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Abstract

Scientific diagrams convey explicit structural
information, yet modern text-to-image models
often produce visually plausible but structurally
incorrect results. Existing benchmarks either
rely on image-centric or subjective metrics in-
sensitive to structure, or evaluate intermediate
symbolic representations rather than final ren-
dered images, leaving pixel-based diagram gen-
eration underexplored. We introduce SciFlow-
Bench, a structure-first benchmark for eval-
uating scientific diagram generation directly
from pixel-level outputs. Built from real scien-
tific PDFs, SciFlow-Bench pairs each source
framework figure with a canonical ground-truth
graph and evaluates models as black-box im-
age generators under a closed-loop, round-trip
protocol that inverse-parses generated diagram
images back into structured graphs for compar-
ison. This design enforces evaluation by struc-
tural recoverability rather than visual similarity
alone, and is enabled by a hierarchical multi-
agent system that coordinates planning, per-
ception, and structural reasoning. Experiments
show that preserving structural correctness re-
mains a fundamental challenge, particularly for
diagrams with complex topology, underscoring
the need for structure-aware evaluation.

1 Introduction

As structured artifacts, scientific diagrams encode
methods, architectures, and workflows through ex-
plicit components and directed relations. Unlike
natural images, where aesthetic realism is often
the primary objective, scientific diagrams are func-
tional artifacts designed to convey explicit logi-
cal structure, including functional components, di-
rected dependencies, and global information flow.
Faithful diagram generation therefore requires pre-
serving underlying structure in addition to pro-
ducing visually plausible layouts. Despite rapid
progress in text-to-image generation (Rombach
et al., 2022; Saharia et al., 2022; Betker et al.,
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Figure 1: Motivation and comparison between exist-
ing diagram benchmarks and SciFlow-Bench. Left:
Image-centric evaluation may assign high scores to vi-
sually plausible diagrams that contain structural errors.
Right: SciFlow-Bench adopts a structure-first evalua-
tion by inverse-parsing generated diagrams into graphs
and measuring structural recoverability.

2023), modern diffusion-based models frequently
struggle with scientific diagrams. Given textual
descriptions, they often produce images that appear
visually coherent but contain structural errors, such
as missing components, hallucinated labels, or se-
mantic inconsistencies between textual annotations
and arrow directions (Cho et al., 2023; Chen et al.,
2023). These errors undermine the communicative
function of diagrams and pose challenges for both
automated analysis and human interpretation.
Most existing benchmarks fail to adequately cap-
ture such failures. Many rely on image-level sim-
ilarity metrics or subjective judgments that are
largely insensitive to logical organization and di-
rected structure (Hessel et al., 2021; Lin et al.,
2024). Others evaluate intermediate symbolic rep-
resentations rather than the final rendered diagram
image (Liang and You, 2025; Wang et al., 2025),
bypassing the ambiguities and failure modes intro-
duced during pixel-level generation. As a result, ex-
isting evaluation protocols lack a principled mech-
anism to test whether a generated diagram image
can be structurally recovered into a coherent rep-
resentation consistent with the source framework
figure. Recent benchmarks targeting scientific il-
lustration, such as SridBench (Chang et al., 2025),



further highlight the need for structure-aware eval-
uation under realistic scientific settings at scale. As
illustrated in Figure 1, this limitation gives rise to a
visual illusion in current evaluation paradigms. Dia-
grams that appear professional and well-organized
at the pixel level may receive high scores under
image-centric metrics, even when they contain crit-
ical logical errors such as reversed dependencies,
missing methodological steps, or unsupported con-
nections that break the underlying execution logic.
To address this gap, we introduce SciFlow-Bench,
a new benchmark designed to evaluate scientific
diagram generation under a structure-first criterion,
directly from pixel-level outputs.

SciFlow-Bench is constructed from real-world
scientific PDFs and treats models as black-box im-
age generators evaluated solely on their final ren-
dered diagram images. Each source framework fig-
ure is paired with a canonical ground-truth graph
encoding functional components and directed re-
lations, which is automatically constructed by a
hierarchical multi-agent system inspired by recent
agentic reasoning frameworks (Wu et al., 2024; Li
et al., 2023a). During evaluation, the same system
inverse-parses generated diagram images into pre-
dicted graphs, forming a unified round-trip protocol
from textual descriptions to pixels and back to struc-
tured representations in a deterministic pipeline.
This design evaluates structural recoverability by
measuring whether a rendered diagram preserves
the logical relations required for reliable automated
or human reconstruction, rather than relying on
visual similarity alone as the sole criterion.

Our contributions are summarized as follows:

* We identify structural recoverability as an
underexplored failure mode in pixel-based
scientific diagram generation, exposing a vi-
sual illusion where visually plausible outputs
fail to preserve recoverable graph-level struc-
ture, motivating a structure-first evaluation
paradigm beyond image-centric similarity.

* We introduce SciFlow-Bench, a benchmark of
500 real-world scientific diagrams spanning
five major research domains. SciFlow-Bench
pairs source framework figures with canonical
ground-truth graphs and operationalizes eval-
uation via a hierarchical multi-agent system
(HMAS) that enables consistent round-trip
graph construction and deterministic inverse
parsing across evaluation stages.

* Through systematic and extensive evaluation

of code-driven, diffusion-based, and autore-
gressive vision—language models, we empir-
ically demonstrate a pronounced decoupling
between visual fidelity and structural reason-
ing, particularly for diagrams with complex
topology, underscoring structure-awareness as
a central challenge for scientific multimodal
generation in realistic scenarios.

2 Related Work

Text-to-Image Models for Diagrams. Modern
text-to-image generation is dominated by diffusion-
based models, including latent diffusion (Rom-
bach et al., 2022) and large-scale variants such
as SDXL (Podell et al., 2023), PixArt-> (Chen
et al., 2024), and Qwen-Image (Wu et al., 2025),
while proprietary systems such as Gemini further
improve prompt adherence through large language
encoders (Team et al., 2023). Despite strong vi-
sual fidelity, prior studies consistently report limita-
tions in modeling long-range dependencies, precise
spatial relations, and text object binding in scien-
tific diagrams, leading to structural errors such as
missing components or incorrect connections (Lian
et al., 2023; Feng et al., 2024). These observations
highlight that visual realism alone is insufficient for
faithful diagram generation, and that preserving ex-
plicit structural relations remains a core challenge.

Evaluation of Generated Images. Evalua-
tion of image generation commonly relies on
distribution-level metrics such as FID (Heusel et al.,
2017) and IS (Salimans et al., 2016), or image text
alignment measures such as CLIPScore (Hessel
et al., 2021). While effective for assessing real-
ism and coarse semantic relevance, these metrics
are largely insensitive to relational and topologi-
cal structure. Compositional benchmarks such as
T2I-CompBench (Huang et al., 2023) incorporate
limited attribute binding and spatial relations, but
do not model the directed and hierarchical depen-
dencies that are fundamental to scientific diagrams.
As aresult, existing evaluation protocols fail to cap-
ture whether a generated diagram image explicitly
preserves the structural logic required for reliable
interpretation or faithful reconstruction.

Diagram Benchmarks. Prior diagram bench-
marks typically emphasize a single evaluation
modality, often sacrificing at least one of pixel-
level assessment, explicit topology, or determin-
istic structural metrics. Understanding-oriented
benchmarks such as DocVQA (Mathew et al.,
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Figure 2: Overview of the SciFlow-Bench framework. A unified round-trip evaluation pipeline based on a hierar-
chical multi-agent system that constructs canonical ground-truth graphs from source framework figures and recovers
predicted graphs from generated diagram images. By inverse-parsing pixel-level outputs into structured graphs, the
same pipeline supports both dataset construction and structure-first evaluation via structural recoverability.

2021), ChartQA (Masry et al., 2022), and
PlotQA (Methani et al., 2020) primarily focus on
perception and reasoning over given figures, rather
than evaluating the structural fidelity of generated
diagram images. Code-centric benchmarks such as
DiagramEval (Liang and You, 2025) enable precise
verification through symbolic layouts, but bypass
pixel-level generation and its associated ambigu-
ities. Consequently, existing benchmarks do not
jointly assess visual realizability and structural cor-
rectness directly from pixels.

The closest prior work in evaluation philosophy
is VPEval (Cho et al., 2023), which evaluates dia-
gram relations through visual question answering.
However, its reliance on manual annotations limits
scalability and constrains coverage. In contrast,
SciFlow-Bench evaluates pixel-based scientific dia-
gram generation through inverse parsing, enabling
scalable and deterministic comparison between pre-
dicted graphs reconstructed from generated dia-
gram images and canonical ground-truth graphs
derived from real source framework figures.

3 SciFlow-Bench Framework

3.1 Problem Formulation and Overview

SciFlow-Bench evaluates text-to-image models for
scientific diagram generation under a structure-first
paradigm, defining diagram quality by structural re-
coverability rather than visual similarity. The task
is formulated as a round-trip evaluation with two
coupled stages. Given a source paper P, a canoni-

cal ground-truth graph G* is constructed from its
source framework figure using a graph-based rep-
resentation adopted in prior work (Johnson et al.,
2015; Schuster et al., 2015). Given a method de-
scription from the same paper, a model generates
a diagram image I, which is inverse-parsed into a
predicted graph G. Performance is evaluated by
comparing G and G* in structured graph space.
Figure 2 illustrates this round-trip paradigm. To
support canonical graph construction and inverse
parsing, SciFlow-Bench adopts a three-layer hier-
archical design consisting of cognitive planning,
fine-grained perception, and structural reasoning.
This design follows a planning, perception, and
reasoning decomposition adopted in agentic frame-
works (Yao et al., 2022; Wang et al., 2023).

3.2 Hierarchical Multi-Agent Pipeline

The hierarchical multi-agent pipeline serves as the
evaluation infrastructure of SciFlow-Bench, provid-
ing a unified and deterministic mechanism for both
canonical graph construction and inverse parsing
of generated diagram images. The same pipeline
is applied consistently during dataset construction
and benchmark evaluation, ensuring strict consis-
tency and reproducibility across all experimental
stages throughout the framework.

Cognitive Planning. The cognitive planning
layer consists of two agents. The Methodologist
extracts method-related passages from a source pa-
per P, producing a normalized method description.



The Visual Translator converts this description into
a structured visual prompt specifying diagram com-
ponents, relations, and stylistic constraints. This
prompt is shared across all text-to-image models
without manual tuning, ensuring consistency.

Fine-Grained Perception. The perception layer
adopts a parallel multi-branch design followed by
centralized fusion. Three agents, the Environment
Curator, Shape Hunter, and Text Spotter, operate
concurrently on either a source framework figure
during dataset construction or a generated diagram
image I during evaluation. The Environment Cu-
rator infers global layout flow. The Shape Hunter
performs hierarchical coarse-to-fine visual segmen-
tation to recover functional regions and node-level
components (Lin et al., 2017). In parallel, the Text
Spotter applies OCR to extract textual elements
missed by visual segmentation. All perceptual
outputs are written to a shared blackboard follow-
ing the classical blackboard architecture (Penny,
1986). The Fusion Arbiter integrates these signals
by resolving overlaps, grounding identities via spa-
tial alignment, and removing redundant elements,
yielding a consolidated set of grounded nodes.

Structural Reasoning. The structural reason-
ing layer converts grounded perceptual entities into
explicit topology. The Topology Coder emits a sym-
bolic intermediate representation in Mermaid that
specifies directed relations under a strict “what-
you-see-is-what-you-write” policy, enforcing ex-
plicit connectivity decisions and reducing unsup-
ported relations (Li et al., 2023b; Chen et al., 2022).
The Graph Architect parses this representation and
grounds abstract identifiers to concrete node in-
stances, yielding a structured graph with nodes,
edges, hierarchical grouping, and layout metadata.
The resulting graph is instantiated as the canonical
ground-truth graph G* during dataset construction
or as the predicted graph G during evaluation.

3.3 Structure-Aware Evaluation

Generated diagram images are evaluated by com-
paring reconstructed structured representations
against canonical ground-truth graphs, rather than
relying on pixel-level similarity alone. All metrics
operate in structured graph space, are normalized
to the range [0, 1], and fall into three categories,
namely graph-level, text-level, and image-level
metrics, which capture structural correctness, se-
mantic faithfulness, and overall visual consistency.

Graph-level evaluation assesses whether the
topology recovered from a generated diagram im-

age matches the canonical graph. Since predicted
and reference graphs do not share identifiers, nodes
are matched based on semantic similarity of textual
descriptions, with fallback to coarse type informa-
tion when text is unavailable. Node-level preci-
sion and recall measure component recovery, while
edge-level evaluation focuses on directed depen-
dencies. A predicted edge is considered correct
only if its endpoints correspond to a valid directed
relation in the canonical graph, explicitly penaliz-
ing missing, reversed, or unsupported connections.
Structural correctness is summarized using node-
and edge-level precision, recall, and F1 scores, with
greater emphasis placed on relational accuracy.
Text-level and image-level evaluations capture
complementary aspects beyond topology. Text-
level evaluation examines whether the predicted
graph reflects the structured visual prompt by as-
sessing component recovery, prompt support to
penalize hallucinated elements, and higher-level
alignment in module presence, hierarchical orga-
nization, and overall process flow. Image-level
evaluation focuses on visual properties not fully
explained by topology alone, measuring semantic
relevance to the prompt using CLIP-based similar-
ity, perceptual and coarse layout similarity to the
source framework figure using LPIPS, and visual
flow consistency related to arrow directionality and
spatial ordering using a vision-language model.
The final leaderboard score aggregates three eval-
uation metrics, with graph-level correctness receiv-
ing the highest emphasis. This structure-first design
prevents visually plausible but structurally inconsis-
tent diagrams from achieving high scores. Concrete
metric definitions, weighting choices, and imple-
mentation details are provided in Appendix A.

4 Dataset and Validation

4.1 Data Collection

The benchmark is constructed from real-world sci-
entific framework figures collected from arXiv pa-
pers published in 2025. Each benchmark instance
is anchored to a single source paper and consists of
a source framework figure together with a canon-
ical ground-truth graph. This pair serves as the
structural reference for all downstream evaluation
tasks. Canonical ground-truth graphs are automati-
cally constructed from source framework figures by
the hierarchical multi-agent system. We treat graph
construction as an integral part of data collection
rather than a separate preprocessing stage. No man-



Domain Node Prec. Node Rec. Node F1 Edge Prec. Edge Rec. Edge F1
Computer Vision 0.88 0.93 0.89 0.65 0.67 0.65
NLP 0.92 0.97 0.94 0.77 0.86 0.81
Machine Learning Theory 0.87 0.92 0.89 0.58 0.72 0.62
Integrated Circuits 0.93 0.96 0.94 0.74 0.79 0.76
Robotics 0.83 0.96 0.88 0.69 0.81 0.72
Overall 0.89 0.95 0.91 0.69 0.77 0.71

Table 1: Annotation reliability between HMAS and human verification. Agreement between the automated
HMAS pipeline and human-verified ground-truth graphs on 100 source framework figures. Node-level and edge-
level Precision, Recall, and F1 are computed based on exact identity consistency to quantify annotation reliability.
These scores are reported separately from benchmark evaluation metrics.
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Figure 3: Benchmark statistics of SciFlow-Bench. (a) Domain distribution across research areas. (b) Distribution
of structural difficulty levels defined by graph size and relational complexity. (c) Long-tailed distributions of node
and edge counts, reflecting substantial structural complexity in real-world scientific diagrams.

ual filtering, redrawing, or diagram simplification
is applied. In particular, ambiguous or implicitly
defined relations present in the original figures are
preserved. This design retains the natural diversity
and structural complexity of scientific diagrams
and ensures that all evaluations are conducted un-
der consistent and reproducible conditions.

4.2 Annotation Quality and Reliability

We conduct a human verification study on a strati-
fied subset of 100 source framework figures, evenly
distributed across five domains. For each figure,
trained master’s-level annotators in computer sci-
ence review and refine the canonical ground-truth
graph produced by the automated pipeline, yield-
ing a human-verified graph under the same anno-
tation schema and guidelines. Verification follows
a human-in-the-loop protocol commonly adopted
in recent diagram benchmarks (Chang et al., 2025;
Liang and You, 2025). Importantly, annotators
edit the automatically extracted graph rather than
constructing a graph from scratch. This design
preserves node and edge identities and enables
identity-consistent comparison. Verification is per-
formed using a custom web-based interface (Ap-
pendix B) for efficient and consistent graph editing.

Agreement is measured based on exact iden-

tity consistency. Nodes and edges retained af-
ter verification are treated as correct, while re-
moved or newly added elements are counted as mis-
matches. Node-level and edge-level precision, re-
call, and F1 scores are reported following standard
graph-structured evaluation practices (Gao et al.,
2010). As shown in Table 1, the automated pipeline
achieves strong agreement with human verification,
with an overall Node-F1 of 0.91 and Edge-F1 of
0.71. Node recall remains high across domains,
indicating that most expert-confirmed components
are already recovered automatically. Edge-level
performance is lower, reflecting the inherent diffi-
culty of recovering directed relations in complex
scientific diagrams. Representative discrepancy
cases are analyzed qualitatively in Appendix C.

4.3 Benchmark Statistics and Coverage

Based on the verified dataset, we report overall
statistics of SciFlow-Bench in Figure 3. The bench-
mark contains a total of 500 instances constructed
from source framework figures in arXiv papers
published in 2025. These instances span five
major research areas, including Computer Vision
(35%), Natural Language Processing (25%), Ma-
chine Learning Theory (15%), Integrated Circuits
(15%), and Robotics (10%), reflecting the distri-



Benchmark Evaluated Paradigm  Pixel-Level Eval

Explicit Topology

Multi-Modal Alignment  Deterministic Metrics

MermaidBench Code X
DiagramEval Code X
SridBench Diffusion v
Paper2SysArch Agent v
SciFlow-Bench (Ours) Diffusion v

X v

X
Model-based

X

v

AX X NN
N X XN

Table 2: Comparison with recent benchmarks for scientific diagram generation and evaluation. SciFlow-Bench
uniquely integrates pixel-level evaluation, explicit graph-level topology, and deterministic metrics within a single
unified framework, enabling structure-first assessment directly from generated diagram images.

bution of contemporary Al research. Structural
difficulty is characterized by the size and relational
complexity of the canonical graphs, including node
count, branching density, and hierarchical organi-
zation. Over 70% of diagrams exhibit non-linear
structures, indicating substantial topological com-
plexity. Node and edge count distributions fur-
ther exhibit clear long-tailed behavior, consistent
with prior observations of complex real-world sys-
tems (Zipf, 2016). Together, these statistics demon-
strate that SciFlow-Bench captures both the diver-
sity and structural richness of real scientific frame-
work figures, providing a challenging testbed for
evaluating structure-aware diagram generation.

4.4 Comparison with Prior Benchmarks

Recent benchmarks proposed between 2024 and
2025 adopt diverse design choices in structural su-
pervision and evaluation scope. As summarized
in Table 2, code-centric benchmarks such as Di-
agramEval (Liang and You, 2025) and Mermaid-
Bench (Wang et al., 2025) evaluate intermediate
symbolic representations, enabling explicit topol-
ogy supervision and deterministic metrics, but by-
pass pixel-level generation. In contrast, image-
space benchmarks such as SridBench (Chang et al.,
2025) operate directly on generated diagram im-
ages and emphasize visual or semantic alignment,
yet do not explicitly recover or evaluate graph-level
structure from pixels. System-oriented approaches
such as Paper2SysArch (Guo et al., 2025) focus on
diagram construction pipelines rather than evalu-
ation and do not provide benchmark-style, deter-
ministic structural metrics. SciFlow-Bench com-
plements these efforts by unifying pixel-level eval-
uation, explicit graph-level topology, and determin-
istic structural metrics within a single round-trip
protocol. By evaluating structural recoverability
directly from generated images, SciFlow-Bench
occupies a previously unexplored position in the
benchmark design space and enables aligned as-
sessment across image, text, and topology.

S Experiments

5.1 Experimental Setup

We evaluate representative baselines spanning code-
driven layout generation and end-to-end pixel-
based diagram synthesis under a unified evaluation
protocol. Across all experiments, the input source
paper, structured visual prompt, and inverse parsing
pipeline are held fixed, ensuring that performance
differences arise solely from the generation mod-
els. As a structure-oriented reference, we include
a code-driven Graphviz pipeline, where GPT-40
converts the method description into DOT code
and Graphviz deterministically renders it into an
image. This baseline provides explicit topology
and deterministic layout, serving as a diagnostic
reference rather than a direct competitor to pixel-
based generators, consistent with prior symbolic
evaluation settings (Liang and You, 2025; Wang
et al., 2025). We further evaluate pixel-based mod-
els covering both open-source diffusion systems
and commercial generators, including Stable Diffu-
sion XL (Podell et al., 2023), PixArt-> (Chen et al.,
2024), Qwen-Image (Wu et al., 2025), and Gem-
ini 2.5 Flash Image and Gemini 3 Pro Image (Team
et al., 2023). All pixel-based models are treated as
black-box generators and evaluated solely based on
their final rendered images, using official default
settings. Structured visual prompts are automat-
ically produced by the cognitive planning layer
and shared across all models without manual tun-
ing. All generated images are inverse-parsed into
predicted graphs using the same hierarchical multi-
agent parsing pipeline, ensuring fair and consistent
comparison across generation paradigms.

5.2 Main Results

5.2.1 Structural Performance Regimes

The evaluation results across diverse architectures
reveal a clear hierarchy in structural reasoning
performance. As summarized in Table 3, evalu-
ated systems cluster into three distinct performance



Baseline Model Type Sgraph Stext Simage Soverall
Easy Medium Hard Avg. Avg. Avg. Avg.
Graphviz (GPT-40—DOT) Code-driven 0.076 0.098 0.098 0.091 0359 0463 0.283
SDXL Diffusion 0.020 0.010 0.012 0.013 0.001 0271  0.087
PixArt-X Diffusion (DiT-based)  0.030 0.015 0.008 0.017 0.003 0.287  0.094
Qwen-Image Diffusion (MMDiT) 0.059 0.090 0.090 0.081 0243 0411 0229
Gemini 2.5 Flash Image Autoregressive VLM 0.077 0.119 0.117 0.106 0315 0458 0.274
Gemini 3 Pro Image Autoregressive VLM 0.079 0.129 0.135 0.116 0347 0535 0.311

Table 3: Main results on SciFlow-Bench across structural difficulty levels. Graph-level scores are reported
for Easy, Medium, and Hard subsets defined in Section 4.3, while text-level, image-level, and overall scores are
averaged over all samples. Graphviz is a code-driven reference with deterministic prompt-to-code mapping.

regimes based on their overall scores, reflecting dif-
ferent capabilities in handling scientific topology.

Limits of vanilla diffusion generative models.
Pure diffusion-based generators such as SDXL and
PixArt-X exhibit consistently weak structural re-
coverability in practice. Across all difficulty lev-
els, their graph-level scores remain close to zero,
despite achieving moderate image-level relevance.
This pattern indicates that optimization for pixel-
level distribution matching alone suffices to pro-
duce visually coherent layouts, but often fails to
reliably preserve directed dependencies or stable
node identities. As a result, vanilla diffusion mod-
els remain ill-suited for scientific diagrams, where
semantic correctness is primarily conveyed through
explicit structure rather than appearance.

Emergent multimodal grounding. In contrast,
open-source models with extensive multimodal
pre-training demonstrate markedly improved struc-
tural sensitivity. Qwen-Image achieves a multi-fold
improvement in average graph-level performance
over PixArt-X (from 0.017 to 0.081), substantially
narrowing the gap to the code-driven Graphviz
reference. Notably, this improvement is consis-
tent across Medium and Hard subsets, suggesting
that large-scale vision—language alignment enables
models to internalize implicit spatial and relational
priors. Although such models lack explicit sym-
bolic reasoning steps, their behavior indicates a
rudimentary form of structural grounding emerg-
ing from multimodal supervision alone.

Robustness of autoregressive architectures.
Autoregressive vision—language models define the
current upper bound across all evaluation dimen-
sions in SciFlow-Bench settings. Gemini 3 Pro Im-
age attains the highest overall score in Table 3,
maintaining a substantial margin over the strongest
open-source baselines. Importantly, its graph-level

performance improves monotonically with increas-
ing structural difficulty, rising from 0.079 on Easy
samples to 0.135 on the Hard subset. This trend
suggests that autoregressive scaling across modali-
ties yields more robust internal representations of
complex workflows, which are critical for synthe-
sizing diagrams that remain structurally consistent
under increasing topological complexity.

5.2.2 Visual Structural Dissociation

Despite steady improvements in visual quality,
SciFlow-Bench reveals a persistent gap between vi-
sual plausibility and structural recoverability. This
gap manifests consistently across model families,
where image-level scores often dominate graph-
level scores, indicating that visual realism alone
remains a poor proxy for structural correctness.
Across all evaluated systems, visual relevance
substantially outpaces recoverable structure. For
example, diffusion-based models such as SDXL
produce visually plausible diagrams while exhibit-
ing almost no recoverable topology under graph-
level evaluation. This discrepancy exposes a fun-
damental limitation of image-centric metrics such
as CLIP or LPIPS: they reward visual resemblance
without penalizing missing components, reversed
dependencies, or unsupported relations that funda-
mentally alter scientific meaning in practice. Analy-
sis across structural difficulty levels further reveals
a counterintuitive trend. While diffusion-based
models degrade steadily as complexity increases,
advanced systems such as Gemini 3 Pro Image
exhibit improved structural recoverability on the
Hard subset. This behavior suggests that struc-
turally complex diagrams are often accompanied
by richer textual descriptions, which top-tier vision—
language models can exploit to disambiguate re-
lations more effectively. Less capable models, by
contrast, are overwhelmed by increased topological
density and fail to maintain consistent connectivity.



EdgeP EdgeR Edge-F1 Diagnostic Score

Configuration Node P NodeR Node-F1
Full Parsing Pipeline (Ours) 0.90 0.96
w/o Shape Hunter 0.81 0.79
w/o Text Spotter 0.85 0.48

0.92 0.69 0.64 0.64 0.75
0.78 0.38 0.34 0.34 0.52
0.59 0.32 0.24 0.24 0.38

Table 4: Ablation study of the parsing pipeline on the human-verified subset. Pipeline outputs are compared to
human-verified graphs using identity-consistent node- and edge-level Precision, Recall, and F1. The Diagnostic
Score enables compact relative comparison among pipeline variants.

5.2.3 Symbolic Generative Trade-offs

Taken together, comparisons between symbolic
and generative paradigms highlight a fundamen-
tal trade-off between logical determinism and vi-
sual expressiveness. As a code-driven reference,
Graphviz achieves the strongest text-level faithful-
ness due to its deterministic mapping from method
descriptions to explicit topology. However, this de-
terminism constrains visual expressiveness and of-
ten results in rigid, less polished layouts in practice.
In contrast, pixel-based generative models produce
diagrams that are visually refined and closer to pub-
lication quality. Gemini 3 Pro Image achieves the
strongest image-level performance, but this flexi-
bility comes with increased logical uncertainty. Al-
though its text-level alignment remains competitive,
subtle structural inconsistencies, such as ambigu-
ous edge attachments, are frequently introduced
and visually smoothed over in the final rendering.

By grounding pixel-level outputs back into struc-
tured graph space, SciFlow-Bench provides a deter-
ministic mechanism for exposing such uncertainty.
Together, these results motivate a structure-first
evaluation axis that jointly considers visual real-
izability and topological correctness, preventing
visually plausible but structurally invalid diagrams
from achieving high rankings in practice.

5.3 Ablation Study

An ablation study is conducted to analyze the con-
tribution of individual components in the hierarchi-
cal parsing pipeline. This study is performed on
the human-verified subset and is intended solely to
diagnose the parser, not to improve or reinterpret
end-to-end benchmark scores. Three pipeline vari-
ants are evaluated: (i) without the Shape Hunter,
(i) without the Text Spotter, and (iii) the full
pipeline. Outputs are compared against human-
verified graphs using identity-consistent node- and
edge-level precision, recall, and F1 scores.

As shown in Table 4, removing the Shape Hunter
degrades structural completeness. Without hierar-
chical coarse-to-fine segmentation, the parser suf-

fers from under-segmentation, leading to a sharp
drop in edge recall and an overly sparse topol-
ogy (Lin et al., 2017). Ablating the Text Spot-
ter causes more severe degradation: node recall
drops from 0.96 to 0.48, and the diagnostic score
is nearly halved. Although some visual regions
can still be detected, the lack of textual ground-
ing prevents correct semantic identification and
propagates to widespread edge-level failures (Chen
et al., 2023). In contrast, the full pipeline achieves
the most balanced performance across all metrics.
These results confirm that the Shape Hunter and
Text Spotter provide complementary signals, and
that their integration through the Fusion Arbiter is
essential for constructing semantically grounded
and topologically faithful graph representations.

6 Conclusion

We present SciFlow-Bench, a structure-first bench-
mark for evaluating scientific diagram generation
directly from pixel-level outputs. By pairing real
source framework figures with canonical ground-
truth graphs and adopting a unified round-trip eval-
uation protocol, SciFlow-Bench enforces structural
recoverability as the central criterion for diagram
quality, rather than visual plausibility. Extensive ex-
periments across layout-driven, open-source, and
commercial text-to-image models show that pre-
serving structural correctness remains a fundamen-
tal challenge in practice, particularly for diagrams
with complex topology overall. These results high-
light a decoupling between visual fidelity and struc-
tural reasoning in multimodal generation models
under realistic settings. By grounding evaluation
in explicit graph-level structure reconstructed from
generated images, SciFlow-Bench provides a prin-
cipled and scalable framework for diagnosing struc-
tural failures that are invisible to image-centric met-
rics. We hope this benchmark helps establish struc-
tural recoverability as a core evaluation axis for
scientific diagram generation and supports the de-
velopment of multimodal systems that can reliably
reason about scientific structure.



Limitations

SciFlow-Bench adopts a structure-first evaluation
paradigm and therefore does not explicitly assess
fine-grained visual aesthetics such as stylistic pref-
erences or rendering quality. In addition, the bench-
mark focuses on framework-style scientific dia-
grams with explicit components and directed de-
pendencies, and does not cover all possible diagram
types. We leave broader diagram coverage and the
integration of aesthetic evaluation as future work.

Ethical Considerations

SciFlow-Bench is constructed from publicly avail-
able scientific papers and framework figures and
does not involve personal data or human subjects.
The benchmark is intended solely for research and
evaluation purposes, focusing on structural proper-
ties of generated diagrams rather than the content or
authorship of the source papers. We do not foresee
significant ethical risks arising from the use of this
benchmark, and all results should be interpreted in
a diagnostic context.
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A Evaluation Implementation Details

This appendix provides detailed implementation
details for the evaluation protocol described in Sec-
tion 3.3. All evaluation metrics strictly follow the
definitions in the main text. We describe concrete
algorithmic choices, representation formats, ag-
gregation strategies, and weighting schemes that
ensure reproducibility and faithful assessment of
structural recoverability from generated scientific
diagram images.

A.1 Graph-Level Metric Implementation

Graph-level evaluation measures whether the log-
ical topology reconstructed from a generated di-
agram image matches the canonical ground-truth
graph derived from the source framework figure.
Because predicted and reference graphs do not
share explicit identifiers, all comparisons are per-
formed via semantic matching.

Node Representation and Matching. Each node
is represented by a short textual description pro-
duced during inverse parsing, summarizing the se-
mantic role of the corresponding visual or textual
element. Semantic similarity between node descrip-
tions is computed using sentence-level embeddings.
Each description is encoded into a vector repre-
sentation using a pretrained sentence embedding
model, and similarity is measured using cosine sim-
ilarity. When textual descriptions are unavailable
or unreliable, coarse node type labels are used as
fallback representations to enable approximate se-
mantic matching.

A reference node is considered recovered if it
can be matched to at least one predicted node
whose semantic similarity exceeds a fixed thresh-
old. This asymmetric matching criterion is robust
to over-segmentation and duplicated predictions,
which frequently occur in pixel-based diagram gen-
eration.

Edge Matching. Edges represent directed de-
pendencies between nodes. Edge evaluation fol-
lows a path-aware semantic matching protocol. A
predicted directed edge is considered correct if
its source and target nodes can be semantically
matched to a pair of nodes in the canonical graph
such that a valid directed dependency exists be-
tween them.

To account for minor omissions of intermediate
nodes in complex diagrams, reachability along the
canonical graph topology is permitted. This allows
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a predicted dependency to be considered correct
if it preserves the overall directional logic, even
when fine-grained intermediate steps are skipped.
Predicted edges with incorrect directionality, un-
supported endpoints, or hallucinated relations are
counted as errors.

Graph-Level Aggregation and Weights. Graph-
level structural correctness is summarized using
node-level and edge-level precision, recall, and
F1 scores. To reflect the central role of relational
structure in scientific diagrams, edge-level F1 con-
tributes a larger proportion to the graph-level score
than node-level F1.

Specifically, node-level F1 contributes forty per-
cent of the graph-level score, while edge-level F1
contributes sixty percent. This weighting empha-
sizes preservation of directed dependencies over
isolated component detection. All graph-level ag-
gregation weights are fixed a priori and shared
across all evaluated models.

A.2 Text-Level Metric Implementation

Text-level evaluation measures consistency be-
tween the predicted graph and the structured visual
prompt generated by the cognitive planning layer.
This evaluation assesses whether the generated di-
agram faithfully reflects the intended components
and organization specified by the source paper.

Preprocessing and Filtering. To improve robust-
ness to OCR noise and spurious detections, pre-
dicted node descriptions are filtered to exclude iso-
lated characters, pure digits, and subfigure labels.
This preprocessing step reduces false positives that
do not correspond to meaningful diagram compo-
nents.

Coverage and Faithfulness. Semantic matching
between prompt components and predicted graph
nodes is performed using sentence embeddings
and cosine similarity, following the same matching
mechanism as node-level graph evaluation. Cov-
erage measures the fraction of prompt-specified
components that are recovered in the predicted
graph. Faithfulness measures the fraction of pre-
dicted components that are supported by the struc-
tured visual prompt, penalizing hallucinated ele-
ments.

Alignment. Beyond component-wise matching,
alignment captures higher-level structural con-
sistency, including agreement in module pres-
ence, hierarchical organization, and overall process



flow. Alignment is assessed using a fixed vision-
language model prompted to judge whether the pre-
dicted graph structure is globally consistent with
the prompt specification. The resulting score is nor-
malized to the unit interval. The vision-language
model used for alignment evaluation is GPT-4o.
Importantly, this evaluator model is fixed across
all experiments and is strictly decoupled from the
generation models under evaluation. In particu-
lar, GPT-40 is not used as a generation model in
SciFlow-Bench and is distinct from proprietary
generators such as Gemini 3 Pro Image. This de-
sign avoids self-evaluation and ensures consistent,
model-agnostic judgment of structural alignment.

Text-Level Aggregation and Weights. The text-
level score integrates coverage, faithfulness, and
alignment. Alignment contributes forty percent
of the text-level score to emphasize global or-
ganizational consistency. Coverage and faithful-
ness each contribute thirty percent, accounting for
component-level recall and hallucination control.
All text-level aggregation weights are fixed and
identical for all evaluated models.

A.3 Image-Level Metric Implementation

Image-level evaluation captures visual properties
not fully explained by recovered topology or
prompt alignment. These metrics assess whether a
generated diagram image is visually coherent, inter-
pretable, and consistent with the intended structure
at the pixel level.

Semantic Consistency. Semantic consistency be-
tween a generated diagram image and the struc-
tured visual prompt is measured using CLIP-based
similarity. The image and text are encoded into a
shared embedding space using a fixed image en-
coder and text encoder, and similarity is computed
via cosine similarity. This score reflects high-level
semantic alignment between visual content and the
intended diagram description.

Perceptual and Layout Similarity. Perceptual
similarity is measured using the Learned Percep-
tual Image Patch Similarity metric. LPIPS com-
pares deep feature representations extracted from
multiple layers of a fixed convolutional network.
Lower LPIPS values indicate greater perceptual
and coarse layout similarity. For aggregation, this
distance is inverted and normalized so that higher
scores correspond to higher similarity.
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Visual Flow Consistency. Visual flow consis-
tency evaluates whether the generated diagram ex-
hibits coherent directional and organizational struc-
ture. This includes arrow directionality, spatial or-
dering of components, and grouping consistency. A
fixed vision-language model is prompted to assess
whether the visual flow in the diagram supports a
clear and interpretable process or dependency struc-
ture. The resulting score is normalized to the unit
interval. The same fixed evaluator model, GPT-4o,
is used for visual flow assessment across all mod-
els. The evaluator operates under a deterministic
prompt template and does not have access to model
identities or generation metadata. As the evaluator
is independent of all evaluated generators, includ-
ing Gemini 3 Pro Image, this protocol mitigates
potential evaluator bias while preserving consistent
judgment criteria.

Image-Level Aggregation and Weights. The
image-level score integrates semantic consistency,
perceptual similarity, and visual flow consistency.
Semantic consistency contributes forty percent of
the image-level score. Visual flow consistency also
contributes forty percent, reflecting its importance
for interpretability and directional coherence. Per-
ceptual similarity contributes the remaining twenty
percent as an auxiliary signal capturing coarse lay-
out resemblance. All image-level weights are fixed
a priori and shared across all models.

A.4 Overall Score Aggregation

The final leaderboard score aggregates graph-level,
text-level, and image-level scores. Graph-level
evaluation contributes forty percent of the over-
all score, reflecting the structure-first nature of the
benchmark. Text-level and image-level evaluations
each contribute thirty percent, accounting for se-
mantic faithfulness and visual consistency. All
aggregation weights are fixed across experiments
and are not tuned per model or per domain.

A.5 Reproducibility

All evaluated models receive identical structured
visual prompts without manual tuning. All gener-
ated diagram images are rendered at a fixed reso-
lution. Canonical ground-truth graph construction
and inverse parsing during evaluation both use the
same hierarchical multi-agent parsing pipeline. All
thresholds, aggregation weights, models, prompts,
and evaluation scripts are fixed across experiments
to facilitate reproducibility and fair comparison.



B Human Verification Interface

This appendix describes the web-based annotation
interface used for human verification of canon-
ical ground-truth graphs, as referenced in Sec-
tion 4.2. The interface is designed to support
efficient, identity-consistent refinement of auto-
matically extracted graphs under a strict minimal-
intervention protocol. Its primary purpose is to
enable reliable measurement of annotation quality
while preserving comparability between automatic
and human-verified graph representations.

B.1 Design Objectives

The interface is designed with three core objectives.

First, it enforces identity consistency. Human
verification is performed by editing the output of
the automated HMAS pipeline rather than con-
structing a graph from scratch. This ensures that
node and edge identifiers remain stable throughout
the verification process, enabling exact identity-
based comparison between automatic and human-
verified graphs.

Second, it follows a minimal-intervention princi-
ple. Annotators are encouraged to make the small-
est possible set of edits necessary to correct clear
errors, prioritizing the removal of unsupported el-
ements and the addition of missing but semanti-
cally necessary components. This design prevents
overfitting to individual annotator preferences and
avoids introducing subjective reinterpretations of
diagram structure.

Third, the interface is optimized for efficiency
and consistency. By preloading all automatically
extracted elements and providing constrained edit-
ing actions, the interface reduces annotation time
while maintaining consistent verification behavior
across annotators and domains.

B.2 Interface Overview

The interface presents annotators with a synchro-
nized dual-view layout. The source framework fig-
ure is displayed on one side, while the correspond-
ing automatically extracted graph is shown on an
editable graph canvas. Nodes and directed edges
produced by the HMAS pipeline are preloaded and
visually selected by default.

Each node in the graph is associated with a
unique identifier, textual description, and bounding
box reference. Edges are represented as directed
connections between node identifiers. This explicit
linkage between visual elements and graph struc-
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ture allows annotators to directly verify whether
each extracted component and relation is supported
by the source diagram.

A control panel lists all nodes and edges, en-
abling annotators to inspect elements individually,
search by identifier or description, and perform
batch operations. This panel also records all ed-
its performed during the verification process for
auditing and analysis.

B.3 Interaction Modes

Annotators interact with the graph using two pri-
mary modes.

Select/Delete Mode. In this mode, annotators
can select nodes or edges that are not supported
by the source framework figure and mark them
for exclusion. Typical removal cases include spu-
rious OCR artifacts, duplicated visual regions, or
inferred relations that are visually ambiguous or
unjustified. Excluded elements are added to an
internal exclusion list but remain logged for trace-
ability.

Link Nodes Mode. This mode allows annotators
to add missing directed relations by selecting a
source node and a target node sequentially. This
operation is used sparingly, primarily to recover
clear dependencies that are visually evident in the
diagram but missed by automatic parsing. Newly
added edges are assigned fresh identifiers and ex-
plicitly marked as human-added elements.

Importantly, annotators are not permitted to
freely redraw layouts, rename nodes arbitrarily, or
restructure the graph wholesale. These constraints
enforce the minimal-intervention protocol and en-
sure that verification remains corrective rather than
generative.

B.4 Identity-Consistent Editing Protocol

All nodes and edges extracted by the automated
pipeline are included by default at the start of verifi-
cation. Annotators explicitly indicate unsupported
elements by excluding them, rather than selectively
including supported ones. This default-inclusion
strategy avoids confirmation bias and ensures that
false positives are explicitly accounted for.
Elements retained after verification are treated as
correct extractions. Excluded elements correspond
to false positives. Newly added nodes or edges cor-
respond to false negatives of the automated pipeline.
Because all edits operate directly on the original
identifiers, node-level and edge-level precision and



(a) Original graph automatically extracted by the HMAS
pipeline before human verification.

(b) Human-verified graph after minimal-intervention
editing. Newly added elements are highlighted in magenta.

Figure 4: Human verification interface and represen-
tative annotation outcomes. Annotators refine the au-
tomatically extracted graph by selectively excluding un-
supported components and adding missing nodes or rela-
tions under a minimal-intervention, identity-consistent
editing protocol.

recall can be computed deterministically without
post-hoc semantic matching or heuristic alignment.

This identity-consistent editing scheme allows
annotation quality metrics reported in Table 1 to
be interpreted as direct measures of the automated
pipeline’s accuracy, rather than subjective agree-
ment between independent annotations.

B.5 Visual Encoding and Feedback

To facilitate reliable and low-error annotation, the
interface provides explicit visual encoding of ele-
ment status. Nodes and edges inherited from the
automated extraction are displayed in blue. Newly
added nodes and edges introduced during verifica-
tion are highlighted in magenta. Excluded elements
are visually muted and removed from active selec-
tion.

This color-coding provides immediate feedback
on the scope and nature of human intervention.
Annotators can easily identify which parts of the
graph were modified, reducing accidental edits and
enabling quick review before final submission.
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B.6 Annotation Workflow and Quality
Control

Each source framework figure is verified indepen-
dently by a trained annotator with a background in
computer science. Annotators are instructed to rely
solely on visual evidence present in the diagram,
without consulting the accompanying paper text
beyond what is explicitly rendered in the figure.

To ensure consistency, annotators follow a
shared annotation guideline that defines common
error categories, including unsupported nodes, du-
plicated components, ambiguous relations, and
missing dependencies. Edge cases involving inher-
ently ambiguous or implicit relations are resolved
conservatively, favoring exclusion unless a depen-
dency is clearly indicated.

All verification sessions are logged, including
the number of removed and added elements, total
annotation time, and edit history. These logs enable
post-hoc inspection and help ensure that annotation
behavior remains consistent across domains and
samples.

B.7

Figure 4 presents representative examples of the
human verification process. Differences between
the automatic and human-verified graphs primarily
reflect the removal of weakly supported connec-
tions and the addition of missing but semantically
necessary relations. These discrepancies are most
commonly observed in regions with dense layouts,
overlapping visual elements, or implicit arrow se-
mantics.

Together with the quantitative agreement results
in Table 1, these qualitative examples demonstrate
that the automated HMAS pipeline recovers the ma-
jority of structural components correctly. Remain-
ing errors are sparse, interpretable, and amenable
to targeted human correction, supporting the relia-
bility of SciFlow-Bench as a benchmark grounded
in realistic scientific diagrams.

Qualitative Examples

C Discrepancy Analysis

This appendix provides a qualitative analysis of rep-
resentative discrepancies observed during human
verification of canonical ground-truth graphs. The
purpose of this analysis is not to enumerate fail-
ure cases exhaustively, but to clarify the dominant
sources of mismatch between automatic extraction
and human-refined graphs, and to contextualize
these discrepancies within the inherent ambiguity
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Figure 5: Representative discrepancy cases observed
during human verification. Examples illustrate com-
mon sources of mismatch between automatic extraction
and human-verified ground-truth graphs, including am-
biguous or implicit connections, text-related perception
errors, and structurally ambiguous relations inherent in
real scientific diagrams. Figures are reproduced from
prior work (Qi et al., 2025; Chen, 2025; Zhang et al.,
2025).

of real scientific diagrams.

Importantly, the observed mismatches do not in-
dicate systematic failure of the HMAS pipeline.
Instead, they largely reflect intrinsic challenges in
interpreting complex, densely packed, or weakly
specified diagram structures that are also difficult
for human readers without domain context. We
group the observed discrepancies into three recur-
ring categories, illustrated in Figure 5.

C.1 Ambiguous or Implicit Relations

A common source of discrepancy arises from rela-
tions that are visually suggested but not explicitly
specified. Examples include dashed arrows, unla-
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beled connectors, bidirectional links without clear
causal direction, or graphical proximity implying
association rather than dependency. In such cases,
human annotators may infer intent based on sur-
rounding context or prior knowledge, while the
automated pipeline conservatively avoids asserting
unsupported directed edges.

This phenomenon is particularly prevalent in
high-level architectural diagrams, where authors
intentionally omit explicit semantics to improve
visual clarity. As shown in the top examples of
Figure 5, dashed or stylistic links often encode
informal relationships that admit multiple plausi-
ble interpretations. From an evaluation standpoint,
preserving such ambiguity is preferable to halluci-
nating precise dependencies. Accordingly, these
discrepancies reflect a deliberate trade-off favoring
structural faithfulness over speculative inference.

C.2 Text-Related Perception Errors

A second major class of discrepancies stems from
text perception and grounding limitations. These
include vertically oriented labels, small subscripts,
dense textual clusters, or stylized fonts that chal-
lenge optical character recognition and semantic
association. While humans can often resolve such
cases by visual intuition or domain familiarity, au-
tomated systems rely on explicit textual signals that
may be incomplete or noisy.

The middle examples in Figure 5 illustrate cases
where missing or partially recognized text leads
to node omission or incorrect semantic labeling,
which in turn propagates to downstream edge mis-
matches. These errors are well-documented in prior
text-centric visual understanding work (Chen et al.,
2023) and remain an open challenge for multimodal
perception systems. Notably, such discrepancies
tend to be sparse and localized rather than struc-
tural, indicating that the majority of diagram con-
tent is correctly grounded.

C.3 Structurally Underspecified or Symbolic
Nodes

The third discrepancy category involves nodes or
relations that are intentionally abstract or symbolic.
Common examples include identifier-based compo-
nents such as S1, P1, or C1, purely graphical place-
holders, or schematic elements whose semantics
are defined only implicitly in the accompanying
text. Without explicit visual grounding, both hu-
mans and machines must rely on external context
to interpret these elements.



As shown in the bottom examples of Figure 5,
annotators may choose to merge, reinterpret, or
reattach such nodes during verification, while the
automatic pipeline treats them conservatively as
isolated or weakly connected entities. These dis-
crepancies highlight a fundamental limitation of
diagram-only interpretation and underscore the ne-
cessity of structure-aware evaluation that tolerates
multiple valid graph realizations.

C.4 Summary and Implications

Across all analyzed cases, discrepancies are sparse,
interpretable, and systematically attributable to dia-
gram ambiguity rather than parser instability. Cru-
cially, they do not exhibit cascading or catastrophic
structural failure, and most corrections involve lo-
cal edge refinement or limited node adjustment.
This observation aligns with the quantitative agree-
ment results reported in Table 1, where node-level
recall remains high and edge-level errors concen-
trate in structurally ambiguous regions.

Taken together, this analysis supports the relia-
bility of SciFlow-Bench as a benchmark grounded
in realistic scientific diagrams. The remaining mis-
matches reflect precisely the types of ambiguity
that motivate structure-first evaluation, and further
justify the need for inverse parsing protocols that
explicitly reason about recoverable structure rather
than surface-level visual fidelity alone.

D Qualitative Comparison of Generated
Diagrams

This appendix presents qualitative comparisons of
scientific diagram images generated under identi-
cal structured visual prompts. All examples are
produced from the same method descriptions and
evaluated under the same pixel-based generation
and inverse parsing pipeline, without any manual
prompt tuning or post-processing.

The purpose of this qualitative analysis is not to
assess aesthetic quality or visual appeal in isolation.
Instead, these examples are provided to facilitate
qualitative inspection of structural recoverability,
namely whether a generated diagram image pre-
serves sufficient visual and semantic cues to sup-
port reliable reconstruction of an explicit graph
representation under the inverse parsing protocol
defined in SciFlow-Bench.

D.1 Generation Paradigms

We compare three representative generation
paradigms that reflect fundamentally different as-
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Figure 6: Qualitative comparison of scientific dia-
gram generation under identical structured visual
prompts. For each case, the top diagram is a layout-
driven Graphviz reference, while the bottom-left and
bottom-right diagrams are generated by Qwen-Image
and Gemini 3 Pro Image, respectively. All images are
rendered at the same resolution and evaluated without
manual tuning. These examples are provided to illus-
trate differences in structural recoverability rather than
aesthetic quality alone.

sumptions about structure and rendering:

* Layout-driven reference (Graphviz). A
code-driven pipeline in which GPT-40 gen-
erates DOT code from the method descrip-
tion and Graphviz deterministically renders
the diagram. This paradigm provides explicit
topology and deterministic layout, and is in-
cluded as a structural reference rather than a
pixel-based competitor.

* Diffusion-based generation (Qwen-Image).
An open-source diffusion model that operates
purely in pixel space, representing the dom-
inant paradigm for text-to-image generation
without explicit structural supervision.

* Autoregressive vision-language generation
(Gemini 3 Pro Image). A commercial autore-
gressive vision—language model that jointly
models text and vision during generation, rep-
resenting the strongest pixel-based baseline
evaluated in this work.

All models receive the same structured visual

prompt produced by the cognitive planning layer,



ensuring that observed differences arise from gen-
eration behavior rather than prompt variation.

D.2 Qualitative Examples

Figure 6 presents representative examples spanning
different diagram styles and levels of structural
complexity. In each case, the Graphviz output pro-
vides an explicit and deterministic representation
of functional modules and directed dependencies,
serving as a diagnostic reference for topology.

The Qwen-Image outputs typically exhibit
strong local visual coherence and stylistic consis-
tency. However, structural issues frequently arise,
including missing intermediate components, am-
biguous arrow terminations, or visually plausible
but semantically unsupported connections. These
issues are often subtle at the pixel level yet lead to
degraded graph-level recoverability under inverse
parsing.

In contrast, the Gemini 3 Pro Image outputs
more often preserve interpretable layout cues, con-
sistent arrow directionality, and stable module
grouping. As a result, they are more likely to be
successfully inverse-parsed into structured graphs
that align with the canonical ground-truth repre-
sentation, particularly for diagrams with complex
multi-stage pipelines.

D.3 Structural Recoverability under Inverse
Parsing

A key observation from these examples is that vi-
sual plausibility alone does not guarantee structural
recoverability. Diffusion-based outputs may appear
visually polished yet fail to encode sufficient rela-
tional cues for reliable reconstruction. Common
failure patterns include visually merged compo-
nents, ambiguous arrow geometry, and decorative
graphical elements that resemble functional nodes
without clear semantic grounding.

Conversely, diagrams that preserve clear spa-
tial separation, consistent arrow orientation, and
stable text-to-region alignment—even if visually
simpler—are more likely to yield high graph-level
scores. These qualitative patterns closely mirror
the quantitative gap observed between image-level
and graph-level metrics in Section 5.2, reinforcing
the claim that structure-aware evaluation is neces-
sary to expose failure modes that are invisible to
image-centric metrics.
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D.4 Discussion

These qualitative comparisons complement the
quantitative evaluation results by providing visual
context under identical prompt conditions. They
highlight the fundamental trade-off between visual
flexibility and structural determinism across gener-
ation paradigms.

Layout-driven methods guarantee explicit topol-
ogy but sacrifice stylistic freedom. Pixel-based
models offer richer visual expressiveness but vary
substantially in whether their outputs support reli-
able structural reconstruction. Among pixel-based
systems, stronger vision—language integration cor-
relates with improved structural recoverability, al-
though significant gaps remain.

Overall, these examples reinforce the central
motivation of SciFlow-Bench: scientific diagrams
must be evaluated not only by how they look, but
by whether their structure can be reliably recov-
ered and interpreted. Qualitative inspection under
controlled prompt conditions provides critical in-
sight into this distinction and supports the necessity
of inverse parsing—based evaluation for scientific
diagram generation.
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