Supplementary Material for MarineEval

This supplementary contain the details of dataset statistic
(Section A), domain gap analysis (Section B) and dataset
dimension (Section C).

A. Dataset Statistic

This section contain the details of dataset size (Section A.1),
qustion format distribution (Section A.2), and image resolu-
tion distribution (Section A.3).

A.1. Dataset Size

MarineEval achieves a balance between quantity and expert-
verified quality. As shown in Table 1, MarineEval provides
a comparable quantity to other domain-specific benchmarks
while encompassing a broader variety of question formats,
enhancing breadth and utility.

A.2. Question Format Distribution

MarineEval consists of 2,000 image-based question-answer
pairs that span across 7 tasks and 20 capacity dimensions.
To comprehensively evaluate the abilities of VLMs, we
designed five distinct question formats: “Yes-No ques-
tions”, “multiple-choice questions”, “localization questions”,
“closed-form questions”, and “summarization questions”,

where the qusetion format distribution is shown in Figure 4.

Closed-Form
Questions: 369

Summarization
Questions: 51

Multiple-Choice Yes-No Questions:
Guesion' 1051

Localization
Questions: 237

Figure 1. Distribution of various question formats in MarineEval

A.3. Image Resolution Distribution

The image resoluation distribution is illustrated in Figure 2.
The maximum resolution is around 2,000 pixels, with aver-
age resolution [62%¢ight, 790widm]-
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Figure 2. Distribution of image resolutions of MarineEval across
capabilities. The large marker denotes average resolution.

B. Domain Gap Analysis

From the experiments reported in the main paper, we ob-
served that the model exhibits notable weaknesses in two
key aspects: spatial reasoning and species comprehen-
sion. In this section, we further investigate whether these
shortcomings primarily arise from insufficient marine sci-
ence domain knowledge or from fundamental limitations of
current VLMs.

To this end, we constructed a human-verified evaluation
set encompassing both general and marine-specific contexts,
each consisting of 200 questions. The dataset was carefully
designed to ensure both quality and comprehensive coverage.
We then assessed the performance of the best-performing
open-source and closed-source models, as summarized in
Table 2. Our analysis reveals two major findings:

 Spatial reasoning performance remains consistently low
across both domains, suggesting that this limitation stems
from intrinsic weaknesses in current VLM architectures or
optimization strategies rather than from a lack of domain-
specific data.

¢ Species comprehension declines sharply in the marine
context, highlighting these models’ heavy dependence on
specialized knowledge and insufficient adaptation to niche
domains.

To further contextualize these findings, we conducted
a human evaluation study using MarineEval. In this ex-
periment, individuals from both general and marine science
backgrounds were invited to answer the same set of questions
used for model evaluation. The results in Figure 3 reveal that
participants with a marine science background substantially
outperform both VLMs and general-background participants
on average, particularly in Species Comprehension (SC).



Domain-Speci ¢ Benchmarks

Benchmark # Questions Question Format Domain
Heron-Bench 102 Free-Form Japanese
KOFFVQA 275 Free-Form Korean
CulturalVQA 2,378 Free-Form Culture
VQA-RAD 3,515 Yes/No, Free-Form Medical
MarineEval (Ours) 2,000 Yes/No, Multiple Choice, Localization, Free-Form Marine

General-Domain Benchmarks

MM-VET 200 Free-Form General
MME 2,194 Yes/No General
SEED-Bench 19,242 Multiple Choice General
Table 1. Comparison of VQA benchmarks statistics.
General Domain Spatial Reasoning  Species Comprehension C.1. Species Comprehension
Best open-source model 18.00 24.50 This dimension evaluates the ability of VLMs to identify
Best close-source model 33.00 62.00 and interpret species-speci ¢ visual information, thereby

supporting biodiversity monitoring and ecological research.

Marine Domain Spatial Reasonin Species Comprehension . . . . .
P 9 _>°p P We detail various subtasks in the following subsections.
Best open-source model  17:00 o1.00 23:00 o150 . . .
A1 ies ldenti ion
Best close-source model  32:00 ;.00 3571 5629 C Species denti catio

Table 2. Performance comparison under general and marine set-
tings. Each setting contains 200 questions.

This convergence between human and model performance
gaps highlights thaBCis the dimension most reliant on
domain-speci ¢ expertise. Together with the quantitative
results in Table 2, these ndings underscore the essential
role of domain adaptation in advancing multimodal under-
standing within specialized scienti ¢ elds such as marine

ecology. : T - : -
Figure 4. Distribution of dif culties for Species Identi cation task.

This dimension assesses the capacity of VLMs to perform
taxonomic classi cation of organisms depicted in images. To
provide a more granular evaluation of VLMs' performance,
the questions are categorized into three levels of dif culty
based on the taxonomic rank. The de nitions of these dif-
culty levels and their distribution are presented in Table 4
and Figure 4, respectively. A question sample is shown in
Figure 6 for better illustration.

Figure 3. Performance comparison of humans and VLMs.

C. Dimensions

This section show the details of each dimension in 7 capa-
bilities, including Species Comprehension (Section C.1),
Behaviour & Trait Extraction (Section C.2), Document
Interpretation (Section C.3), Conservation & Threat Analy-
sis (Section C.4), Marine Technology Understanding (Sec-
tion C.5), Spatial Reasoning (Section C.6), Hallucination
Resistance (Section C.7). The overview of all 7 task dimen-

sions and 20 capacity dimensions is shown in Table 3 Figure 5. Model performance for the Species Identi cation task.



Capability Dimension Description

Species Identi cation  Determine the scienti ¢ (binomial) name of a species from a single specimen image.

Cross-Image Assess whether two independently presented images depict the same species.
Species _Matching
Comprehension Biodiversity Identify and list all distinct species visible within a complex ecological scene.
Recognition

Ecological Attribute Infer ecolog'lca'l attributes of a given species—such as habitat, geographic range, or trophic
Inference role—from its image.

Analyze pairs of species images to deduce their ecological relationship (e.g., predation,

Inter-Species . o
mutualism, symbiosis).

Relationship
Reasoning
Camou age Detect and spatially delineate organisms exhibiting camou age through disruptive col-
Localization oration or texture blending.

Behaviour & Trait ~ Trait Extraction Extract key morphological or visual traits of a species from a single image.

Extraction Behavioural Identify and classify behavioral patterns displayed in a short sequence of frames.
Classi cation

SR Figure Understanding  Interpret and derive insights from scienti ¢ gures or graphical data representations.

ument = - - - - - - -—- T T T e e e T -
Interpretation Book Understanding  Comprehend and extract information from book pages.

Analyze, and interpret research ndings presented in scienti ¢ journal articles with

Paper Understanding .
extensive textual content.

. Disaster Diagnosis Identify the type of environmental disaster represented in an image.
Conservation& - — - - — = — — — — = — = - — = = - = T~ - - - - - - - - - - - - - o - - -

Threat Analysis Pollutant Localization  Detect and localize anthropogenic pollutants or contaminants within the visual scene.

Determine the International Union for Conservation of Nature (IUCN) conservation status

Threat-Status :
of the focal organism.

Determination

Marine Technology |nstrument Function  Identify the function or operational role of marine equipment shown in an image.
Understanding Identi cation

Visual Grounding Locate within an image the species or object referenced in a textual query.
Spatial Reasoning . _ — """ T T X E T D A e M R R TR AEg 2 TEeeE ) M e T A
Determine which of several designated points in an image is closest to the observer or
camera viewpoint.

Spatial Relation Infer the relative spatial arrangement between two organisms (e.g., left of, above).
Assessment
Hallucination Hallucination Assess whether the model produces fabricated or unsupported outputs when prompted
Resistance Resistance with ambiguous or controlled inputs.

Table 3. Overview of the seven task dimensions and twenty capability dimensions in our MarineEval.

Performance As reported in Figure 5, both open-source and
Dif culty ~ Description close-source VLMs face challenges in accurately identifying
organisms at th&pecies level. However, close-source
models generally outperform open-source models across dif-
ferent levels of classi cation. We attribute this phenomenon
Hard Models are asked to determine the taxondBpiecies name to the Iarger training corpus of these close-source VLMSs.

Table 4. De nition of dif culty for the Species Identi cation.

Simple Models are asked to determine the taxondraimily name.

Medium Models are asked to determine the taxond@eaus name

C.1.2. Cross-Image Matching

Data collectiort The data for this dimension is sourced from This dimension evaluates whether VLMs can identify the
BioTrove [35], which provides taxonomic classi cations at same species across differentimages or differentiate between
various levels along with corresponding images. All classi - distinct species with similar appearances. VLMs are pre-
cation labels have been veri ed by more than three domain sented with two independent images and tasked with deter-
experts and researchers on iNaturalist [12]. mining if both depict the same species. The evaluation is



Figure 8. Model performance for the Cross-Image Matching task.

Figure 6. Question sample of the Species Identi cation task.

categorized into three dif culty levels based on taxonomic
classi cation, as species within the same higher-level tax-
onomic group often exhibit similar physical traits, making
differentiation more challenging. A visual sample is shown
in Figure 9 for better explanation. Table 5 and Figure 7
illustrate the de nitions and distributions of these dif culty
levels, respectively.

Figure 9. Question sample of the Cross-Image Matching task.

Dif culty ~ Description

Simple Two images depict either the same species or different species
from distinct taxonomi¢amilies

Medium  Two images depict different species within the same taxonomic

Figure 7. Dif culty distribution in the Cross-Image Matching task. Famiy _but belonging to separa@enera

Data collectiont The data used for this evaluation is also de- Hard Two images depict different species within the same taxonomic
rived from BioTrove B5], which provides taxonomic classi- Genus but belonging to separagpecies .

cations and corresponding images. All classi cation labels
were veri ed by at least three domain experts and researchers
on iNaturalist [L2]. For each dif culty level, we sampled two
image pairs to construct a cross-image matching question.
Performance As shown in Figure 8, model performance
declines as task dif culty increases, indicating greater chal-
lenges in distinguishing closely related species. However,
closed-source models show no signi cant performance drop
from the dif culty level of Mediumto Hard, potentially due

Table 5. De nition of dif culty for Cross-Image Matching task.

Data collection The images are drawn from a self-annotated
object-detection corpus. Images with fewer than two species
are discarded to ensure suf cient task dif culty. For the
multiple-choice question, we keep only the class labels and
augment each question with three distractors drawn uni-
formly from the remaining label pool.

to their stronger visual encoders. Performance As illustrated in Figure 11, the closed-source
S » models outperform the open-source models. However, de-
C.1.3. Biodiversity Recognition spite the smaller pre-training budgets, InterVL2 &nd

This dimension evaluates a model's ability to identify every InternLM-XComposer-2.537] achieve similar performance
taxon present in a visually complex scene. Given an inputto the leading proprietary models. It suggests that excel-
image, the VLM must enumerate all species it can observelence on generic multimodal benchmarks does not automati-
A representative sample is provided in Figure 10. cally indicate a strong ne-grained ecological understanding



Figure 10. Question sample of the Biodiversity Recognition task. Figure 12. Question sample of the Species Ecology task.

Figure 11. Model accuracy for the Biodiversity Recognition task. Figure 13. Model accuracy for the Species Ecology task.

ability. Instead, domain-aware pre-training and instruction annotations with primary literature references, ensuring high

tuning are essential. label delity.
Performance Figure 13 reveals a marked performance col-
C.1.4. Ecological Attribute Inference lapse for all evaluated models, where no models surpass

50% accuracy. Accurate inference of non-visual biolog-
This task assesses whether a VLM can deducejcal attributes requires connecting visual identi cation to
species—speci ¢ ecological traits from a single species g structured body of domain knowledge, a capability that
image. Concretely, the model must answer multiple—choice present-day VLMs largely lack. The consistent shortfall
questions concerning a taxon's geographic range, preferrechcross all architectures suggests a systemic knowledge gap
habitat, reproductive strategy, or trophic niche. An rather than an optimization issue speci ¢ to any one model.
illustrative example is provided in Figure 12. Future work could contain 1) incorporating curated eco-
Data collectionimages and ground—truth attributes are har- logical knowledge bases during multimodal pre-training, 2)
vested from the BioTrove3p] and FishBased] repositories.  exploring retrieval-augmented decoding to inject factual con-
FishBase, in particular, provides expert—validated ecologicaltext at inference time, and 3) developing evaluation suites



that disentangle visual recognition errors from knowledge-
retrieval failures. Such directions are essential if VLMs are
to support real-world biodiversity monitoring and conserva-
tion applications.

C.1.5. Inter-Species Relationship Reasoning

This evaluation dimension measures a model's ability to
identify interspeci ¢ ecological interaction. The task covers
the ve canonical relationship typegparasitism predation
competition commensalispandmutualism Given one or

two photographs of the organisms, the model must infer
the most plausible interaction and choose the corresponding
label. A visual sample is shown in Figure 14.

Figure 15. Model accuracy for the Inter-Species Relationship Rea-
soning task.

Figure 14. Question sample of the Inter-Species Relationship ReaFigure 16. Question sample of the Camou age Localization task.

soning task. S ) ) o
taxa and distinguishing subtle interaction cues. These limita-

Data acquisition. We rst employed GPT-4 to generate tions underscore the need for domain-speci ¢ data, expert
candidate species pairs for each interaction category, thesupervision, and tailored ne-tuning before VLMs can be
retrieved representative photographs through Google Imageleployed with high con dence in real-world marine science
Search, retaining the original URLSs to protect copyright. applications.

Marine biologists subsequently screened the material and

curated a balanced set of 100 image—question—answer pair
in which 1) both organisms are clearly visible and 2) the
annotated interaction is ecologically valid. Camou age localization is notoriously challenging, even
Performance Although recent VLMs achieve encouraging for experienced human observers. Successful identi ca-
results on general-purpose benchmarks, their accuracy otion requires 1) knowledge of the species-speci ¢ chromatic
our marine benchmark remains modest: no model exceeds apatterns that allow the animal to blend seamlessly with its
average score of 70%, and several perform only marginallysurroundings, and 2) the ability to delineate the organism's
better than random guessing, as shown in Figure 15. Theprecise spatial extent. We introduce this task to probe the
large performance room reveals that general-purpose prelimits of current VLMs. The question is deemed correct if
training is insuf cient for reliably interpreting specialised there is any one predicted bounding box that overlaps with
marine imagery and reasoning about ecological relations. Inthe ground truth witHOU > 0:3. An illustrative example
particular, the models struggle with recognising less-frequentis shown in Figure 16.

&.1.6. Camou age Localization



Data collection We curated 100 marine-camou age images
from the MOCA [L7] and CAMO-FS P5] datasets. Non-
marine instances were manually removed, and the bound-
ing boxes provided by the original datasets were exhaus-
tively re-veri ed. The resulting corpus comprises 100 im-
age—question—answer triples.

Performance The result is demonstrated in Figure 17.
Some of the models achieve nearly zero accuracy because
they cannot output bounding boxes in the required format.
For the other models, the near- oor performance indicates
that contemporary VLMs largely fail to perceive and localize
camou aged marine animals. In other words, the models
do not yet possess the ne-grained color discrimination,
texture sensitivity, and contour reasoning required for this
localization task, highlighting a signi cant gap between cur-
rent VLMs and human-level perception in complex natural
scenes.

Figure 18. Model accuracy for the Traits Extraction task.

Figure 17. Model accuracy for the camou age localization task.

C.2. Behaviour & Trait Extraction

This capability focuses on extracting species-speci c traits  Figure 19. Model accuracy for the Traits Extraction task.

gnd cla55|fy|ng beh.a"'o_rs from images orsequences, aIOIIngquestions, with one correct answer and other misleading
in understanding biological and ecological processes. answers

C.2.1. Traits Extraction Performance As shown in Figure 19_, all open-source
o ) - ) ) . models perform equally well on the Traits Extraction tasks.

This dimension tests VLMs' ability to align visual trait ap- Among the closed-source models, InternVi] pnd In-

pearance and textual description, which focuses on the bitornvi 2.5 [3] outperform the others, demonstrating higher

ological traits of the species. Models are asked to answer, ey racy and better consistency in extracting detailed species
multiple-choice questions to determine the traily,color, traits.

shape, texture, or patteatc) of the target species. A visual

testing example is shown in Figure 18. C.2.2. Behavioural Classi cation

Data collection Question-answer pairs are collected from a This dimension evaluates the VLMs' ability to infer species-
self-collected image captioning dataset, where each captiorspeci ¢ behavioral characteristics from a sequence of frames.
description the physical appearance of the target speciesor example, models will be asked to identify behaviors such
which is written by marine ecologists. We input the image as attacking prey, escaping habitats, and surfacing for air or
and the image caption to GPT to generate multiple-choicehiding. A visual sample is shown in Figure 20.



C.3. Document Interpretation

This capability systematically evaluates a model's capacity
to comprehend and interpret complex scienti c documents,
including detailed gures, tables, equations, and extensive
technical diagram, thereby enabling accurate and contex-
tually informed knowledge extraction to support advanced
applications in education, research, and scienti ¢ discovery.

C.3.1. Figure Understanding

This dimension evaluates the VLMs' ability to derive in-
sights from scienti ¢ gures or graphs. For example, models
are asked to interpret trends, compare values, or summarize
key information presented in charts, plots, or annotated dia-
grams. From a given gure, the model should infer relevant
conclusions, describe relationships between variables, or

Figure 20. Question sample of the Behavioural Characteristics taSk-identify anomalies and signi cant patterns. A visual testing
sample is shown in Figure 22.

Figure 21. Model accuracy for the Behavioural Classi cation task.

Data collection Data source for this dimension are drawn
from the Animal Kingdom datase®{l], a large-scale re-
source designed for animal behavior understanding. Veri ed
behavior and species labels are adapted to construct new
question-answer pairs tailored to our task. We extract 10
consecutive frames at uniform intervals from 0 to 1, with

a step size of 0.1 to capture dynamic behaviors. To ensure
meaningful behavioral distinctions, we lter out the generic
action label “swimming”, as it is common to most marine
species underwater.

Figure 22. Question sample of the Figure Understanding task.

Data collection 15 Open-access marine science paperé{
Performance Figure 21 presents the performance of the 7, 9, 10, 16, 18, 20, 27, 28, 31, 34, 3€], released between
evaluated VLMs on the behavioural classi cation task. Over- mid-2024 and 2025, are crawled from reputable journals and
all, the closed-source models performed worse than the openinstitutional sources. Only statistical gures are extracted
source ones, possibly due to suboptimal multi-frame processand cropped, excluding surrounding text, to isolate visual
ing. Among all the closed-source models, Grok-2-Vision content that demands careful interpretation.

achieved the highest accuracy, exceeding 60%. For the operPerformance For the Figure Understanding performance as
source models, InternVL-2.5 attained the best result with anshown in Figure 23, all close-source models achieved high
accuracy of 50%. performance, each exceeding 60% accuracy. Interestingly,



within the open-source models, InternVL-23,[InternVL-
2[3], and InternVLM-XComposer{/] also reached satis-
factory results, performing on par with the closed-source
models.

Figure 24. Model accuracy for the Book Understanding task.

Figure 23. Model accuracy for the Figure Understanding task.

C.3.2. Book Understanding

This dimension assesses the VLMs' capability to compre-
hend and interpret information presented on a book page
that combines both textual and visual elements. Models are
prompted to read descriptive paragraphs, analyze accompa-
nying gures or diagrams, and integrate these sources to
answer questions.

Data collection We collect pages from the three ma-
rine identi cation books: “Reef Fish Identi cation - Trop-
ical Paci c”, “Reef Creature Identi cation - Tropical Pa-

ci c”, and “Nudibranch & Sea Slug Identi cation - Indo-
Pacic” [1, 11, 14]. From these collected materials, we
generate question—answer pairs based on the book content.
Performance All models perform poorly on this task, with
accuracy scores remaining below 40%, highlighting signif-
icant limitations in their ability to handle ne-grained or
domain-speci ¢ reasoning.

C.3.3. Paper Understanding Figure 25. Question sample of the Paper Understanding task.

This dimension assesses the VLMs' ability to comprehend

and extract information from scienti ¢ papers. For example, Mid-2024 and 2025, are crawled from reputable marine sci-
models are asked to interpret overall architecture diagramsence journals, websites, and institutional repositories. Docu-
summarize experimental results, or explain methods andments are selected to combine complex textual content with
conclusions based on texts, gures, and tables within thescienti ¢ gures, diagrams, and tables. Pages with high vi-
paper. From a given section or schematic, the model shoulgsual and contextual complexity are prioritized to ensure that
infer the main ideas, describe the ow or design of the archi- answering correctly demands genuine comprehension of the
tecture, and clarify how its components interact. A visual scienti ¢ material, rather than relying on pattern matching
testing sample is shown in Figure 25. or random guessing by VLMs.

Data collection 15 Recent open-access papets 4— Performance Figure 26 show that the open-source models
7,9, 10, 16, 18, 20, 27, 28, 31, 34, 36], published between InternVL [3], InternVL-2.5 [3], and InternVLM-XComposer
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