
across foundation models for VLH structure ex-
traction, SG construction, and SSG construction.
VLH is relatively stable across models. Struc-
ture extraction yields comparatively high Node-
type F1 and Edge-F1 across models, indicating

that layout-induced hierarchy can be reliably in-
duced from visual layout cues and reading conven-
tions.

Graph construction remains the bottleneck.
SG F1 is consistently lower than VLH scores, re-
flecting the difficulty of extracting correct seman-
tic relations among heterogeneous terminal units.
SSG is further harder than SG because it requires
both semantic correctness and correct node attach-
ment under a normalized inventory.

SSG exposes grounding failures beyond se-
mantic errors. The gap between SG and SSG in-
dicates additional error modes, including incorrect
assignment of entity mentions to nodes, attach-
ment inconsistency across modules, and relation
normalization mistakes. These results motivate a
controlled study of how different inputs and inter-
mediate representations affect downstream QA.

4.4 Ablations over Raw Inputs and
Representation Variants

Table 2 reports ablations over raw inputs and rep-
resentation variants using a single fixed model.

Effect of raw inputs. Caption plus context
improves language-heavy questions because many
answer strings are explicitly stated in the paper
text. Image-only inputs remain competitive when
questions depend on visual layout cues, module
boundaries, and connector-mediated transitions.
Combining image with caption plus context yields
the best overall performance, showing that visual
structure and textual evidence are complementary.

Effect of VLH. Providing VLH improves Q3
and Q4 because the hierarchy constrains the can-
didate space to the relevant module and reduces
cross-module confusion when similar tokens recur
in multiple regions.

SG versus SSG. SG helps relation-centric ques-
tions by explicitly exposing candidate triplets, but
it can still mix instances across modules when
the structure is implicit. SSG strengthens con-
sistency by enforcing node attachment and nor-
malized relations, which is especially beneficial
for questions that require traceability and module-
consistent grounding.

4.5 Summary

Overall, the experiments show that a reliable lay-
out hierarchy forms a strong backbone, while se-
mantic graph construction remains the primary
challenge. = The ablations confirm that VLH
contributes by enforcing hierarchical constraints



Table 1: Module-wise evaluation across foundation models. We report Node-type F1 and Edge-F1 for VLH
structure extraction, and Precision / Recall / F1 for SG construction and SSG construction.

N Structure extraction (VLH) | SG construction (SG) | SSG construction (SSG)
| Node-F11 Edge-F11 Pt Rt FIt | Pt Rt F11
GPT-5-mini 0.861 0.413 0.546 0.482 0.514 | 0.699 0.636  0.668
GPT-5-nano 0.712 0.345 0.538 0.474 0.506 | 0.685 0.622  0.654
GPT-5.1 0.936 0.619 0.586 0.518 0.552 | 0.748 0.676  0.712
Gemini-3 0.921 0.618 0.532 0.468 0.499 | 0.674 0.611 0.643
Qwen3-VL-235B 0.420 0.310 0.540 0476 0.508 | 0.681 0.618  0.649
Qwen2.5-VL-32B 0.743 0.367 0.387 0310 0.349 | 0.415 0.333 0374
DeepSeek-VL2 0.280 0.220 0.333 0.258 0.296 | 0.402 0.317  0.360
Claude Haiku 4.5 0.858 0.407 0.555 0.489 0.522 |0.701 0.636  0.669

Table 2: Ablations over raw inputs and representation variants. We use a single model and report BLEU and
ROUGE-L by question type (Q1-Q4) and the macro average (AVG).

Raw inputs | Representation | BLEU by question type | ROUGE-L by question type
Setting Image Cap+Ctx | VLH SG SemSG | Q1 Q2 Q3 Q4 AVG| Q1 Q2 Q3 Q4 AVG
S1 v - - - - 1058 079 032 067 0.59]0.76 0.83 0.53 0.81 0.73
S2 v - - — 1089 091 0.14 062 064|092 089 038 075 0.73
S3 v/ - - v - 1090 0.62 0.12 0.61 056|092 096 038 0.76 0.75
S4 v - o/ — 1090 028 0.14 0.67 050|091 097 039 0.78 0.76
S5 v - - v 092 094 035 0.66 0.72 | 0.89 0.89 0.56 0.81 0.79
S6 - v - - - |028 087 0.18 041 044|046 091 039 0.60 0.59
S7 - v - - 1079 091 0.09 059 060 |0.85 0.87 037 0.69 0.70
S8 - v - v - 1077 096 0.13 0.60 062|079 0.93 038 0.73 0.71
S9 - v ooV - 1084 099 0.12 056 062|087 097 037 072 0.73
S10 - v voo- v 085 098 0.39 0.65 0.72 |0.87 0.97 0.55 0.75 0.79
Si1 v v - - — |06l 092 037 066 064|079 0.89 055 0.82 0.76
S12 v v - - 1086 094 0.14 059 0.63 |090 091 038 0.73 0.73
S13 v v - v/ - 086 096 0.16 0.62 065 |0.89 091 039 0.76 0.74
S14 v v oo/ - 1090 097 0.17 0.61 0.66 |0.93 094 039 0.75 0.75
S15 v v - v 091 098 038 0.72 0.75|0.93 0.96 0.57 0.80 0.82

and module locality, and SSG further improves
faithfulness through node-attached semantics and
evidence-consistent grounding. These findings
support SciVSG as a practical intermediate rep-
resentation for diagram-centric knowledge extrac-
tion and question answering.

5 Conclusion

We tackle scientific diagram understanding, where
complex layouts and weak grounding make ex-
traction and reasoning hard to verify. We pro-
pose SciVSG, a unified visual-semantic represen-
tation that combines a layout backbone with node-
grounded semantics: it first builds a Visual Layout
Hierarchy (VLH) from layout cues and reading or-
der, then attaches verifiable node evidence (local-
ized OCR and aligned caption/context snippets),
and finally constructs a node-grounded Semantic
Scene Graph (SSG) with typed entities and nor-

malized relations under strict evidence constraints.
Experiments on our benchmark show that SciVSG
improves diagram knowledge extraction and pro-
duces more reliable, evidence-attributable answers
for diagram QA.

Limitations

SciVSG still has limitations, notably it does not
directly handle charts, which require specialized
parsing of axes, scales, and data series. Looking
forward, two practical directions are as follows.

(i) building robust detectors for the basic visual
units defined by SciVSG to enable scalable, auto-
matic construction;

(ii) strengthening cross-source grounding by
tighter alignment between figure regions and pa-
per text/tables, supporting broader coverage and
more complete scientific interpretation.
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A Appendix A: Evaluation Metrics

In this section, we provide the formal mathemat-
ical definitions for the metrics discussed in Sec-
tion 4.2. Following the unified Precision/Recall/F1
framework defined in Eq. 1, we specify the truth
sets (A) and predicted sets (/1) for each task-
specific instantiation to ensure a comprehensive
evaluation of both structural and semantic parsing.

VLH Node-type macro-F1. We measure node
typing as a per-class set matching problem. For
each node type ¢ € C, define

Ac={neN :y(n)
A, ={neN :g(n)

ct,
c}.

We compute F'1. = F1(A., A.) by Eq. (1c) and
report the macro average:

2

1
Node-F1 = — Y Fl,. 3)
|C| ceC
VLH Edge-F1. Edge-F1 evaluates recovery of

directed parent—child relations. Let A = & and
A = &; Edge-Fl is F'1(A, A) by Eq. (1c).

SG Triplet-F1. Each SGitem is a triplet (h, 7, t).
Let A = 756 and A = T5C, SG Preci-
sion/Recall/F1 are computed by Eq. (1) under ex-
act triplet matching after mention normalization.

SSG Triplet-F1 with node attachment. Each
SSG item is (h,r,t, up, ut), where uy, and wu; are
the VLH node ids to which the head and tail men-
tions are attached. Let A = 7°5C and A =
755G SSG Precision/Recall/F1 are computed by
Eq. (1). This metric is stricter than SG because a
prediction is correct only when both the semantic
triplet (h,r,¢) and the node attachments (up, u;)
match exactly.

B Appendix B: Visual Layout Hierarchy
Induction Algorithm
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Algorithm 1 Layout-induced VLH construction
(rule-based, annotation-driven)

Require: Diagram image I, annotated regions R
with types and boxes, fixed decision rules D
Ensure: VLH tree 7
P <« {r e R | type(r)
{TextBlock, Icon, Image, Connector}}
2: G« {r € R | type(r) = Branch node}
if ISATOMICDIAGRAM(P, D) then
Create a single root node v with type(v) €
{Image, Icon} covering the diagram
return 7 < {v}
6: end if
Create root branch node Gy covering the full
diagram; initialize 7 < {Go}
g — MERGEANDRESOLVECON-
FLICTS(G, D) > merge near-duplicates,
resolve heavy overlaps by fixed rules

S

9: BUILDBRANCHBACKBONE(T, Gy, G, D) ©
assign parent by minimal geometric contain-
ment

10: for all p € P do

11: a — SMALLESTCONTAINING-
BRANCH(p,G U {Go})

12: AddpasachildofainT

13: end for

14: if NORELIABLEBRANCHNODES(G, D) then

15: Remove internal branch node structure; at-
tach all p € P directly under Gy

16: end if

17: Stop rule: never expand terminal primitives
> VLH depth is not fixed; expansion ends at
primitives

18: return T




Table B.1: Benchmark coverage across four diagram genres. Counts are curated from an initial pool of 18760
candidates extracted from approximately 30000 papers.

Diagram genre English Chinese Total Typical cues
Process Diagrams 170 170 340 stage blocks, ordered arrows, step titles
Structural Diagrams 155 155 310 part to whole nesting, component labels, callouts
Interaction Diagrams 135 135 270 relation-dense arrows, typed links, direction cues
Composite Diagrams 140 140 280 multi-module layout, panel boundaries, mixed substructures
Total 600 600 1200

Table B.2: Question answering statistics and verification constraints. The reported counts are placeholders and
will be updated with the final benchmark release.

QA category Per- Total Answer form Verification rule
diagram
avg.
Q1 Entity 2.0 2400 entity mention string exact match to entity and evidence span
Q2 Relation 2.0 2400 relation label exact match to relation and evidence
span
Q3 Hierarchical 1.0 1200 module identifier plus path exact substring match in allowed
trace sources, full path completeness
Q4 Hierarchy 1.0 1200 short answer or matchable span exact substring match in allowed
helpful sources, module-consistent evidence
Total 8.0 7200
(= o o )
@ Question This is an example diagram ) S—
) o Context: The figure depicts an LLM-centric || pamptumpme| | | DOUsomie |y yp |y Ve |G
In the figure, considering || pipeline. LLM1 generates the Draft scenario heLE ) represertation TPTIEMN || gt rprasaiation
LLM1 and LLM3 only, representation from Scenario DSL and traffic T 9
what are their rules via a knowledge extraction prompt. After Lns) o
o o validation, the Validated representation is Scenario DSL Traffic | [ LLM1 mpt rompt template LLM3
re]atnonst;np; o _ea«t:E paired with the Syntax alignment prompt o e | | chaiEm LF Taaen | |
OCPETERETED [ e template (TABLE V), and LLM3 produces the -
pipeline? e Knowledge Extraction Knowledge Syntax Alignment
\_ Validation )
& Context&Scene Graph o= SciVSG
Context:

The figure depicts an LLM-centric pipeline. LLM1 generates the Draft scenario
representation from Scenario DSL and traffic rules via a knowledge extraction

prompt. After the Validated rep is paired with the Syntax
alignment prompt template (TABLE V), and LLM3 produces the scenario
representation.

Triples:

*  <Knowledge validation prompt template, Used For, LLM2>
<Syntax alignment prompt template, Used For, LLM3>
<LLM3, Produce, Scenario representation>
<LLMI, Used For, Draft scenario representation>

—* Pointl
= Point2

—> Point3

Scenario
representation

.! Answer: - ) :

. . aft scenas

Pointl: <LLM3, Produce, Scenario representation> LLM1 —> re;ﬁgf:;;s B-Node 4 LLM3 —
Point2: <LLM1, Used For, Draft scenario representation> i — .

Validated representation

1| Evidencel: {<source: B-Node4, ...Span: the Validated represent-
1| ation is paired with the Syntax ...>
1

: {} Children Node

1| Evidence2: <source: B-Node3, ... Span: The region is a larger
! block with a nested sub-block containing “Validated representa-
tion.” An arrow from this sub-block points to LLM3....>}

" Answer:

}

I

I

1 Point]: <LLM3, Produce, Scenario representation>

| Point2: <LLM1, Used For, Draft scenario representation>
D T e e e e e e e -~
1 1
I

I

|

-
v Point3: <Validated representation, Used For, LLM3>

_______________

Figure B.1: Illustration of the traceable QA process in SciVSG. Qualitative comparison: We compare a Context
& Scene Graph representation with SciVSG on an example diagram-based QA instance. Under the same question,
the context-plus-graph setting recovers only Pointl and Point2, supported by textual cues and the corresponding
extracted relations. In contrast, SciVSG additionally enables Point3 by exploiting the module-level hierarchy
induced from diagram layout, which constrains reasoning to the correct structural scope and exposes a module-
specific dependency missed by the baseline. Moreover, SciVSG offers fine-grained traceability: each predicted
point is linked to the relevant VLH module, localized to the corresponding diagram region, and justified by an
explicit evidence span aligned from node-attached text sources.
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