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Abstract

Diagram question answering (Diagram QA)
requires reasoning-level attribution that links
each question-answer pair to all visual re-
gions needed to derive the answer, rather than
only the region containing the final response.
Creating such structured evidence across dia-
grams, charts, maps, circuits, and infograph-
ics is time-consuming, and existing annotation
tools tightly couple their interfaces to dataset-
specific formats. We present DIAGRAMS, a
lightweight, schema-driven review framework
that decouples interface logic from dataset-
specific JSON structures through an internal
meta-schema and dataset adapters. Given an
image and QA pair with optional candidate re-
gions, the system performs QA-conditioned
evidence selection and proposes the regions
required for reasoning. When QA pairs or can-
didate regions are missing, it generates them
and supports human verification and refine-
ment. Across six Diagram QA datasets, model-
suggested evidence achieves 85.39% precision
and 75.30% recall against reviewer-final se-
lections (micro-averaged). These results indi-
cate that the review-first framework reduces the
number of regions that annotators must create
from scratch. Human reviewers accept, edit,
or reject each proposed region before export,
which structurally limits over-reliance on AI
proposals. We release a public demo and in-
stallable package to support dataset auditing,
grounded supervision creation, and grounded
evaluation.

1 Introduction

Diagram question answering (Diagram QA) spans
diverse visual domains, including scientific dia-
grams (Kembhavi et al., 2016), charts (Masry et al.,
2022), circuit schematics (Mehta et al., 2024), in-
fographics (Mathew et al., 2022), and map-based

∗These authors contributed equally to this work

benchmarks (Srivastava et al., 2025; Mukhopad-
hyay et al., 2025). Unlike pure text-based reason-
ing, Diagram QA requires models to interpret struc-
tured visual elements and relate them to linguistic
queries. In many cases, answering a question does
not depend on a single visual region, but on a chain
of interconnected elements. For example, when a
question asks about the neighbors of a highlighted
state on a map, the reasoning process requires iden-
tifying the target state and examining all adjacent
regions. The final answer emerges from multiple vi-
sual dependencies rather than from a single answer-
containing box.

Despite this, most existing annotation efforts fo-
cus on answer-level grounding, where annotators
mark only the region that directly contains the final
response. Such annotations fail to capture the full
reasoning path that supports the answer. Reasoning-
level attribution links each question-answer pair to
all visual regions required to derive the answer.
This richer supervision enables grounded training,
faithfulness evaluation, and systematic error anal-
ysis of vision-language models (VLMs). Without
structured attribution, models may produce correct
answers while relying on spurious correlations or
hallucinated associations. Recent analyses of chart
reasoning benchmarks demonstrate that models of-
ten struggle with distributed and compositional vi-
sual evidence, reinforcing the need for structured,
region-level attribution (Iyengar et al., 2025). An-
notators find reasoning-level attribution expensive.
Annotators must analyze the diagram, identify all
relevant regions, and create or refine precise bound-
ing boxes. The burden increases further because
Diagram QA datasets vary widely in JSON struc-
ture, coordinate conventions, region availability,
and QA formatting. Many existing annotation in-
terfaces tightly couple their design to a specific
dataset format, making it difficult to reuse tools
across heterogeneous resources. As a result, re-
searchers often rebuild front-end logic for each
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Figure 1: Overview of the DIAGRAMS architecture. The framework operates in three stages: (1) Data Ingestion,
which converts dataset-specific records into a unified meta-schema; (2) Review Engine, which renders normalized
QA items and candidate regions for human verification; and (3) Assisted Evidence Proposal, where a multimodal
backend performs QA-conditioned evidence selection and optional QA or region generation.

new dataset, slowing progress and limiting repro-
ducibility.

We introduce DIAGRAMS, a review-first frame-
work for reasoning-level attribution in Diagram
QA. Rather than centering the interface on dataset-
specific schemas, DIAGRAMS converts each in-
put record into an internal meta-schema repre-
sentation that decouples annotation logic from
dataset structure. A multimodal backend pro-
poses QA-conditioned evidence regions, and the
human reviewer verifies, edits, removes, or adds
regions as needed. When candidate boxes or QA
pairs are missing, the system proposes them and
supports interactive refinement. DIAGRAMS tar-
gets researchers developing Diagram QA bench-
marks, practitioners building grounded supervision
datasets, and vision-language researchers studying
reasoning-level attribution.

We evaluate DIAGRAMS across six Diagram
QA datasets spanning charts, maps, diagrams, cir-
cuits, and infographics. Model-suggested evidence
achieves high agreement with reviewer-final se-
lections, demonstrating that a review-first pipeline
shifts annotation effort from manual region creation
to guided verification while preserving reasoning-
level fidelity. We summarize our contributions as
follows:

1. We present DIAGRAMS, a review framework
that formalizes reasoning-level attribution for
Diagram QA, explicitly distinguishing it from
answer-only grounding.

2. We design a multimodal proposal pipeline that

performs QA-conditioned evidence selection,
missing-region generation, and optional QA
generation, enabling structured human-in-the-
loop verification.

3. We provide empirical evaluation across six
visual QA datasets, demonstrating strong pro-
posal utility under a review-first workflow.

2 Related Work

Existing image annotation platforms provide ex-
tensive support for drawing and editing visual
regions such as bounding boxes, polygons, and
masks. Systems including LabelMe (Russell
et al., 2008), VIA (Dutta and Zisserman, 2019),
CVAT (Sekachev et al., 2019; CVAT.ai Corporation,
2023) , and Label Studio (Tkachenko et al., 2020-
2025) also incorporate model-assisted workflows
to accelerate labeling. These platforms standardize
region creation and editing but operate primarily
at the object or instance level rather than support-
ing QA-conditioned evidence attribution, and they
do not address the structural heterogeneity inher-
ent in Diagram QA datasets. Prior work has fur-
ther reduced bounding-box effort through interac-
tion techniques such as boundary snapping (Snap-
per) (Williams et al., 2024) and iterative human-in-
the-loop box refinement (Adhikari and Huttunen,
2021). In parallel, VQA research has explored
answer grounding, attention supervision, and ex-
planation alignment (Das et al., 2017; Wang et al.,
2020; Chen et al., 2022; Pantazopoulos and Özy-
iğit, 2025; Selvaraju et al., 2017, 2019), often us-
ing region-level or attention-based signals to im-
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Figure 2: Selection-based attribution. The reviewer
verifies QA-conditioned region proposals and inspects
ground-truth, predicted, and added boxes.

prove model interpretability. However, these ap-
proaches typically annotate answer-containing re-
gions or saliency maps rather than full reasoning
chains. DIAGRAMS extends this line of work by
targeting reasoning-level attribution and by provid-
ing a schema-driven review workflow that remains
reusable across heterogeneous dataset formats.

3 DIAGRAMS: System Architecture and
Workflow

DIAGRAMS operates in three coordinated stages:
data ingestion and normalization, QA-conditioned
evidence proposal, and structured human verifi-
cation. The system first converts heterogeneous
dataset records into a unified internal meta-schema
representation. It then performs QA-conditioned
evidence selection or generation using a multi-
modal backend. Finally, reviewers verify, refine,
and export reasoning-level attributions through an
interactive interface. Figure 1 illustrates this end-
to-end workflow.

3.1 Architecture

The framework consists of the following compo-
nents:
1. Schema Loader: The system ingests a JSON

file and retrieves the corresponding images,
questions/annotations.

2. Schema Adapter: The adapter maps dataset-
specific fields into an internal meta-schema rep-
resentation.

3. Schema Normalizer: The normaliza-
tion layer standardizes heterogeneous
bounding box formats (e.g., [x,y,w,h],
left/top/width/height).

4. Internal Meta-Schema Representation: The
system stores images, QA pairs, candidate re-

Figure 3: Proposal-based attribution with region gen-
eration. The reviewer draws or refines evidence boxes
when candidate regions are unavailable.

gions, and attribution mappings in a unified in-
ternal structure.

5. Annotation Engine: The interface renders im-
ages, QA items, and regions, and tracks edits
through standard region operations.

6. Evidence Proposal Module: The multimodal
backend performs QA-conditioned evidence se-
lection or generation.

7. Human Re-Verification: The reviewer verifies,
edits, removes, or adds regions and QA items.

8. Exporter: The system saves finalized annota-
tions in structured JSON format and optionally
exports annotated images.

This modular design separates dataset-specific pars-
ing from attribution logic and human interaction.
By decoupling dataset-specific schema handling
from attribution logic, the system remains reusable
across heterogeneous Diagram QA datasets with-
out requiring interface redesign.

3.2 Review-First Workflow
DIAGRAMS implements a review-first workflow
that prioritizes structured verification over manual
region creation. After loading and normalizing a
record, the system invokes the evidence proposal
module to generate QA-conditioned region sug-
gestions. The reviewer inspects these proposals di-
rectly in the interface and verifies, edits, or removes
them instead of drawing all regions from scratch.
This interaction model shifts the annotation pro-
cess from box creation to guided verification. We
illustrate both selection-based and proposal-based
workflows in Figures 2-4.

Depending on data availability, the system oper-
ates in two settings:

Selection-based attribution: When the dataset
provides QA pairs and candidate regions, the sys-
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Figure 4: Human verification and export. The reviewer
confirms, edits, or removes proposed regions before
finalizing the annotation.

tem performs QA-conditioned evidence selection
over the candidate region pool and initializes the
selected subset in the interface.

Proposal-based attribution: When QA pairs
and/or candidate regions are missing, the system
proposes them automatically and supports interac-
tive human refinement before finalization.

4 Evidence Proposal

We implement the evidence proposal module us-
ing two backend components. For QA-conditioned
evidence selection, we use Gemini 2.5 Flash (Co-
manici et al., 2025) via the Gemini API, prompting
the model with the diagram image, question, an-
swer, and candidate bounding boxes to return the
region identifiers that support the reasoning chain.
For assisted region generation when candidate re-
gions are absent, we deploy the Segment Anything
Model (SAM) (Kirillov et al., 2023) locally, gen-
erating region proposals from reviewer-provided
points on the image.

4.1 Evidence Selection from Candidate
Regions

When both QA pairs and candidate regions are
available, the backend performs QA-conditioned
evidence selection over the candidate region
pool. Given the question, answer, and candidate
bounding-boxes, the multimodal model proposes
the subset of regions required to support the reason-
ing chain as shown in Figure 2. The selected region
identifiers are initialized in the interface. The re-
viewer verifies, edits, or augments the proposed
evidence before export.

Dataset Precision Recall F1

ChartQA 54.79 42.22 47.69
MapWise 94.49 64.10 76.38
AI2D 99.64 91.13 95.19
Circuit-VQA 66.97 49.50 56.92
InfographicsVQA 96.49 98.97 97.72
MapIQ 91.13 99.74 95.24

Overall 85.39 75.30 80.03

Table 1: Proposal utility after human verification
(micro-averaged). Precision = TP/(TP+FP), Recall =
TP/(TP+FN), F1 = harmonic mean.

4.2 Region Generation When Candidates Are
Absent

When candidate regions are unavailable but QA
pairs exist, the backend proposes new evidence
regions directly on the image. The reviewer may
accept, edit, or delete these proposals and may draw
additional regions if required. Figure 3 illustrates
manual refinement when candidate regions are ab-
sent or incomplete.

4.3 QA and Region Generation
When QA pairs and candidate regions are miss-
ing, the system first proposes QA items and then
generates corresponding evidence regions. The re-
viewer verifies and refines both components before
finalizing attribution, as shown in Figure 4.

5 Annotation Engine

The annotation engine renders images, QA items,
and regions in an interactive interface. Reviewers
can select, resize, delete, or draw regions, while the
system tracks edits and maintains links between
QA items and evidence regions. The interface ex-
poses normalized metadata to preserve traceability
between the internal meta-schema and the origi-
nal dataset record. Figure 2 shows selection-based
attribution, where candidate regions exist and the
reviewer verifies proposed evidence.

6 Human Re-Verification and Export

During re-verification, reviewers confirm or modify
proposed QA items and evidence regions. The
system records whether each region was proposed,
edited, removed, or newly created. Appendix A
details the annotation guidelines and arbitration
procedures. After verification, the exporter saves
the finalized attribution in structured JSON format
and optionally produces an annotated image. These
outputs support downstream training, auditing, and
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Dataset Added GT New Drawn

ChartQA 8308 215
MapWise 2700 1162
AI2D 1173 23
Circuit-VQA 1405 1846
InfographicsVQA 28 68
MapIQ 36 0

Overall 13650 3314

Table 2: Breakdown of reviewer-added evidence regions.
“Added GT” denotes missed ground-truth boxes; “New
Drawn” denotes boxes created during review.

evaluation workflows. Figure 4 shows reviewers
finalizing attribution before export.

7 Results and Analysis

We organize our evaluation around four research
questions. (RQ1) Does QA-conditioned evi-
dence proposal reduce manual annotation effort
while maintaining correctness? (RQ2) Does pro-
posal utility generalize across heterogeneous Di-
agram QA datasets? (RQ3) What types of er-
rors drive reviewer intervention? (RQ4) Is pro-
posal verification reproducible across annotators?
(RQ5) Does the AI-assisted workflow save per-
instance annotation time relative to fully manual
annotation? We answer these questions through
large-scale proposal utility analysis across six
datasets. Specifically, we use AI2D (Kemb-
havi et al., 2016), ChartQA (Masry et al., 2022),
Circuit-VQA (Mehta et al., 2024), Infograph-
icVQA (Mathew et al., 2022), MapIQ (Srivastava
et al., 2025), and MapWise (Mukhopadhyay et al.,
2025) and a focused reliability study on ChartQA
and Circuit-VQA.

7.1 Proposal Utility Across Six Datasets

We evaluate proposal utility by comparing model-
suggested regions to reviewer-approved evidence
using micro-averaged precision, recall, and F1. Ap-
pendix B provides formal metric definitions and
implementation details.

Do model proposals reduce manual region cre-
ation? As shown in Table 1, the backend pro-
posed 60,553 boxes, of which reviewers retained
51,709 (85.39% precision). Reviewers finalized
68,673 evidence boxes in total, and proposals
achieved 75.30% recall and 80.03 F1 (micro-
averaged). These results show that the system pre-
selects a large fraction of final evidence regions,
converting large-scale manual box creation into

Dataset New Drawn (%)

ChartQA 2.52
MapWise 30.10
AI2D 1.92
Circuit-VQA 56.79
InfographicsVQA 70.83
MapIQ 0.00

Overall 19.53

Table 3: Percentage of false negatives requiring newly
drawn boxes. Higher values indicate greater need for
novel region creation rather than missed ground-truth
selection.

guided verification.

Does the system prioritize correctness over
over-generation? High precision (85.39%) indi-
cates that reviewers removed relatively few sug-
gested boxes. The backend avoids aggressive
over-proposal and instead surfaces regions that re-
viewers largely accept, demonstrating stable QA-
conditioned selection.

Where does the system still miss evidence? Re-
viewers added 16,964 missing boxes (Table 2), in-
dicating that recall remains the primary area for
improvement. Among these, 13,650 correspond
to missed ground-truth regions and 3,314 to newly
drawn boxes, suggesting that missed candidate cov-
erage drives most recall gaps.

7.2 Cross-Dataset Variability

Which datasets show strongest alignment?
AI2D, InfographicsVQA, and MapIQ exhibit the
strongest proposal alignment. AI2D achieves
99.64% precision and 91.13% recall (95.19 F1),
while InfographicsVQA reaches 97.72 F1. These
results suggest that structured diagram layouts and
clearer region boundaries support highly reliable
proposal behavior.

Why is ChartQA challenging? ChartQA
achieves 54.79% precision and 42.22% recall.
Notably, 8,308 of 8,523 false negatives correspond
to missed ground-truth boxes rather than newly
drawn regions. This pattern suggests that evidence
regions exist but are not selected by the model.
Improving candidate selection strategy could
significantly raise recall in chart-heavy domains.

Why does Circuit-VQA require more interven-
tion? Circuit-VQA shows moderate precision
(66.97%) and recall (49.50%). Over half of its
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Dataset Criterion Agreement (%) κ

ChartQA CVR 87.0 0.658
ChartQA CEA 83.0 0.589
Circuit-VQA CVR 73.0 0.464
Circuit-VQA CEA 85.0 0.540

Table 4: Inter-annotator agreement on 100 instances per
dataset under two verification criteria.

false negatives (56.79%) required newly drawn re-
gions, suggesting incomplete candidate coverage
or fine-grained component requirements in circuit
diagrams.

7.3 Human-AI Verification

Does the system primarily fail due to selection
or region absence? The breakdown in Table 2
shows that most false negatives (13,650/16,964)
correspond to missed ground-truth boxes rather
than newly drawn regions. Therefore, incomplete
QA-conditioned evidence selection, rather than re-
gion absence, explains most recall gaps. Improving
the evidence selection mechanism could further
reduce reviewer workload.

How often must reviewers create entirely new
boxes? Across all datasets, only 19.53% of false
negatives required newly drawn boxes (Table 3).
In most cases, evidence regions already exist but
were not proposed. This finding confirms that the
review-first workflow primarily involves selecting
from available regions rather than drawing from
scratch.

Does proposal utility remain stable across het-
erogeneous visual domains? Proposal utility re-
mains strong across heterogeneous visual domains,
with performance varying by dataset. AI2D and
MapIQ show high alignment, while ChartQA and
Circuit-VQA exhibit lower recall. Despite these
differences, the overall 80.03 F1 indicates that QA-
conditioned evidence selection generalizes across
charts, maps, circuits, and infographics under het-
erogeneous dataset formats.

7.4 Inter-Annotator Reliability
(Selection-Based Proposals)

We assess annotation reliability for selection-based
evidence proposals on 100 instances per dataset.
We evaluate agreement under two complementary
criteria: Complete Visual Reasoning (CVR), which
requires full reasoning-chain coverage, and Core
Evidence Alignment (CEA), which requires correct

Dataset AIES SAMRP ManualES ∆ Time
+SAMRP (saved)

AI2D ∼13s ∼51s ∼91s ∼27s
ChartQA ∼10s ∼28s ∼90s ∼52s
Circuit-VQA ∼12s ∼9s ∼40s ∼19s
MapWise ∼14s ∼20s ∼60s ∼26s
MapIQ ∼20s ∼23s ∼60s ∼17s
InfographicsVQA ∼40s ∼33s ∼80s ∼7s

Table 5: Average per-instance annotation time (seconds)
on 20 instances per dataset across three annotation con-
ditions. ∆ Time denotes time saved per instance by the
AI-assisted workflow over fully manual annotation.

grounding of the primary evidence elements.

Do reviewers agree on proposal verification?
Yes. Under CVR, ChartQA achieves 87.0% agree-
ment (κ = 0.658) and Circuit-VQA achieves
73.0% agreement (κ = 0.464) (Table 4). Under
CEA, agreement remains high across both datasets
(83.0% and 85.0%, respectively). These results
indicate reproducible selection-level verification
across structured charts and spatially complex cir-
cuit diagrams. We report full criterion definitions
and extended discussion in Appendix C.

7.5 Annotation Efficiency

We conduct a timing study across 120 instances,
sampling 20 instances per dataset, under three
conditions: (1) AIES, where we measure the av-
erage time Gemini 2.5 Flash takes to generate
evidence region proposals per image and QA
pair; (2) SAMRP, where the reviewer verifies
AI-proposed evidence and uses SAM to draw
bounding boxes for any missing regions; and (3)
ManualES+SAMRP, where the reviewer selects ev-
idence without AI proposals and uses SAM only
for bounding box drawing. We compute ∆ Time
as the per-instance time saved by the AI-assisted
workflow over fully manual annotation, defined as
ManualES+SAMRP minus (AIES+SAMRP). Ta-
ble 5 reports average per-instance times across all
three conditions. We discuss the limitations of this
study and the risk of AI-induced annotation bias in
Appendix E.

Does the review-first workflow reduce per-in-
stance annotation time? Yes. The AI-assisted
workflow saves 7 to 52 seconds per instance across
all six datasets, with ChartQA showing the largest
gain (∼52s) and InfographicsVQA the smallest
(∼7s). Gemini 2.5 Flash generates evidence pro-
posals in 10 to 40 seconds per instance, while
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ManualES+SAMRP requires 40 to 91 seconds, con-
firming that the review-first workflow consistently
reduces per-instance annotation time across hetero-
geneous diagram domains.

Where does reviewer effort concentrate under
AI assistance? Datasets with sparser candidate
coverage, such as Circuit-VQA and MapWise, re-
quire reviewers to draw more new boxes via SAM
after AI evidence selection, which narrows the time
saved relative to fully manual annotation (∼19s and
∼26s respectively). InfographicsVQA shows the
smallest ∆ Time at ∼7s, where denser visual lay-
outs increase both proposal generation time and
SAM-assisted drawing effort. This pattern aligns
with the false negative breakdown in Table 2, where
Circuit-VQA records the highest rate of newly
drawn regions at 56.79%.

8 Demo and Reproducibility

We release DIAGRAMS as an open-source MIT-
licensed repository and provide the complete re-
view interface, including dataset loading, meta-
schema normalization, QA-conditioned proposal
visualization, interactive region editing, and export
of reasoning-level annotations. The repository con-
tains the unified meta-schema, dataset adapters for
all evaluated datasets, and example input–output
records. Researchers can load supported Diagram
QA datasets, conduct human-in-the-loop verifica-
tion, and export standardized attributions. Ap-
pendix B details the proposal utility metrics and
evaluation procedure.

9 Conclusion

We presented DIAGRAMS, a review-first frame-
work for reasoning-level attribution in Diagram
QA. The system links each question–answer pair to
the complete set of visual regions required for rea-
soning and separates dataset-specific parsing from
attribution logic through a unified meta-schema
representation. By combining QA-conditioned pro-
posal models with structured human verification,
DIAGRAMS shifts the workflow from manual re-
gion creation to guided review. Across six hetero-
geneous Diagram QA datasets, model-suggested
evidence achieved 85.39% precision and 75.30%
recall (micro-averaged) against reviewer-final se-
lections, demonstrating strong alignment under a
review-first workflow. A timing study across 120
instances further shows that the AI-assisted work-
flow saves 7 to 52 seconds per instance relative

to fully manual annotation across all six datasets.
Our analysis shows that most recall gaps arise
from missed candidate selection rather than ab-
sence of regions, indicating that improved QA-
conditioned selection could further reduce reviewer
effort. The released framework, schema, and
dataset adapters support structured reasoning-level
attribution across diverse Diagram QA resources
and enable grounded supervision and dataset audit-
ing for diagram understanding.

Limitations
DIAGRAMS improves reasoning-level attribution
efficiency but has several limitations. First, ev-
idence quality depends on the underlying multi-
modal models, and performance may degrade for
densely packed or visually cluttered diagrams that
require fine-grained localization. Second, the cur-
rent system represents evidence primarily as bound-
ing boxes, which may not accurately capture thin
lines, irregular shapes, or non-rectangular regions
common in circuits and infographics. Third, our
evaluation measures proposal utility under a review-
first workflow and includes a preliminary timing
study across 120 instances, but does not quantify
annotation time reduction through a controlled user
study with statistical rigor. Finally, the framework
assumes structured QA inputs and does not sup-
port chain-of-thought supervision. Future work
may incorporate polygon-level annotation, latency
analysis, broader human studies, and structured
reasoning trace integration.

Ethics Statement

We designed DIAGRAMS to support transparent
and responsible human-in-the-loop annotation. All
datasets used in this work originate from pub-
licly available research benchmarks under their
respective licenses. The framework does not in-
troduce new personal or sensitive data. During
annotation, we provided clear written guidelines
and arbitration procedures to ensure consistency
and fairness. Annotators participated voluntarily
and followed standardized review protocols. Be-
cause DIAGRAMS integrates multimodal models
for proposal generation, users must carefully verify
all model-suggested regions and QA items before
finalizing annotations. The system does not as-
sume model correctness and places decision author-
ity entirely with the human reviewer. We release
the schema specification, adapters, and evaluation
scripts to promote reproducibility and transparency.
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We encourage users to respect original dataset li-
censes when redistributing derived annotations.
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A Annotation Instructions

To ensure consistency and reliability, we provided
annotators with standardized written guidelines
defining task objectives, labeling rules, and arbi-
tration procedures. Below we summarize the core
instructions.

Objective Annotators verified the correctness
and clarity of each question–answer (QA) pair
and identified all visual regions required to de-
rive the answer. For each QA item, annotators
selected bounding boxes corresponding to the inter-
connected visual elements necessary for reasoning,
rather than marking only the region containing the
final answer.

Procedure

1. Read the question carefully and locate all ref-
erenced visual elements in the image.

2. Use the verified answer (and answer choices,
if provided) to select the bounding boxes that
support the reasoning process.

3. If a question is ambiguous, inconsistent, or
unanswerable from the image, flag it for arbi-
tration rather than guessing.

Annotation Policy

1. Two independent annotators labeled each item
(six annotators participated overall).

2. A senior annotator reviewed disagreements
following predefined arbitration guidelines.

3. We retained only consensus or majority-
agreed annotations in the final dataset.

Examples We provided dataset-specific exam-
ples illustrating reasoning-level attribution across
diagrams, charts, maps, circuits, and infograph-
ics. We will release the full instruction documents,
templates, and arbitration notes as supplementary
materials to support transparency and reproducibil-
ity.

B Evaluation

B.1 Proposal Utility Metrics

We evaluate the usefulness of model-suggested evi-
dence regions in a review-first workflow by com-
paring the proposed box set P to the final reviewer-
approved evidence set H .

We define:

• True positives: TP = |P ∩ H| (proposed
boxes retained after review),

• False positives: FP = |P \ H| (proposed
boxes removed by the reviewer),

• False negatives: FN = |H \ P | (evidence
boxes added during review).

In our logs, TP corresponds
to retained_pred_count, FP to
effective_removed_count, and FN to the sum
of added_gt_count and new_drawn_count. We
report micro-averaged precision TP/(TP + FP ),
recall TP/(TP + FN), and F1. We do not define
true negatives because there is no closed set of
non-evidence regions.

B.2 Discussion

The review-first workflow generalizes across dia-
gram domains, though datasets differ in whether
errors arise from distracting proposals (higher FP)
or coverage gaps (higher FN). ChartQA presents
the greatest challenge due to dense chart elements
and small text, while AI2D, InfographicsVQA, and
MapIQ show strong alignment with few removals.
These findings motivate future work on confidence-
based filtering and improved QA-conditioned se-
lection strategies.

C Inter-Annotator Agreement Details

C.1 Evaluation Scope

We evaluate reliability for the selection-based pro-
posal workflow only, where the system selects evi-
dence from pre-existing candidate regions. We ex-
clude newly drawn regions from this analysis to iso-
late agreement on evidence selection quality with-
out conflating variability introduced by bounding-
box generation.

C.2 Evaluation Criteria

Complete Visual Reasoning (CVR) Reviewers
mark an instance as correct only when the selected
regions capture the entire visual reasoning chain
required to derive the answer. If any required in-
termediate evidence element is missing, reviewers
mark the instance as incorrect.

Core Evidence Alignment (CEA) Reviewers
mark an instance as correct when the selected re-
gions capture the primary visual evidence neces-
sary to answer the question, even if minor inter-
mediate reasoning components are omitted. This
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criterion evaluates agreement on essential ground-
ing rather than exhaustive coverage. This design
isolates agreement on evidence selection quality
without introducing variability from newly drawn
regions.

D Input and Output Data Format

D.1 Input Record Structure

The tool accepts a JSON array containing one or
more image records. Each record stores metadata,
optional candidate regions, predicted regions, and
one or more question–answer pairs. The system
loads one image record at a time and saves annota-
tions independently.

Example Input Format (Multi-Image JSON)

[
{
"image_uid": "img_001",
"image_path": "path_to_image",

"annotation_path": "path_to_json",
"bbox": [...],
"predicted_boxes": [],
"questions": [
{
"question_text": "...",
"answer_text": "...",
"choices": []

}
]

},
{
"image_uid": "img_002",
"image_path": "path_to_image",

"annotation_path": "path_to_json",
"bbox": [],
"predicted_boxes": [],
"questions": []

}
]

The loader automatically detects dataset struc-
ture and converts each record into a unified internal
meta-schema before rendering.

D.2 Unified Output Meta-Schema

After review, the system exports one JSON file per
image using a standardized meta-schema. This rep-
resentation ensures consistent reasoning-level attri-
bution across heterogeneous Diagram QA datasets.

Unified Output Format (Per Image)

{
"dataset_type": "",
"image": "path_to_image",
"qa": {
"question": "...",
"answer": "...",
"choices": []

},
"annotations": [
{
"id": "a_1",
"bbox": [x, y, w, h],
"label": "",
"meta": {

"source": "added",
"kind": "bbox"

}
}

],
"metadata": {
"annotation_path": "path_to_json",
"ground_truth_path": "",
"answers": {}

}
}

This design enables multi-image ingestion while
exporting standardized, per-image reasoning-level
annotations.

E Annotation Bias Discussion

We do not conduct a controlled blind study isolat-
ing AI-induced annotator bias, and we acknowl-
edge this as a limitation. A key risk in review-first
annotation is that human reviewers may anchor on
AI-proposed regions and accept partial reasoning
chains without exhaustively searching the diagram
for missing interconnected elements, potentially
lowering the ceiling of annotation quality. How-
ever, the review-first design requires reviewers to
actively accept, edit, or reject each proposed region
rather than passively confirm AI output. Reviewers
may also draw entirely new boxes when proposals
are absent or incomplete, as evidenced by the 3,314
newly drawn regions across all datasets (Table 2).
We treat the timing study in Section 7.5 as a prelim-
inary efficiency signal and encourage future work
to quantify bias through controlled annotation ex-
periments comparing reviewer decisions with and
without AI assistance on the same instances.
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