
Supplementary Material for EyeVQA

A Introduction

This supplementary material complements the main text of EyeVQA by provid-
ing additional technical details and formal specifications. Specifically, Section B
details the collection, institutional origins, disease coverage, and preprocessing
procedures of the 21 ophthalmic datasets summarized in Table S1. Section C
elaborates on the design protocols, distractor sampling strategies, and coordi-
nate system conventions across all seven standardized question types. Section D
presents the explicit mathematical formulations of the evaluation metrics, score
normalization rules, and refusal handling mechanisms.

B Supplementary Details for Dataset Collection

B.1 Public Ophthalmic Dataset Collection

The rapid development of ophthalmic image analysis has led to the release of
numerous retinal image datasets over the past decade. Most of these datasets
were designed for individual diseases or specific clinical applications, such as di-
abetic retinopathy grading, glaucoma screening, pathological myopia diagnosis,
and retinal lesion segmentation. Although these datasets have significantly pro-
moted the development of computer-aided diagnosis systems, few single datasets
provide sufficient disease diversity or annotation richness for comprehensively
evaluating ophthalmic vision-language models (VLMs). Therefore, instead of re-
lying on a single data source, we collected multiple available ophthalmic datasets
to support the construction of a comprehensive ophthalmic VLM benchmark.

The final collection consists of 21 available ophthalmic datasets cover-
ing major retinal diseases, including diabetic retinopathy, glaucoma, pathologi-
cal myopia, macula disease, cataract, retinal vascular abnormalities, and other
common retinal disorders. We collected these datasets from diverse sources, in-
cluding Scientific Data journal publications, Kaggle challenges, Hugging Face
datasets, Figshare, Zenodo, PhysioNet, Mendeley Data, CodaLab platforms,
Grand Challenge platforms, and GitHub repositories. These datasets have been
widely adopted in ophthalmic artificial intelligence research. An overview of all
collected datasets is presented in Table S1.

The collected datasets exhibit substantial diversity in both clinical content
and annotation protocols. Disease-specific datasets mainly focus on a single oph-
thalmic disorder with carefully designed grading criteria or lesion annotations,
whereas multi-disease datasets include multiple retinal abnormalities within a
unified labeling framework. Besides image-level disease classification, several
datasets provide anatomical structure segmentation, retinal vessel segmentation,
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lesion localization, paired fundus–OCT images, demographic information, and
clinical descriptions. Such heterogeneous annotations enable the construction of
evaluation tasks ranging from visual perception to clinically oriented reasoning,
providing a much more comprehensive assessment of ophthalmic vision-language
models than conventional image classification benchmarks.

Another important characteristic of the collected datasets is their diversity
in imaging conditions. Since the datasets were collected by different medical in-
stitutions using various fundus cameras under different clinical environments,
considerable differences exist in image resolution, field of view, illumination,
image quality, annotation standards, and metadata organization. These discrep-
ancies increase the difficulty of cross-dataset evaluation while better reflecting
real-world clinical scenarios, thereby improving the robustness and generalizabil-
ity of the benchmark.

To ensure consistency during benchmark construction, all datasets were stan-
dardized before downstream processing. Image formats, annotation schemas, dis-
ease terminology, metadata fields, and directory structures were unified through
a preprocessing pipeline, thereby reducing inconsistencies introduced by het-
erogeneous data sources. The standardized datasets were subsequently used for
automatic question–answer generation.

B.2 Data Distribution and Licensing Policy

To respect the intellectual property rights and raw data terms of service of the
original dataset creators, EyeVQA strictly adheres to a dual-track data distri-
bution policy based on the underlying dataset licenses (detailed in Table S1):

1. Direct Image Redistribution (Permissive Licenses): For datasets re-
leased under permissive open-access licenses that explicitly allow redistribu-
tion and adaptation (e.g., CC BY 4.0, CC BY-SA 4.0, such as CSDI [27],
ACRIMA [8], and FIVES [16]), we directly distribute the standardized fun-
dus images alongside our generated QA pairs in the public benchmark repos-
itory for maximum ease of evaluation.

2. Metadata-Only Distribution (Restrictive / Non-Redistributable
Licenses): For datasets governed by restrictive licenses, NDA requirements,
or non-redistributable terms (e.g., CC BY-NC-ND 4.0, PhysioNet Creden-
tialed Licenses, Kaggle Competition Rules, or proprietary terms, such as
ADAM [9], BRSET [19], EyePACS [6], and PALM [10]), we do not host
or redistribute the raw fundus images. Instead, we release only the
deterministic QA pairs mapped to the original image filenames/identifiers.
Users can obtain the raw images directly from the official repositories via the
provided references/URLs and align them with our VQA benchmark using
our provided automated pairing scripts.

This protocol ensures full compliance with medical data governance and orig-
inal licensing restrictions while providing a standardized, reproducible evaluation
framework for the community.
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Table S1. Overview of the collected ophthalmic datasets.

Dataset Images Source (institution/country) Disease License
ACRIMA [8]
(2019)

705 FISABIO Oftalmología Médica,
Valencia, Spain

Glaucoma CC BY 4.0

ADAM [9]
(2018)

1,200 Zhongshan Ophthalmic Center,
Sun Yat-sen University, China

Macula Disease CC BY-NC-ND
4.0

AIROGS [7]
(2021)

101,442 500 screening centers across the
United States of America

Glaucoma CC BY-NC-ND
4.0

BRSET [19]
(2024)

16,266 Department of Ophthalmology,
São Paulo Federal University,
Brazil

Diabetic
Retinopathy,
Macula Disease,
etc.

PhysioNet
Credentialed
Health Data
License 1.5.0

CSDI [27]
(2026)

187 Peking University Third Hospi-
tal, China

Cataract CC BY 4.0

Retina Dataset
[5]
(2016)

601 8 open access databases (specific
sources undisclosed)

Glaucoma,
Cataract, etc.

Undisclosed

DEN [14]
(2021)

15,708 Undisclosed (NDA required) Diabetic
Retinopathy,
Glaucoma, Mac-
ula Disease, etc.

Undisclosed

DeepDRiD [18]
(2022)

2,256 Department of Ophthalmology,
Shanghai Jiao Tong University
Affiliated Sixth People’s Hospi-
tal, Shanghai, China

Diabetic
Retinopathy

CC BY-SA 4.0

EyePACS
Dataset [6, 1]
(2015)

88,702 EyePACS platform (USA)
and 3 eye hospitals in In-
dia (Aravind Eye Hospital,
Sankara Nethralaya, Narayana
Nethralaya)

Diabetic
Retinopathy

Kaggle Compe-
tition Rules

FIVES [16]
(2022)

800 Ophthalmology Centre at the
Second Affiliated Hospital of
Zhejiang University, China

Diabetic
Retinopathy,
Glaucoma, Mac-
ula Disease, etc.

CC BY 4.0

FUND-OCT
[13]
(2021)

200 Undisclosed Glaucoma, Mac-
ula Disease, etc.

CC BY 4.0

GAMMA [26]
(2021)

300 Zhongshan Ophthalmic Cen-
ter, Sun Yat-sen University,
Guangzhou, China

Glaucoma CC BY-NC-ND

JICHI Dataset
[24]
(2017)

9,940 Jichi Medical University Hospi-
tal, Tochigi, Japan

Diabetic
Retinopathy

CC BY 4.0

JSIEC1000 [4]
(2019)

1,000 Joint Shantou International
Eye Centre (JSIEC), Shantou,
Guangdong, China

Diabetic
Retinopathy,
Glaucoma, Mac-
ula Disease, etc.

DbCL v1.0

MMAC [22]
(2023)

1,391 Shanghai Health and Medical
Center (SHMC), China; Shang-
hai Sixth People’s Hospital
(SSPH), China

Pathological
Myopia

CC BY 4.0

ODIR [17]
(2019)

8,000 Multiple hospitals and medical
centers in China

Diabetic
Retinopathy,
Glaucoma,
Cataract, Mac-
ula Disease, etc.

Undisclosed

ORIGA-light
[28]
(2010)

650 Singapore Eye Research Insti-
tute, Singapore

Glaucoma Undisclosed

PALM [10]
(2019)

1,200 Zhongshan Ophthalmic Cen-
ter, Sun Yat-sen University,
Guangzhou, China

Pathological
Myopia

Non-
redistributable

PARAGUAY [3]
(2021)

1,437 Department of Ophthalmology,
Hospital de Clínicas, Facultad
de Ciencias Médicas, Universi-
dad Nacional de Asunción, San
Lorenzo, Paraguay

Diabetic
Retinopathy

CC BY 4.0

REFUGE2 [21,
11]
(2020)

1,200 Multiple medical centers (spe-
cific sources not fully disclosed)

Glaucoma Non-
redistributable

ROC [20]
(2009)

100 Undisclosed (from a large dia-
betic retinopathy screening pro-
gram)

Diabetic
Retinopathy

Non-
redistributable
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C Detailed Question–Answer Generation Guidelines

This section provides comprehensive specifications for the seven standardized
question types in EyeVQA, including distractor sampling, ordering criteria, co-
ordinate system conventions, and metric definitions.

Single-Choice (SC), Multi-Select (MS), and Variable-Select (VS) Questions. SC
questions present exactly four candidate options (A–D) with one deterministic
gold answer, testing disease identification, severity grading, or image–text cor-
respondence. MS questions explicitly specify the requirement of multiple correct
options. VS questions leave the answer cardinality unstated, requiring models to
dynamically determine whether one or several options are correct. To construct
challenging distractors and mitigate language priors [12, 15], incorrect options
are preferentially drawn from clinically related disease classes, adjacent severity
levels, or visually similar cases within the same dataset.

True-False (TF) and Ranking (RK) Questions. TF questions prompt the model
to verify whether a given clinical statement, diagnostic claim, or qualitative de-
scriptor matches the visual evidence. RK questions evaluate ordinal perception
by requiring the model to sort a sequence of fundus images according to a desig-
nated clinical attribute (e.g., disease severity, lesion burden, or cup-to-disc ratio).
To avoid ambiguity, RK instances are included only when ground-truth ordering
is strictly monotonic and clinically indisputable.

Point Location (PL) and Bounding Box (BB) Questions. PL and BB assess
spatial perception and visual grounding in fundus photography:

– Point Location (PL): Predicts a single normalized coordinate

[x, y] ∈ [0, 1]2

representing key anatomical landmarks, such as the optic disc center or mac-
ula fovea.

– Bounding Box (BB): Predicts a normalized bounding box

[xmin, ymin, xmax, ymax] ∈ [0, 1]4

circumscribing specific lesions or structural entities.

All spatial targets are extracted from expert-annotated segmentation masks,
boxes, or landmarks. During dataset preprocessing, target coordinates undergo
exact geometric transformations aligned with image cropping and resizing; sam-
ples with inconsistent or ambiguous spatial annotations are systematically ex-
cluded [25].

D Detailed Formulations of Evaluation Metrics

Let Nt denote the number of questions of type t. Metrics are reported separately
for each question type, with invalid responses assigned a value of zero.
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D.1 Single-Choice and True-False Questions

We evaluate SC and TF questions using exact-match accuracy:

zi =

{︃
1, ŷi = yi,
0, otherwise,

Acct =
1

Nt

Nt∑︂
i=1

zi, t ∈ {SC,TF}. (1)

where yi and ŷi are the reference and parsed answers, respectively.

D.2 Multi-Select and Variable-Select Questions

We evaluate MS and VS questions using the Hamming metric (HM) [2]:

HMt =
1

Nt

Nt∑︂
i=1

|Yi ∩ Ŷi|
|Yi ∪ Ŷi|

. (2)

where t ∈ {MS,VS}, and Yi and Ŷi are the reference and predicted option sets,
respectively. The metric assigns partial credit according to set overlap.

D.3 Ranking Questions

We evaluate RK questions using Kendall’s Tau [23]:

Tau =
1

Nt

Nt∑︂
i=1

Ci −Di

K(K − 1)/2
. (3)

where K = 4 is the number of ranked options, and Ci and Di are the number
of concordant and discordant pairs among K items.

D.4 Bounding Box Questions

We evaluate BB questions using intersection over union (IoU):

IoU =
1

Nt

Nt∑︂
i=1

Area(Bi ∩ B̂i)

Area(Bi ∪ B̂i)
. (4)

where Bi is normalized reference box and B̂i is normalized predicted box.

D.5 Point Location Questions

We evaluate PL questions using accuracy with a normalized Euclidean-distance
tolerance of 0.05:

zLi =

{︃
1,

√︁
(x̂i − xi)2 + (ŷi − yi)2 ≤ 0.05,

0, otherwise,

AccL@0.05 =
1

Nt

Nt∑︂
i=1

zLi .

(5)

where pi = (xi, yi) and p̂i = (x̂i, ŷi) are the normalized reference and predicted
points, respectively.
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Score Normalization and Refusal Handling. For comparison, all metrics are lin-
early normalized so that the final scores lie in [0, 100]: values in [0, 1] are multi-
plied by 100, while Kendall’s Tau is mapped from [−1, 1] to [0, 100]. If a VLM
refuses to answer a question, that question receives a score of zero and remains
included in the average.
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