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Abstract

Recent advancements in Multimodal Large
Language Models (MLLMs) have demon-
strated impressive capabilities in interpreting
single medical images. However, real-world
clinical diagnosis is intrinsically a multi-view
process, requiring the synthesis of informa-
tion across volumetric slices, temporal se-
quences, and comparative modalities. Ex-
isting benchmarks fail to capture this com-
plexity, limiting the assessment of models in
realistic clinical workflows. To bridge this
gap, we introduce MedMultiBench, the first
large-scale benchmark specifically designed
for medical multi-image understanding. Com-
prising 11,392 expert-curated samples, Med-
MultiBench evaluates MLLMs across four dis-
tinct dimensions: Joint Reasoning, Compara-
tive Analysis, Comprehensive Perception, and
In-Context Learning. We benchmark 13 state-
of-the-art MLLMs, revealing that while current
models excel in single-view tasks, they struggle
significantly with multi-image contexts. Our
experiments identify a performance degrada-
tion in open-source models when processing
increased visual loads, whereas closed-source
models demonstrate better scalability. Med-
MultiBench provides a robust framework to
facilitate the development of MLLMs capable
of holistic clinical reasoning.

1 Introduction

The convergence of computer vision and natural
language processing has accelerated the develop-
ment of medical multimodal large language mod-
els (MLLMs). Models such as LLaVA-Med (Li
et al., 2023) and Med-PaLM (Tu et al., 2024)
have achieved expert-level proficiency on stan-
dard visual question answering (VQA) benchmarks.
These achievements suggest the imminent potential
for assisting radiological interpretation. However,
current evaluation benchmarks predominantly treat
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Learning from the Examples

The left apex shows probable scarring
with an inability to rule out a cavitary
lesion. Bilateral upper lobe opacities
are likely scarring. Follow-up imaging
is needed. 

What findings or
impressions can you get
from this X-ray image? 

Here are four CT images of brain
tumor of the same patient at
different times. Please analyze
the change trend of the disease

Improve Diagnosis from Multiple Views✅

There is a calcified
granuloma identified in the
right suprahilar region.

Calcified granuloma in the left
upper lung is noted as well as right
retrocardiac calcified nodule.

Now Refer to the two
diagnostic examples
above describe this image. 

Example-1 

The lungs and pleural
spaces show no acute
abnormality.

CT MRI
A 55 y/o woman seen as an outpatient for
possible mastitis. What can you find from
these images? 

CT shows skin thickening over right
breast, significant enlargement of right
breast compared to left.
MRI of thoracic spine shows abnormal
signal intensity. 
Pathology shows malignant breast
histopathology. 
May be breast cancer spinal metastasis. 

Pathology

❌ Isolation from Cross-Modal Evidence

Serial imaging (scans 1–4): Stable disease
between scan 1 and 2; disease advance-
ment noted from scan 2 to 3, with
subsequent progression from scan 3 to 4.

Example-2 
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Query 

Answer 

Query 

Answer 
Answer 

Query 

Lack of Temporal Continuity❌

❌ Constraint on Few-Shot Adaptation

Answer 

✅✅ Reflect the Temporal Evolution

Figure 1: The motivation for multi-image analysis capa-
bilities in medical MLLMs.

medical visual understanding as a static classifi-
cation task restricted to a single image (Xu et al.,
2024), which fundamentally diverges from actual
clinical scenarios (Yang et al., 2025b).

As illustrated in Figure 1, a radiologist rarely
diagnoses a patient based on a single isolated slice.
The diagnostic process requires scrolling through
adjacent slices to trace anatomical structures, com-
paring current scans with priors to track disease
progression, or correlating findings across different
imaging modalities. A practitioner relying on a
single snapshot would be deemed clinically insuffi-
cient (Tang et al., 2024). Consequently, relying on
single-image evaluation creates a disparity between
model performance metrics and real-world utility.

Current medical VQA benchmarks, including
VQA-RAD (Lau et al., 2018), SLAKE (Liu et al.,
2021), and PMC-VQA (Zhang et al., 2023), remain
predominantly restricted to single-image interpre-
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tation, largely overlooking inter-image relational
dynamics. While the general computer vision
community has shifted toward multi-image (Zhao
et al., 2024; Wang et al., 2025) and video-based
understanding (Li et al., 2024), medical adapta-
tions remain limited. Recent efforts like Med-
FrameQA (Yu et al., 2025) introduce multi-frame
inputs but are confined to instructional videos, fail-
ing to capture broader diagnostic reasoning such as
differential correspondence or spatial reconstruc-
tion. Therefore, the lack of a systematic evaluation
framework leaves the abilities of medical MLLMs
in complex clinical reasoning unquantifiable.

To bridge this gap, we introduce MedMulti-
Bench, a comprehensive benchmark specifically
engineered to evaluate the multi-image understand-
ing capabilities of MLLMs. Moving beyond simple
image-text pairing, MedMultiBench requires the
holistic synthesis of temporal, spatial, and com-
parative evidence across more than 11,000 expert-
curated samples. We formalize medical multi-
image reasoning into a novel taxonomy compris-
ing four essential dimensions: (1) Joint Reason-
ing for cross-view feature fusion; (2) Compara-
tive Analysis for differential diagnosis; (3) Compre-
hensive Perception for higher-order logic such as
spatial ordering and temporal analysis; and (4) In-
Context Learning for few-shot adaptability using
interleaved clinical demonstrations. Our contribu-
tions are as follows:

(1) We establish a formal taxonomy for multi-
image medical reasoning, defining inter-image rela-
tionships through four key dimensions: spatiotem-
poral continuity, cross-view heterogeneity, differ-
ential correspondence, and semantic reference.

(2) We introduce MedMultiBench, the first large-
scale benchmark for multi-image clinical under-
standing, comprising 11,392 samples across 13
subtasks to rigorously evaluate holistic evidence
synthesis in realistic scenarios.

(3) We conduct an extensive evaluation of 13
state-of-the-art MLLMs. Our experiments reveal
that current open-source models suffer significantly
from information overload in multi-image scenar-
ios compared to closed-source counterparts, high-
lighting critical directions for future optimization.

2 Related Work

2.1 Multimodal Large Language Models

Recent multimodal large language models have
achieved significant progress in vision tasks (Hurst

et al., 2024; Team et al., 2023; Yang et al., 2025a).
However, the performance of these models in med-
ical domain is constrained due to the lack of spe-
cialized medical knowledge. To bridge this gap,
medical MLLMs such as LLaVA-Med (Li et al.,
2023), HuatuoGPT-Vision (Chen et al., 2024),
Med-Flamingo (Moor et al., 2023), Lingshu (Xu
et al., 2025) and Fleming-VL (Shu et al., 2025)
have been developed and achieve better scores on
existing medical VQA benchmarks.

2.2 Medical Vision-Language Benchmarks

The landscape of medical VQA has evolved sig-
nificantly. Early datasets like VQA-RAD (Lau
et al., 2018) and PathVQA (He et al., 2020) es-
tablished the baseline for closed-ended and open-
ended QA on Radiology and Pathology images.
Additionally, SLAKE (Liu et al., 2021) introduced
bilingual annotations and richer semantic segmen-
tation masks, while PMC-VQA (Zhang et al., 2023)
scaled up the data magnitude by mining image-text
pairs from open-access literature. More recently,
works like OmniMedVQA (Hu et al., 2024) and
MLEBench (Xu et al., 2024) expanded the scope
by providing large-scale, comprehensive evaluation
across more medical modalities and tasks. To move
beyond simple perception, MedXpertQA (Zuo
et al., 2025) introduced a benchmark specifically
designed to test expert-level clinical reasoning, fo-
cusing on challenging cases that require deep med-
ical knowledge. Despite their contributions, these
benchmarks share a common limitation: inputs are
restricted to single image. This restriction prevents
the assessment of cross-referencing skills, which
are vital for reducing diagnostic ambiguity.

2.3 Multi-Image Understanding Benchmark

In the general domain, evaluating the capabil-
ity of MLLMs to reason across multiple vi-
sual inputs has become a pivotal research di-
rection (Meng et al., 2024; Jiang et al., 2024;
Liu et al., 2024). In the medical domain, Med-
MIM (Yang et al., 2025b) proposed a multi-image
instruction-following benchmark to evaluate the
multi-image understanding ability of MLLMs.
MedFrameQA (Yu et al., 2025) extracts temporally
coherent frames from videos to evaluate the reason-
ing capabilities of MLLMs in real-world clinical
diagnosis. However, existing benchmarks focus on
limited modalities or simple tasks and cannot effec-
tively simulate real-world clinical scenarios. Our
work aims to fill this gap by providing an expert-
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Figure 2: Construction pipeline of MedMultiBench.

curated, large-scale multi-image medical bench-
mark.

3 Preliminary

While standard MLLMs optimize the conditional
probability P (y | I, T ) for single image con-
texts (Huang et al., 2022), this paradigm often re-
duces medical diagnostics to static instance recog-
nition. Such a simplified approach fails to account
for the multi-source evidence synthesis essential
to clinical decision-making. We therefore define
multi-image medical reasoning as generating a re-
sponse y given a textual instruction T and a set of
N images I = {I1, . . . , IN} where N ≥ 2:

y = argmax
y

P (y | I, T ). (1)

To succeed in this task, a model must learn an
interaction function that captures the underlying
relational structure of I. We characterize these
relationships through four primary dimensions.

Spatiotemporal Continuity. This category en-
compasses images constrained by physical or tem-
poral proximity, simulating the foundational pro-
cess of navigating volumetric or longitudinal medi-
cal data. In volumetric scenarios, the set I consists
of sequential 2D slices that represent a continuous
3D anatomical structure. The model is required to
understand the spatial arrangement of these slices
to maintain structural coherence. Similarly, for tem-
poral data, the images capture the same anatomical
region at different time points. Reasoning in this
context shifts from static recognition to analyzing
transitions, such as tracking tumor progression or
evaluating treatment response over time.

Cross-view Heterogeneity. Images in this cat-
egory represent the same subject through diverse

imaging physics or viewpoints. This includes multi-
modal correlation between MRI and CT scans or
multi-angle projections such as frontal and lateral
X-rays. Unlike continuity-based tasks, this dimen-
sion requires synergistic integration; the model
must perform cross-modal alignment to resolve
ambiguities, effectively triangulating the diagnosis
through diverse sensory inputs.

Differential Correspondence. This category fo-
cuses on image pairs curated for comparative anal-
ysis to identify subtle pathological or physiological
shifts. Typical clinical scenarios include evaluat-
ing contrast enhancement between pre- and post-
contrast phases. The model must distinguish persis-
tent anatomical structures from interval changes.

Semantic Reference. Unlike other categories,
these images are linked by analogical relevance
rather than patient identity. This dimension encom-
passes visual retrieval based on shared attributes
and in-context learning, where the image set I con-
tains support demonstrations consisting of image-
text pairs {Ik, Tk}. In these cases, the model must
perform analogical reasoning to map patterns from
reference examples to the target query, necessitat-
ing a meta-level understanding of diagnostic logic.

4 MedMultiBench Construction

To systematically evaluate MLLMs in com-
plex clinical scenarios, we introduce MedMulti-
Bench, a large-scale benchmark comprising
11,392 samples. As illustrated in the construc-
tion pipeline shown in Figure 2, MedMulti-
Bench integrates diverse high-quality sources
such as IU-Xray (Demner-Fushman et al., 2015),
GMAI (Ye et al., 2024), SAM-Med2D (Cheng
et al., 2023), MedPix (Siragusa et al., 2025), Omn-
iMedVQA (Hu et al., 2024), MMMU (Yue et al.,
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Task 1: Joint Reasoning

Segmentation Mask Analysis

Disease DetectionOrgan Recognition

View the images provided.
What organ is displayed in
the marked area?

Examine the images provided. What is the likely
abnormal condition shown in the highlighted area?

Task 2: Comparative Analysis

Visual Choice
Which image has the same modality as the

sample image？

Task 3: Comprehensive Perceptions

Counting

Video Frame Understanding

Spatial Ordering

Temporal Analysis

Task 4: In-Context Learning

1-shot: Example

1-shot: Example
Closed VQA

Open VQA 3-shot: ......

5-shot: ......

Figure 1 is an image from an CT
examination, and Figure 2 is a
mask image. The white area in

Figure 2 corresponds to a certain
part of Figure 1. Please combine
the two images to determine what

disease or body part the white
area represents?

Figure 1

Figure 2

Figure 1 Figure 2

A. stomach

B. adrenal gland√

C. pancreas

D. esophagus
A. pleural effusion    B. lung nodule    C. breast tumor
D. liver tumor√    E. colon cancer primaries

A. spleen    B. gallbladder    C. pancreas √    D. stomach

Visual Retrieval

Difference Description

A. B. C. D.

A. B.

C. D.

Answer : B √

Answer : One √

Which of the following options is
normal? Answer : B √

Describe the following two pictures. Provide the answer in the following format.

The first image is the original image, and the second to fifth images are the segmented
subgraphs. The correct order for the subgraphs to be restored to the original image is ()

A. ③②①④ B. ①③②④     C. ③①④②     D. ③④②①

How many of the following pictures are

Choroidal Neovascularization (CNV)?

Based on the ultrasound findings in the first and second images, what is the most likely

explanation for the enlarged and elongated right ovary, given the absence of dominant follicles
and the thin endometrium?

Question:
How many of the following

pictures are Adenocarcinoma?

In comparison to the initial image, how would
you classify the brain tumor of the second
image: progressive or stable?

A. 2   B. 1  C. 0  D. 3
A. under observation  B. progressive  C. stable

A. Polycystic ovary syndrome (PCOS) with anovulation

B. Ovarian hyperstimulation syndrome (OHSS)

C. Chronic ovarian torsion with ischemic changes

D. Normal physiological variation during the follicular phase

E. Ovarian neoplasm with follicular disruption

F. Premature ovarian failure with compensatory ovarian
enlargement

Description
According to the figures, provide a
relevant description.

Question: According to the
figures, provide a relevant

description.

One Adenocarcinoma

Answer: Low lung volumes. Heart size normal. No
pneumothorax, pleural effusion, or focal airspace

disease. Bony structures appear intact. Left humeral
head bone anchors. No acute cardiopulmonary
abnormality.

Question: According to the
figures, provide a relevant

description.

Answer the question according to the example.

Answer:
Answer:

Differences: The first image depicts a
standard pelvis view with no specific
abnormalities noted. In contrast, the
second image reveals the presence of a

horseshoe kidney characterized by
several small renal cysts.

The cardiac silhouette and mediastinum

size are within normal limits. There is no

pulmonary edema. There is no evidence

of pneumothorax.

Figure 3: An illustration of MedMultiBench, including 4 tasks and 13 subtasks.

2024), Med-MIM (Yang et al., 2025b) and Med-
FrameQA (Yu et al., 2025). Our curation process
ensures clinical relevance through rigorous data
selection, expert-verified quality control, and task-
specific formatting. These core capability dimen-
sions are structured to align directly with the inter-
image relationships defined in the previous section.

4.1 Task 1: Joint Reasoning

This task evaluates the ability to synthesize seman-
tic information from multiple visual inputs, primar-
ily targeting the cross-view heterogeneity.

Organ Recognition and Disease Detection.
These subtasks assess fine-grained identification
across different planes, such as axial and coronal
views, or pathological diagnoses requiring feature
fusion from multiple complementary modalities.
We constructed 1019 organ recognition examples
and 703 disease detection examples from GMAI.

Segmentation Mask Analysis. This subtask
aims to explore the ability to visually align the orig-
inal image I with a binary mask M ∈ {0, 1}H×W .
Unlike standard VQA, the model must map the
anatomical structures represented by M onto I
to identify highlighted regions of interest without

pixel-level preprocessing. We screened 978 sam-
ples from SAM-Med2D, containing 25 classes of
anatomical structures.

Multi-image Description. Real-world clinical
scenarios require models to generate clinical re-
ports based on multi-view inputs, such as frontal
and lateral X-rays, or CT modalities and X-ray
modalities. This necessitates the model’s ability to
synthesize multi-view evidence into a structured
narrative. We filtered 992 samples from IU-Xray
and MedPix to obtain a standard, high-quality re-
port generation test set with multi-image inputs.

4.2 Task 2: Comparative Analysis

Clinical diagnosis is inherently differential. This
category maps to the differential correspondence
by evaluating the discriminative power between
related visual instances.

Visual Choice and Visual Retrieval. Visual
choice employs a reverse VQA paradigm, requir-
ing the model to select the correct image (Ik) from
a candidate image set O = {I1, I2, . . . , IM} that
best matches the clinical description q. The core
objective is to evaluate how the model can differen-
tiate between multiple visual candidates and make
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decisions based on professional medical cues. Vi-
sual Retrieval focuses on semantic attribute consis-
tency retrieval across images. Specifically, given
a query image Iquery and a text description q for
a specific semantic attribute, the model must iden-
tify the target image from the candidate image set
O that is consistent with Iquery in the dimension
specified by q. We construct 989 visual choice
examples and 835 visual retrieval examples from
OmniMedVQA, each example including 4 image
options.

Difference Description. Given a pair of im-
ages IA and IB , the model must generate a struc-
tured description ∆ to describe clinically signifi-
cant changes. This task requires the model to accu-
rately compare two medical images with different
diagnoses or presentations, identify key differences,
and output a difference report in professional and
clear text. We select 1022 discrepancy samples
from IU-Xray and MedPix, and generate reports
using LLM through a carefully constructed prompt.
The reports are then verified by experts.

4.3 Task 3: Comprehensive Perceptions
This category focuses on the advanced cognitive
and comprehensive reasoning capabilities neces-
sary for models in complex medical scenarios in-
volving multiple image sequences. It goes be-
yond static description and comparison of single
or paired images, focusing on analysis over time,
ranking at spatial scales, and precise statistics in
quantitative dimensions.

Temporal Analysis. Given a chronologically
ordered sequence of medical images, such as mul-
tiple CT scans of a patient, the model is required
to analyze the dynamic changes in lesions or physi-
ological structures. We selected 702 high-quality
samples from Med-MIM as our test set.

Spatial Ordering. To evaluate spatial struc-
ture understanding, we introduce a shuffled set
of slices, denoted as S = {I ′1, . . . , I ′N}, where
each element I ′i is a non-overlapping portion of
the original image. The model must predict an
optimal permutation π∗ to reconstruct the origi-
nal image by maximizing the objective function
π∗ = argmaxπ∈ΠN

C(Iπ, T ), where Iπ represents
the image sequence reordered according to the per-
mutation π, and the coherence function C quanti-
fies the correctness of the reconstructed image. We
selected 426 medical images of different modali-
ties from MMMU and divided each image into four
blocks for ordering, as shown in Figure 3.

Medical Counting and Video Understanding.
We included a task to count specific and clinically
significant medical targets across multiple related
images, comprising 681 samples filtered from Om-
niMedVQA. We also introduced a task to under-
stand medical video frames, comprising 1000 sam-
ples filtered from MedFrameQA.

4.4 Task 4: In-Context Learning

Finally, we evaluate the few-shot adaptability of
models through the lens of semantic reference. Us-
ing interleaved image-text prompts, the model is
provided with a support set of k demonstrations to
infer task specifications without parameter updates,
as represented by the conditional probability:

P (y | (I1, T1), . . . , (Ik, Tk), Iquery, Tquery). (2)

This task measures the capacity for analogical rea-
soning and the ability to map complex diagnostic
logic from limited reference examples to novel tar-
get queries. To ensure a rigorous evaluation, we
construct 1,053 instances for challenging closed-
ended VQA tasks such as counting and spatial sort-
ing, alongside 992 instances for open-ended VQA
tasks involving multi-image descriptions. Each task
is evaluated under 1-shot, 3-shot, and 5-shot set-
tings to observe the scaling of model performance
with increasing context.

4.5 Dataset Statistics and Human Check

MedMultiBench contains 11,392 carefully selected
samples covering a variety of medical imaging
modalities and diagnostic challenges. The dataset
distribution is strategically balanced across four
core capabilities to ensure robustness of the evalua-
tion. To guarantee clinical validity, all samples un-
derwent a rigorous human verification by medical
professionals to ensure accurate alignment between
visual evidence and textual descriptions. More de-
tails of each task are summarized in Appendix A.3.

5 Experiments

5.1 Experimental Setup

Baselines. We benchmarked 13 different models
to ensure a comprehensive comparison of open-
source and closed-source models. In the open-
source category, we evaluate general models, in-
cluding Qwen2.5-VL-7B-Instruct (Bai et al., 2025)
and Qwen3-VL-8B-Instruct (Yang et al., 2025a).
We also included medical-adaptive models to test
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Table 1: Main results on open-source models. Accuracy (%) is reported for closed-ended tasks and Bert Score (BS)
and Rouge-L (R-L) are reported for open-ended tasks. A darker background color indicates a better effect.

Task / Sub-Task Metric Qwen2.5-7B Qwen3-8B Lingshu-7B Fleming-8B Huatuo-7B Huatuo-34B

Task 1: Joint Reasoning
Organ Recognition Acc 34.74 55.94 49.85 62.02 40.14 50.54
Disease Det. Acc 49.08 54.62 52.63 57.33 56.47 54.34
Seg. Mask Analysis Acc 46.63 52.35 48.67 42.94 53.48 50.72

Image Description BS 49.87 51.30 51.77 49.52 49.09 50.75
R-L 7.72 13.61 21.90 16.25 11.45 14.09

Task 2: Comparative Analysis
Visual Choice Acc 53.59 64.51 59.35 33.57 75.03 75.43
Visual Retrieval Acc 25.27 42.16 42.51 25.27 57.72 47.31

Diff. Description BS 56.54 54.68 60.43 53.02 57.50 58.84
R-L 23.18 20.68 24.48 14.85 22.83 22.79

Task 3: Comprehensive Perceptions
Temp. Analysis Acc 52.85 66.95 55.56 45.51 53.42 55.56
Spatial Ordering Acc 29.11 29.88 20.66 25.82 24.18 23.71
Medical Counting Acc 30.84 49.49 26.28 48.31 52.72 45.37
Video Underst. Acc 39.70 43.30 41.50 56.10 49.30 48.70

Task 4: In-Context Learning
Closed VQA Acc 28.68 26.87 23.84 45.77 24.79 31.62

Open VQA BS 62.34 64.74 65.30 58.03 56.66 59.70
R-L 30.79 40.50 42.70 26.51 19.27 26.73

their domain specificity: HuatuoGPT-Vision (in-
cluding 7B and 34B versions) (Chen et al., 2024),
Lingshu-7B (Xu et al., 2025), and Fleming-VL-
8B (Shu et al., 2025). In the closed-source category,
we evaluated leading proprietary models, includ-
ing GPT-4o (Hurst et al., 2024), GPT-5.1 (OpenAI,
2025), Gemini3-Pro (Deepmind, 2025), Qwen-VL-
Plus (Bai et al., 2023), Moonshot-v1 (MoonshotAI,
2025), GLM-4.5v (Hong et al., 2025), and Doubao-
Seed-1.6-Vision (Bytedance, 2025). More details
are shown in Appendix A.2.
Evaluation Metrics. We employ task-specific met-
rics to evaluate model performance: Accuracy is
used for closed-ended tasks. For open-ended gen-
eration we report Rouge-L (Lin, 2004) to measure
textual overlap and Bert Score (Zhang et al., 2019)
to capture semantic alignment.
Implementation Details. For all evaluations, we
utilize the official APIs for closed-source models
and deploy open-source models using the vLLM
framework to ensure inference efficiency. In multi-
image scenarios, images are interleaved with text
tokens according to the model-specific templates.
All experiments are conducted on one NVIDIA
A800 GPU. Dataset can be found in the url1.

5.2 Main Results

Table 1 and Table 2 present the comprehensive per-
formance of all evaluated models across the four

1https://github.com/pkusixspace/MedMultiBench

task dimensions. Overall, the results demonstrate
that while open-source models have made signifi-
cant strides in specialized medical tasks, a perfor-
mance gap persists when compared to state-of-the-
art closed-source models, particularly in complex
reasoning and spatial perception.

Among the open-source models, Fleming-VL-
8B and Lingshu-7B exhibit notable advantages in
joint reasoning and open-ended generation, respec-
tively. Fleming-VL-8B achieves the highest accu-
racy in organ recognition and disease detection ,
while Lingshu-7B leads in image description and
open VQA. In the comprehensive perception task,
Qwen3-VL demonstrates superior performance,
suggesting that general models may be more adept
at temporal analysis and spatial ordering.

For closed-source models, Table 2 reveals a
higher performance ceiling. Gemini3-Pro emerges
as the leading model across most categories,
achieving a substantial margin in Spatial Ordering
(81.69%) and Organ Recognition (84.79%). These
results suggest that Gemini3-Pro has developed a
more complex internal representation of anatomical
structures. A cross-comparison highlights critical
trends: Task 3 represents the most significant bottle-
neck for open-source models. Furthermore, perfor-
mance in Task 4 is generally improved, verifying
that current models possess the ability to learn from
contextual examples. Additional detailed analyses
are provided in Appendix B.1.
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Table 2: Main results on closed-source models. Accuracy (%) is reported for closed-ended tasks and Bert Score
(BS) and Rouge-L (R-L) are reported for open-ended tasks. A darker background color indicates a better effect.

Task / Sub-Task Metric Moonshot-v1 Doubao-1.6 Qwen-Plus GLM-4.5v GPT-4o GPT-5.1 Gemini3-Pro

Task 1: Joint Reasoning
Organ Recognition Acc 37.10 66.93 62.32 61.63 60.94 69.97 84.79
Disease Det. Acc 44.95 61.45 65.01 58.46 60.60 63.44 67.99
Seg. Mask Analysis Acc 39.06 59.71 61.25 61.66 55.32 63.29 74.95

Image Description BS 44.77 51.04 52.45 46.23 49.40 53.80 56.61
R-L 10.46 10.73 10.34 9.04 13.34 20.01 14.27

Task 2: Comparative Analysis
Visual Choice Acc 50.35 65.82 68.96 60.36 63.90 67.64 71.89
Visual Retrieval Acc 43.95 51.26 51.26 46.95 46.59 54.37 52.81

Diff. Description BS 52.48 56.06 63.01 55.59 57.33 61.15 64.29
R-L 20.66 19.07 24.32 14.06 21.37 24.17 22.79

Task 3: Comprehensive Perceptions
Temp. Analysis Acc 42.02 69.52 64.10 71.08 53.56 66.24 44.87
Spatial Ordering Acc 31.22 64.79 53.99 44.84 31.92 37.32 81.69
Medical Counting Acc 40.53 47.58 54.77 51.25 59.32 54.04 60.65
Video Underst. Acc 43.80 52.80 49.20 49.40 48.20 51.70 56.10

Task 4: In-Context Learning
Closed VQA Acc 34.38 60.59 57.74 44.54 46.82 47.77 66.76

Open VQA BS 60.39 59.88 64.00 60.70 61.82 60.31 61.24
R-L 32.15 25.39 33.46 25.68 33.60 31.14 22.74
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Figure 4: Performance comparison of open-source and
closed-source models across 10 medical modalities.

5.3 Modality Sensitivity Analysis

The robustness of evaluated models across 10 dif-
ferent medical imaging modalities is illustrated in
Figure 4. Overall, the results reveal significant per-
formance variance depending on the imaging tech-
nique, with closed-source models generally main-
taining more balanced performance profiles across
the modality spectrum.

Gemini3-Pro exhibits the most comprehensive

coverage, consistently achieving top-tier accuracy
across nearly all modalities, particularly in CT,
MRI, and Endoscopy. This suggests a superior gen-
eralized capability in handling cross-sectional radi-
ological data. Other closed-source models, such as
GPT-5.1 and Doubao-Seed-1.6, also show strong
performance, though their advantages are more
modality-specific.

In the open-source category, models dis-
play more pronounced strengths and weaknesses.
HuatuoGPT-Vision-7B shows exceptional special-
ized performance in OCT, where it rivals or even
surpasses closed-source counterparts. However,
its performance fluctuates in more traditional ra-
diological modalities like CT and MRI. Similarly,
Fleming-VL-8B and Qwen3-VL-8B exhibit com-
petitive results in X-ray and Histopathology, yet
show a noticeable performance drop in complex
microscopic or dermoscopic images.

5.4 Impact of In-Context Learning

We further analyze the efficacy of in-context learn-
ing by varying the number of demonstration exam-
ples provided to the model, ranging from k = 0
to k = 5. The few-shot performance on IU-Xray
and MedPix is illustrated in Figure 5. Our findings
indicate a consistent performance gain across all
models when transitioning from 0-shot to few-shot
settings, with the most substantial improvement
typically observed at 1-shot.
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Figure 5: Comparison of few-shot performance.

On the IU-Xray dataset, Qwen3-VL-8B and
Lingshu-7B achieved BERT scores exceeding
80. In the more challenging MedPix benchmark,
Gemini3-Pro maintained a significant lead, consis-
tently outperforming other models across all sam-
ple sizes. Notably, while performance generally
improves with increasing sample size, some mod-
els plateaued or slightly declined at 5 samples, sug-
gesting they may be sensitive to context length or
noise in medical presentations. Further analysis is
provided in Appendix B.2.

5.5 Impact of Input Image Quantity

The relationship between the quantity of input im-
ages and the model accuracy is systematically eval-
uated in Figure 6. The experimental results reveal
a striking disparity in how open-source and closed-
source models handle increasing visual loads.

A primary observation is the balanced and robust
performance exhibited by closed-source models.
Models such as Gemini3-Pro, Doubao-Seed-1.6,
and QwenVL-Plus maintain high accuracy levels
even as the number of input images scales from 2 to
10. For instance, Gemini3-Pro shows remarkable
consistency, with its accuracy remaining largely
unaffected by the increased image count, peaking
at 69.7% with 10 images. In contrast, a univer-
sal trend of performance degradation is observed
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Figure 6: Heatmap of model accuracy across varying
input image quantities.

among open-source models as the input side be-
comes more populated. While models like Qwen3-
VL and Lingshu-7B achieve competitive results at
lower image quantities, their performance dimin-
ishes significantly as more images are introduced,
with accuracy often falling below the 30% thresh-
old in high-quantity scenarios. This pronounced
downward trend indicates a clear bottleneck in cur-
rent open-source architectures regarding their ca-
pacity to manage high-density visual contexts.

These findings underscore that simply increas-
ing the amount of visual evidence does not inher-
ently lead to better outcomes for all models.Open-
source models appear to struggle with information
overload, where additional images may introduce
confusion rather than clarity. This gap highlights
a critical area for future research, particularly in
optimizing the long-context visual processing ca-
pabilities of open-source frameworks to meet the
demands of real-world clinical workflows.

5.6 Qualitative Analysis

To further evaluate the practical reasoning capabili-
ties and interpretability of the models, we conduct
a detailed qualitative analysis across different tasks.
The comprehensive set of visual examples and anal-
ysis is provided in Appendix B.3.

6 Conclusion

In this work, we address the limitations of single-
view medical evaluation by introducing MedMulti-
Bench, a comprehensive benchmark dedicated to
multi-image clinical reasoning. We established a
novel taxonomy that categorizes multi-image rela-
tionships into Joint Reasoning, Comparative Anal-
ysis, Comprehensive Perception, and In-Context
Learning. By curating 11,392 expert-verified sam-
ples across 13 subtasks, we provide a rigorous
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testbed for assessing MLLMs in realistic diagnos-
tic scenarios. Our extensive evaluation exposes
a significant disparity between open-source and
closed-source models. We hope MedMultiBench
will serve as a foundational resource to guide the
development of next-generation medical MLLMs
capable of holistic clinical understanding.

Limitations

While MedMultiBench advances the evaluation of
multi-image understanding, several limitations re-
main. First, although we simulate volumetric anal-
ysis using sequential 2D slices, this approach does
not fully capture the native 3D processing capabil-
ities required for raw volumetric data (e.g., NIfTI
files). Second, for open-ended generation tasks,
while we employ widely used metrics like Rouge-L
and Bert Score, these automated metrics may not
perfectly align with human expert judgment regard-
ing clinical nuance and factual correctness. Future
iterations will aim to incorporate native 3D data for-
mats and more granular, clinically grounded evalu-
ation metrics.

Ethical Considerations

The images and original textual data utilized in
MedMultiBench are derived exclusively from pub-
licly available datasets (e.g., IU-Xray, MedPix,
GMAI) and are used in strict compliance with their
respective licenses. No private or identifiable pa-
tient data was collected for this study. To ensure
data quality and diversity, portions of the textual de-
scriptions and questions were reformatted or rewrit-
ten using GPT-5 based on the original clinical anno-
tations. We strictly controlled this process to func-
tion as a stylistic refinement rather than content
generation. All AI-processed text underwent rigor-
ous manual verification by medical professionals to
ensure clinical accuracy and to eliminate potential
hallucinations.
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A More Details

A.1 Details on Data Source

To construct our benchmark, we curated data from
the following high-quality sources, covering a wide
spectrum of modalities, specialties, and tasks:

GMAI-MMBench (Ye et al., 2024): This
datasets collects data from public sources and hos-
pitals, covering medical imaging tasks of detection,
classification, and segmentation. It is constructed
from 284 datasets across 38 medical image modali-
ties, 18 clinical-related tasks, 18 departments, and
4 perceptual granularities in a Visual Question An-
swering (VQA) format.

SAM-Med2D (Cheng et al., 2023): SAM-
Med2D contains 4.6 million medical images and
19.7 million corresponding masks, covering 10
modalities, 31 major organs, and 219 categories. Its
segmentation targets cover almost the entire body,
making it a large-scale and diverse medical image
segmentation dataset.

IU-Xray (Demner-Fushman et al., 2015):
Sourced from the Indiana University Healthcare
system, this dataset contains 7,470 chest X-ray im-
ages associated with 3,955 clinical reports. Each
clinical case typically includes both frontal and
lateral views of the same patient. This dual-view
characteristic is particularly valuable for our bench-
mark, as it provides the foundation for testing a
model’s ability to perform volumetric integration
and spatial reasoning across different perspectives.

MedPix (Siragusa et al., 2025): An expert-
curated database featuring over 12,000 patient
cases, 9000 topics and nearly 59,000 images. Each
case is categorized by disease location, patient pro-
file, and pathology. The dataset is characterized
by high-quality, peer-reviewed clinical cases. We
leverage this resource for its high-fidelity expert
knowledge and the complex, multi-modal relation-
ships between patient history and visual evidence.

OmniMedVQA (Hu et al., 2024): OmniMed-
VQA is a large-scale, comprehensive VQA bench-
mark containing 118,010 images with 127,995 QA-
items, covering 12 different modalities and refer-
ring to more than 20 human anatomical regions,
including rare anatomical regions. Its scale and
diversity make it an ideal source for constructing
questions that require broad medical knowledge
and the ability to generalize across infrequently
seen medical conditions.

MMMU (Yue et al., 2024): MMMU (Massive
Multi-discipline Multimodal Understanding and
Reasoning Benchmark) is a benchmark designed to
evaluate the performance of multimodal models on
large-scale, multidisciplinary tasks. We select our
data from its subset Health and Medicine, which
requires deep domain-specific knowledge and com-
plex reasoning, often involving the interpretation of
charts, molecular structures, and intricate clinical
diagrams.

Med-MIM (Yang et al., 2025b): Med-MIM is a
specialized dataset focused on multi-image medi-
cal understanding, providing an instruction-tuning
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dataset and evaluation suite. It includes 83.2k
multi-image medical instruction samples across
four tasks: co-reference, comparison, reasoning,
and temporal understanding.

MedFrameQA (Yu et al., 2025): Derived
from medical videos (such as laparoscopy and en-
doscopy), MedFrameQA dataset comprises 2,851
VQA pairs (gathered from 9,237 high-quality
frames in 3,420 videos), covering nine human body
systems and 43 organs; every question is accompa-
nied by two to five images. It focuses on surgical
workflows and dynamic anatomical changes. This
dataset is unique for its emphasis on sequential
reasoning, challenging models to understand how
clinical events unfold over time across a series of
visual inputs rather than in a single static image.

A.2 Details on Baselines
To ensure a comprehensive evaluation of Med-
MultiBench, we conduct experiments on a di-
verse set of Multimodal Large Language Models
(MLLMs), ranging from specialized medical mod-
els to general-domain frontier models.

Qwen2.5-VL-7B-Instruct (Bai et al., 2025): As
a base model widely used for fine-tuning in spe-
cialized fields, this model features a 7B parameter
architecture optimized for high-resolution visual
perception and structured output. Pre-trained on
a massive corpus of interleaved image-text data,
it excels at recognizing fine-grained visual de-
tails. We include it to evaluate how standard, high-
performance open-source MLLMs handle special-
ized medical multi-image contexts.

Qwen3-VL-8B-Instruct (Yang et al., 2025a):
This model represents the latest generation of the
Qwen-VL family, specifically enhanced for long-
horizon temporal reasoning and video-level un-
derstanding. With an upgraded vision-language
adapter and expanded context window, it is de-
signed to maintain coherence across multiple vi-
sual inputs. It serves as a key baseline for test-
ing whether recent advancements in general multi-
image processing translate to clinical scenarios.

Lingshu-7B (Xu et al., 2025): Built upon the
Qwen2.5-VL-7B-Instruct architecture, Lingshu is a
specialized medical MLLM designed to overcome
the limitations of general-domain models in clin-
ical scenarios. It utilizes a comprehensive data
curation procedure that synthesizes accurate med-
ical captions and reasoning samples from diverse

sources, including imaging and extensive medi-
cal texts. The training recipe follows a “shallow-
to-deep” progression and comprises four sequen-
tial stages: (1) MedicalShallowAlignment on 927k
data, (2) MedicalDeepAlignment on 4.1M data, (3)
MedicalInstructionTuning on 7.1M data, and (4)
Medical-oriented Reinforcement Learning on 100K
data. We include Lingshu to evaluate the impact
of specialized medical alignment and reasoning-
enhanced training on multi-image clinical tasks.

Fleming-VL-8B (Shu et al., 2025): Fleming-VL-
8B is a unified multimodal framework built upon
the InternVL3 architecture (InternViT as vision
encoder + Qwen2.5 as Language Model), specifi-
cally designed for heterogeneous medical modali-
ties including 2D images, 3D scans, and temporal
videos. The model is trained with a three-stage
training paradigm: (1) Interleaved Pre-training
on 2M visual-language corpora to develop multi-
image reasoning; (2) Medical Knowledge Injection
via 4M image-caption pairs for cross-modal align-
ment; and (3) Instruction Tuning on 2M instruction-
response pairs and GRPO-based Reinforcement
Learning on 100K samples to refine systematic
clinical reasoning. We include Fleming-VL-8B
to assess how structural optimizations for long-
context visual sequences impact performance in
complex multi-image medical benchmarks.

HuatuoGPT-Vision-7B / 34B (Chen et al.,
2024): The HuatuoGPT-Vision series (7B and
34B) is trained on 1.3 million high-quality medical
image-text pairs. The training follows a two-stage
paradigm: (1) large-scale medical image-text align-
ment, aimed at injecting fundamental medical vi-
sual knowledge; and (2) medical visual instruction
fine-tuning, utilizing expert-annotated and synthe-
sized question-answer pairs to enhance clinical di-
agnostic reasoning capabilities. We introduce two
versions, 7B and 34B, based on Qwen2-VL and
Yi-1.5-34B respectively, to evaluate the impact of
parameter scale and large-scale medical knowledge
injection on complex multi-image clinical tasks.

Moonshot-v1 (MoonshotAI, 2025): Moonshot-
v1 is a prominent proprietary MLLM recognized
for its exceptional long-context processing capa-
bilities. It excels in maintaining semantic global
coherence across dense, interleaved image-text se-
quences, making it a robust baseline for evaluating
long-form medical information understanding.
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Doubao-Seed-v1.6 (Bytedance, 2025): Devel-
oped by ByteDance, Doubao-Seed-v1.6 is a highly
capable model that prioritizes logical reasoning
and precise instruction-following. It’s specifically
designed to navigate complex, multi-step reason-
ing trajectories, providing a unique perspective on
deliberate clinical deduction.

Qwen-VL-Plus (Bai et al., 2023): Qwen-VL-
Plus is a versatile commercial-grade model from
Alibaba Cloud that demonstrates a balanced profi-
ciency in reasoning depth and broad cross-domain
knowledge. It serves as a reliable and stable base-
line for general-purpose multimodal understanding
across various clinical scenarios.

GLM-4.5v (Hong et al., 2025): GLM-4.5v is
a leading Mixture-of-Experts (MoE) multimodal
model developed by Zhipu AI. It is distinguished
by its sophisticated vision-language fusion and is
particularly refined for complex scientific interpre-
tation, structured data analysis, and long-document
integration.

GPT-4o / GPT-5.1 (Hurst et al., 2024): These
represent the frontier of native multimodal mod-
els from OpenAI, setting the gold standard for
seamless text-vision integration. While GPT-4o
provides world-class perceptual accuracy, GPT-5.1
introduces advanced agentic reasoning, capable of
high-level cognitive synthesis in expert-level multi-
modal tasks.

Gemini3-Pro (Team et al., 2023): Gemini3-
Pro is a high-performance, large-scale multimodal
model from Google DeepMind’s Gemini series,
designed for complex reasoning and professional-
grade applications. This model supports the unified
understanding and generation of information across
multiple modalities, including text and images, and
has been optimized for tasks such as long-context
modeling, code generation, and logical reasoning,
making it suitable for research and industrial use.

A.3 Details on MedMultiBench

Task Composition and Statistics. As detailed in
Table 3 and Table 4, MedMultiBench comprises a
total of 11,392 expert-verified samples, systemati-
cally categorized into four core capabilities: Joint
Reasoning, Comparative Analysis, Comprehensive
Perceptions, and In-context Learning. These cate-
gories cover 13 specific subtasks designed to mirror
real-world radiological workflows. To ensure high
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Figure 7: Data distribution by number of images.
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Figure 8: Data distribution by type of images.

data quality and clinical relevance, we curated sam-
ples from authoritative sources including GMAI,
SAM2D, OmniMedVQA, and Med-MIM. Notably,
the Joint Reasoning and Comprehensive Perception
tasks constitute a significant portion of the bench-
mark, emphasizing the model’s ability to synthe-
size information across diverse visual inputs rather
than relying on simple recognition. The three anno-
tation experts are radiologists with 5 years of work
experience.

Modality and Scale Distribution. A key distinc-
tion of MedMultiBench is its extensive coverage
of medical imaging modalities and varying visual
context lengths. As illustrated in Figure 8, the
dataset encompasses a wide spectrum of imaging
types, with CT (32.9%), X-ray (24.0%), and MRI
(21.1%) forming the backbone of the dataset. Fur-
thermore, it includes specialized modalities such
as Dermoscopy, Ultrasound, and Fundus photogra-
phy, ensuring that the evaluation assesses a model’s
generalizability across different medical domains.
Regarding the visual input scale, Figure 7 high-
lights the distribution of image counts per sample.
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Tasks Subtasks Source Count

Joint Reasoning

Organ Recognization GMAI 1,019
Disease Detection GMAI 703
Segmentation Mask Analysis SAM2D 978
Image Description IU-Xray / MedPix 992

Comparative Analysis
Visual Choice OmniMedVQA 989
Visual Retrieval OmniMedVQA 835
Difference Description IU-Xray / MedPix 1,022

Comprehensive Perceptions

Temporal Analysis Med-MIM 702
Spatial Ordering MMMU 426
Medical Counting OmniMedVQA 681
Video Understanding MedFrameQA 1,000

In-context Learning Closed VQA MMMU / OmniMedVQA 1,053
Open VQA IU-Xray / MedPix 992

Total 11,392

Table 3: Detailed statistics of MedMultiBench tasks.

While 48.2% of samples involve paired images (2
imgs) typical of comparative diagnosis, a substan-
tial proportion (over 50%) requires processing 3 to
10 images simultaneously. This distribution specif-
ically tests the information overload resilience of
MLLMs in high-volume visual scenarios.

A.4 Comparison with Previous Benchmarks
Table 5 compares MedMultiBench to representa-
tive datasets to highlight critical gaps in current
evaluation frameworks. While traditional medical
VQA datasets like VQA-RAD and PMC-VQA es-
tablished the field, they are strictly limited to single-
image inputs, failing to capture the relational dy-
namics of diagnostic workflows. Conversely, gen-
eral multi-image benchmarks such as MuirBench
and MIRB lack the specialized domain knowledge
required for clinical assessment. Although recent
efforts like MedFrameQA and Med-MIM have in-
troduced multi-image support to the medical do-
main, they remain narrow in scope, overlooking
Comprehensive Perception tasks (e.g., spatial or-
dering) and Few-shot Learning capabilities. In
contrast, MedMultiBench is the first and largest
(11,392 samples) benchmark to bridge these gaps,
uniquely satisfying the criteria for medical domain
specificity, multi-image context, and comprehen-
sive reasoning versatility.

B More Experimental Results

B.1 More Analysis for Main Results
Observing Table 1, we can find interesting task-
specific sensitivities in the Huatuo series. While
the 34B variant excels in Visual Choice, the smaller
7B model shows higher precision in Segmentation
Mask Analysis and Medical Counting. This implies

Table 4: Detailed statistics of the dataset.

Total Instances 11392
Total Subtasks 13
- Average Images per Instance 4.18
- Average Query Length 32.74
Task 1 Instances 3692
- Average Images per Instance 3.98
- Average Query Length 25.01
Task 2 Instances 2846
- Average Images per Instance 3.93
- Average Query Length 16.97
Task 3 Instances 2809
- Average Images per Instance 3.15
- Average Query Length 27.83
Task 4 Instances 2045
- Average Images per Instance 6.31
- Average Query Length 75.38

that larger parameter scales do not invariably trans-
late to better performance in specialized medical
sub-tasks. Regarding closed-source models in Ta-
ble 2, aside from Gemini3-Pro’s dominance, other
models demonstrate localized strengths. GLM-4.5v
achieves top performance in Temporal Progression
(71.08%), and Qwen-Plus exhibits balanced perfor-
mance, particularly attaining the highest Bert Score
of 64.00 in Open VQA. Finally, the discrepancy
between closed-ended accuracy and open-ended
generative metrics suggests that optimizing for di-
agnostic identification does not automatically en-
hance linguistic description quality.
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Figure 9: Impact of In-context Learning (ICL) across different task types.

B.2 More Analysis on In-context Learning

To further investigate the mechanism of in-context
learning in medical multi-image scenarios, we con-
ducted a comparative analysis between 0-shot and
1-shot settings across four representative subtasks.
As illustrated in Figure 9, the experimental results
reveal a distinct performance divergence between
open-ended generation and closed-ended reasoning
tasks.

Benefits in Open-ended Generation. In report
generation tasks (IU Xray and MedPix, top row), in-
troducing a 1-shot demonstration yields consistent
improvements across almost all evaluated models.
For instance, Lingshu-7B and Qwen3-VL exhibit
significant gains in BERT Score. This suggests that
for generative tasks, the demonstration serves as
a crucial style guide, helping the model align its
output format and linguistic tone with professional
medical standards, thereby enhancing the semantic
quality of the generated reports.

The Information Overload in Closed-ended
Tasks. Conversely, in closed-ended tasks such
as Medical Counting and Spatial Ordering (bot-
tom row), the 1-shot setting frequently leads to
performance stagnation or even degradation. No-
tably, models like Qwen3-VL-8B and HuatuoGPT-
Vision-7B show a marked drop in accuracy when
provided with an example. We hypothesize that

Table 5: Comparison with previous benchmarks. Com-
pre. represents whether comprehensive perceptions are
covered.

Name Med. Multi-Img. Few-shot Compre. Nums

VQA-RAD ! % % % 3,515
PMC-VQA ! % % % 50,000
Muirbench % ! % ! 2,600
MIRB % ! % ! 925
MedFrameQA ! ! % % 9,237
Med-MIM ! ! % % 4,190

MedMultiBench ! ! ! ! 11,392

this counter-intuitive phenomenon is attributed to
visual information overload. Unlike standard text-
based ICL, a 1-shot example in our benchmark in-
troduces a set of multiple images into the context
window. For models with limited context windows
or attention mechanisms, these additional visual
tokens act as distractors rather than aids. The in-
creased input complexity may interfere with the
model’s ability to focus on the target query images,
causing it to fail on reasoning questions it could
correctly answer in a cleaner, 0-shot environment.

B.3 Qualitative Analysis

To provide deeper insights into the reasoning be-
haviors of different MLLMs, we present detailed
case studies across six representative subtasks in
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Segmentation Mask Analysis

Figure 1 is an image from an CT examination, and Figure 2 is a mask
image. The white area in Figure 2 corresponds to a certain part of
Figure 1. Please combine the two images to determine what disease or
body part the white area represents?

Question

Gemini3 : A √
Option A (Liver): It is a very common misconception for those unfamiliar with radiological conventions to
assume that the right side of the image corresponds to the liver (which is on the right side of the body).
Additionally, if the image were horizontally flipped (a common data augmentation or display error), the
organ on the right would indeed be the liver. Given the visual prominence of the organ and the mask,
"liver" is the most probable intended answer due to a left/right orientation confusion in the question's
design.

Option B (Pancreas): The tail of the pancreas extends to the splenic hilum, but the mask covers the entire
spleen, not just the pancreatic tail area. A segmentation of the pancreas would typically be more central.

Options C & D: These are anatomically distant from the masked region.

Therefore, assuming a likely error in the question regarding image orientation or anatomical labeling
(confusing the image-right spleen with the anatomical-right liver), the intended answer is likely the liver.

A. liver  B. pancreas  C. gallbladder  D. duodenum

GPT5.1 : C ×
The mask in Figure 2 highlights a structure in the right upper abdomen on the CT slice of Figure 1. Its location
and crescent shape correspond to the gallbladder rather than the larger liver parenchyma, the retroperitoneal
pancreas, or the duodenum.

Qwen3vlplus : C ×
Overlaying the mask on the CT image, the white area corresponds to a fluid-filled, pear-shaped structure nestled
under the liver — classic appearance of the gallbladder.

The gallbladder is typically seen as a dark (fluid-density) structure on CT, located inferior to the liver.

A: Liver — much larger, occupies more of the right upper quadrant, not shaped like the mask.

B: Pancreas — located more centrally, behind the stomach, horizontally oriented — doesn’t match the mask.

D: Duodenum — C-shaped loop, usually surrounds the head of the pancreas — not matching the isolated,
rounded shape in the mask.

Temporal Analysis

Relative to the first image, what can be said about the brain tumor in
the second image: advancing or stable?

Question

Doubao : A √
To determine if the brain tumor is advancing or stable, we compare the two images:

1. Analyze the first image: It shows a brain slice with a distinct dark region (likely the tumor) and
surrounding tissue.

2. Analyze the second image: The dark region (tumor) appears less prominent or has a reduced extent
compared to the first image. There is no clear indication of the tumor growing or spreading
(advancing).

Since the tumor does not appear to be growing or spreading (its size/extent is consistent or reduced), it
is stable.

A. stable  B. advancing

Qwen3vl8b : B ×
1. Image 1: This is the baseline image. We can see a distinct, well-defined lesion (the brain tumor) in the

posterior part of the brain, near the cerebellum. It appears as a dark, irregular area.

2. Image 2: This image is taken later. Comparing it to the first image, the lesion appears to have changed.
The area of the tumor seems to have increased in size and/or become more irregular. The edges appear
less defined and more infiltrative, suggesting the tumor is growing into surrounding brain tissue.

3. Clinical Interpretation: In medical imaging, when a lesion (like a tumor) appears larger, more irregular, or
has invaded surrounding tissue in a follow-up scan compared to a previous one, it is considered to be
"advancing" or progressing. A "stable" tumor would show no significant change in size or appearance.

Therefore, relative to the first image, the tumor in the second image is advancing.

Visual Retrieval

Which of the following options is the same as that shown in the sample
image?

Question

GPT5.1 : C √
The sample image shows two separated retinal layers with a central gap, resembling a large cystic/cleft space.
Among the options, image C shows the same type of configuration with a similar separation and cystic
structure.

Lingshu : B ×
Option A: This image shows a relatively normal retinal structure without significant cystic spaces or fluid
accumulation. Therefore, it does not match the sample image.
Option B: This image displays intraretinal cystic spaces and subretinal fluid, which are consistent with the features
seen in the sample image. This option appears to be a match.
Option C: This image shows a different pattern of retinal changes, including a more pronounced retinal detachment
and less clear cystic spaces. It does not match the sample image.
Option D: This image also shows a different pattern, with a more uniform retinal structure and no significant cystic
spaces or fluid accumulation. It does not match the sample image.
Based on this analysis, the image that matches the sample image is Option B.

A. B. C. D.

Huatuo34b : D ×
1. Sample Image Analysis: The sample image shows a retinal cross-section with noticeable macular edema

(swelling) characterized by fluid accumulation within the layers of the retina. There are also signs of cystoid spaces
indicating intraretinal fluid pockets.

2. Option A - This image appears normal without any significant abnormalities or pathological features such as
swelling or fluid accumulation.

3. Option B - This image displays multiple small yellowish deposits under the retina known as drusen, but no evident
macular edema or other severe changes like those seen in the sample image.

4. Option C - Similar to Option A, this image looks relatively normal without notable pathology.

5. Option D - This image exhibits some irregularities, possibly indicative of central serous retinopathy (CSR), where
there might be subretinal fluid accumulation similar to what's observed in the sample image.

To determine if the brain tumor is advancing or stable, we compare the two images. In the first image, the
tumor is present, and in the second image, the tumor appears larger or more prominent. This indicates
progression of the tumor, so it is advancing.

Glm4.5v : B ×

Figure 10: Case studies on Segmentation Mask Analysis, Temporal Analysis, and Visual Retrieval.

Counting

How many of the following pictures are Macular Hole (MH)?

Question

Gemini3 : C ×
Based on the provided Optical Coherence Tomography (OCT) images:

1. First image: Shows a full-thickness defect in the retina at the fovea with intraretinal fluid/cysts at the edges. This
is a classic Macular Hole.

2. Second image: Shows irregular retinal pigment epithelium (RPE) elevations (drusen) and retinal layer distortion,
typical of Age-related Macular Degeneration (AMD), not a macular hole.

3. Third image: Shows a full-thickness defect with significant separation of retinal edges and cystic changes. This is
a Macular Hole.

4. Fourth image: Shows a normal foveal contour and depression. This is a normal macula, not a macular hole.

Therefore, there are 2 pictures showing a Macular Hole (the first and the third).

A. 4  B. 1  C. 2  D. 3

GPT5.1 : B ×
Image 1 shows a full-thickness macular hole. 
Images 2 and 3 show other macular pathologies (e.g., schisis/traction) without a full-thickness hole.  
Image 4 is essentially normal.  
So only 1 image represents a macular hole. 

Huatuo7b : C ×
Image_1 shows a full-thickness defect in the macula, which is characteristic of MH.

Image_2 does not show any clear sign of MH; it appears to be relatively normal retinal structure.

Image_3 has an irregularity that could suggest some form of pathology but lacks definitive features typical of
MH.

Image_4 also seems mostly intact without obvious signs of MH.

There are two images showing clear signs of MH - Images_1 and Image_3.

Disease Detection

Observe the images. What is the most likely condition indicated by the
symptoms shown?

Question

Doubao : C √
To determine the condition, we analyze the images (OCT and fundus photo) and compare with known eye
conditions:

1. Macular Hole (Option C):

The OCT (first image) shows a full - thickness defect in the macula (central retina), with disrupted retinal
layers. This is characteristic of a macular hole.

The fundus photo (second image) shows a small dark spot in the macula (foveal region), consistent with a
macular hole’s appearance on fundus imaging.

2. Eliminating other options:

Drusen (A): Drusen appear as yellow deposits under the retina (not a hole - like defect). The images do not
show such deposits.

Age - related Macular Degeneration (AMD, B): AMD typically involves drusen or neovascular changes (not
a full - thickness macular hole as seen here).

Diabetic Retinopathy (D): Involves vascular abnormalities (hemorrhages, exudates, aneurysms) – the images
show a macular defect, not vascular changes.

A. drusen            B. age-related macular degeneration 
C. macular hole      D. diabetic retinopathy

Qwen2.5vl7b : A ×
To determine the most likely condition indicated by the symptoms shown in the images, let's analyze each
image and the options provided:

1. The first image appears to be an OCT (Optical Coherence Tomography) scan of the retina. The image
shows a cross-sectional view of the retina, with a clear delineation of the layers. There is a noticeable
elevation in the retina, which could be indicative of a macular hole or a subretinal fluid collection.
However, the image alone does not provide enough information to definitively diagnose a macular hole.

2. The second image is a fundus photograph of the retina. It shows a yellowish area near the macula, which
is characteristic of drusen. Drusen are small, yellowish deposits under the retina that are commonly
associated with age-related macular degeneration (AMD).

Given the presence of drusen in the fundus photograph, the most likely condition indicated by the symptoms
shown is: Answer: A

Spatial ordering

The first image shows the original complete image. Images 2 to 5 are
four subgraphs segmented from the original one. A position-based
numbering rule is defined as follows: the top-left subgraph is numbered
1, top-right is 2, bottom-left is 3, and bottom-right is 4. Which of the
following is the correct order of these subgraphs for reconstructing the
original image?

Question

GPT5.1 : B √
By matching distinctive patterns (especially the large pale cells in the upper region and the circular dark
spaces), the correct left‑to‑right sequence of the segmented subgraphs is: Second image → Fourth image →
Third image → Fifth image, Which corresponds to option B.

A. ③②④①             B. ①④②③            C. ①②③④            D.  ③④①②

Gemini3 : D ×
1. Original Image: The top-left corner shows a dense cluster of dark cells. The top-right corner features large, pale,

polygonal cells. The bottom-left has a mix of dark cells and some pale ones. The bottom-right continues the
pattern of mixed dark and pale cells.

2. Subgraph Analysis:

Image 1 (first subgraph): Shows a pattern matching the bottom-left area of the original image (note the
specific arrangement of the pale cluster in the center-left).

Image 2 (second subgraph): Shows the bottom-right area. It contains the lower right structures.

Image 3 (third subgraph): Shows the top-left corner. We can see the specific dark cell clusters that match the
top-left of the original.

Image 4 (fourth subgraph): Shows the top-right corner. It distinctly contains the large, pale polygonal cells
and the dark blob on the far right edge. 

To determine the correct order of these subgraphs for reconstructing the original image, we need to identify
each subgraph's position relative to the top-left corner and then match them accordingly.
Top-Left Subgraph: Image 2 (top left), Bottom-Right Subgraph: Image 4 (bottom right), Bottom-Left Subgraph:
Image 5 (bottom left), Top-Right Subgraph: Image 3 (top right)
Now let’s compare this with the options provided:

C: ①②③④ - This option follows the correct sequence starting from the top-left subgraph and moving
clockwise.

Huatuo34b : C ×

Figure 11: Case studies on Medical Counting, Disease Detection, and Spatial Ordering.

Figure 10 and Figure 11. These qualitative ex-
amples highlight the distinct cognitive gaps be-
tween state-of-the-art proprietary models and cur-
rent open-source models.

Spatial Alignment vs. Shape Priors. In the Seg-
mentation Mask Analysis task (Figure 10, left), the
model is required to identify the organ highlighted
by a binary mask. Advanced models like Gemini3-
Pro and GPT-5.1 accurately map the mask’s spatial
location to the liver. In contrast, weaker models
(e.g., Qwen-VL-Plus) fail to perform this spatial
alignment; instead, they rely on shape priors, hallu-
cinating the "pear-shaped" mask as a "gallbladder"
despite the anatomical mismatch. This indicates
that current open-source models struggle to ground
visual features into precise spatial coordinates.

Hallucination of Progression in Temporal Analy-
sis. The Temporal Analysis case (Figure 10, mid-
dle) reveals a critical tendency in models to hal-
lucinate pathological changes. While the MRI se-
quence shows a stable brain tumor, models like
Qwen3-VL and GLM-4.5v incorrectly predict that
the tumor is "advancing" or "larger." This suggests
a "severity bias" in medical MLLMs, where mod-
els are more inclined to predict disease progression
rather than identifying stability, a significant risk
for longitudinal monitoring.

Cross-View Synergy and Information Drop. In
multi-image diagnosis tasks like Disease Detec-
tion (Figure 11, middle), effective reasoning re-
quires synthesizing evidence from heterogeneous
sources (e.g., OCT and Fundus images). As ob-
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In-Context Learning-2

according to the figures, provide a relevant description.

Question

Qwen3vlplus-0shot
The provided CT images are axial (cross-sectional) views of the abdomen, likely from a contrast-enhanced study,
showing structures including the lumbar spine, kidneys, bowel loops, and surrounding soft tissues. Key observations:
- Both images demonstrate normal anatomical positioning of abdominal organs. - The kidneys appear symmetrically
located with preserved corticomedullary differentiation. - Bowel gas patterns are visible, with no obvious signs of
obstruction or free air. - The vertebral body and paraspinal muscles are intact without evidence of mass effect or
abnormal enhancement. - No gross masses, fluid collections, or significant lymphadenopathy are apparent in these
slices. - The psoas muscles and iliac bones are visualized bilaterally without abnormalities. These images may
represent a baseline or post-operative scan, depending on clinical context. Further evaluation would require
correlation with additional imaging slices and clinical history. Note: Without clinical information or radiologist
annotation, this is a general descriptive interpretation based solely on visual features.

CT abdomen demonstrates: 1. Normal-appearing kidneys with no evidence of hydronephrosis, masses, or calculi. 2.
Unremarkable bowel loops without dilatation, thickening, or free air. 3. Intact abdominal aorta and inferior vena cava
without aneurysm or thrombus. 4. No free fluid or lymphadenopathy in the peritoneal cavity. 5. Vertebral body and
paraspinal musculature appear unremarkable. The images represent axial slices through the mid-abdomen, showing
symmetric soft tissue and organ structures without acute pathology.

Qwen3vlplus-1shot

Example             CECT demonstrates:
1. Two masses in left lower lobe. The larger mass is approx. 4cm

in diameter, with a lobulated and spiculated margin.
2. 3.7 cm mass in the right posterior lobe of the liver with a

vaguely enhancing margin and hypodense necrotic center.
Ultra-sound guided needle biopsy of the liver lesion images
demonstrate a complex mass in the right posterior lobe of the
liver, superior to the right kidney. One of the images
demonstrates the biopsy needle in place at the periphery of the
lesion.

target images

bertscore: 39.86rouge-l: 8.64

rouge-l: 12.96 bertscore: 44.01

In-Context Learning-1

according to the figures, provide a relevant description.

Question

GPT5.1-0shot
Frontal and lateral chest radiographs demonstrate median sternotomy wires consistent with previous cardiac surgery.
The cardiac silhouette is mildly enlarged. The lungs are well expanded with clear lung fields and no obvious focal
consolidation, pleural effusion, or pneumothorax. Bony thorax and diaphragm appear unremarkable.

The lungs are clear without focal consolidation, pleural effusion, or pneumothorax. Heart size is within normal limits
and pulmonary vascularity appears normal. Median sternotomy wires are present, consistent with prior cardiac
surgery. No acute osseous abnormality is identified. 
1. No acute cardiopulmonary abnormality.  
2. Postoperative changes of prior median sternotomy.

GPT5.1-1shot

Example

The lungs and pleural spaces show no acute
abnormality. Calcified right hilar lymph. Heart size
is enlarged, pulmonary vascularity within normal
limits. Sternotomy and prosthetic aortic valve
noted. 
1. No acute pulmonary abnormality. 
2. Mild cardiomegaly without pulmonary edema.

target images

bertscore: 53.06rouge-l: 7.55

rouge-l: 17.86 bertscore: 56.40

Gemini3-0shot
Frontal and lateral chest radiographs show stable median sternotomy wires, indicating prior cardiothoracic surgery.
An inferior vena cava (IVC) filter is visible in the upper abdomen. The lungs are clear, showing no focal
consolidation, pneumothorax, or pleural effusion. The cardiomediastinal silhouette is within normal limits for size
and contour. No acute osseous abnormalities are identified.

rouge-l: 8.22 bertscore: 54.92

Gemini3-1shot
The lungs are clear bilaterally. There is no focal consolidation, pleural effusion, or pneumothorax. The heart size is
within normal limits. The mediastinal contours are unremarkable. Stable median sternotomy wires are present. There
are multilevel degenerative changes of the thoracic spine.
1. No acute cardiopulmonary abnormality.

rouge-l: 9.37 bertscore: 51.40

lingshu-0shot
The CT scan shows an enlarged left kidney with multiple cysts and a large mass in the lower pole of the left kidney.
The mass appears to be heterogeneous in density, suggesting a complex lesion. There is no evidence of
hydronephrosis or significant obstruction. The surrounding abdominal structures appear unremarkable.

rouge-l: 16.28 bertscore: 53.52

lingshu-1shot
CECT demonstrates a large, heterogeneous, enhancing mass in the right kidney with central necrosis.

rouge-l: 16.95 bertscore: 43.70

Difference Description

Compare the following two sets of X-ray findings and impressions, and
describe their differences.

Question

GPT5.1
The first set:  Frontal and lateral chest radiographs show normal heart size and mediastinal contours, clear
lungs without focal consolidation, effusion, or pneumothorax, and intact bony structures. Overall appearance
is within normal limits. 
The second set:  Frontal and lateral radiographs show normal heart size and mediastinum, clear lungs, but
the right hemidiaphragm is elevated with associated volume loss of the right lower lung; no consolidation,
effusion, or pneumothorax. Bony structures are intact. Impression suggests an elevated right hemidiaphragm
/possible eventration or sub‑pulmonic process.
Differences:  - The first set is essentially normal with symmetric diaphragms.  
- The second set shows elevation of the right hemidiaphragm and mild right basal volume loss, which is not
present in the first set.  
- No other major differences in cardiopulmonary findings are evident.

Huatuo7b
The first set of X-ray findings shows a normal chest radiograph with clear lung fields, well-defined heart
borders, and no visible abnormalities. 
The second set displays an abnormal chest radiograph characterized by increased opacity in the right
lower lobe indicative of pneumonia.
Differences:
1. Normal vs Abnormal: First image is normal while the second one has signs of pathology.
2. Lung Fields: In the first image, both lungs appear clear without any opacities or consolidations;
however, there's noticeable consolidation (increased density) on the right side in the second image
suggestive of infection/inflammation typical for pneumonia.
3. Heart Borders & Diaphragm: Both images show sharp cardiac silhouette and diaphragmatic contours
which are normally positioned but obscured slightly due to adjacent infiltrates/pneumonia shadows in
the second case.
4. Bones/Soft Tissues: No evident fractures or bone deformities present in either image, though soft
tissue details may be less discernible if affected by underlying conditions like inflammation from
pneumonia as seen here.

rouge-l: 37.99 bertscore: 75.49

rouge-l: 26.09 bertscore: 59.78

Figure 12: Case studies on Difference Description and In-context Learning.

served, Doubao-1.6 successfully combines the
"full-thickness defect" in OCT with the fundus ap-
pearance to diagnose a "Macular Hole." However,
Qwen2.5-VL fails to prioritize the critical OCT
evidence, likely getting distracted by the yellow
spots in the fundus image to incorrectly conclude
"Drusen." This highlights the challenge of Modality
Balancing—preventing dominant visual features in
one image from overshadowing subtle but critical
evidence in another.

Complexity in Comprehensive Perception.
Tasks involving higher-order logic, such as Medical
Counting and Spatial Ordering (Figure 11, left and
right), demonstrate the fragility of current models
in handling multi-image sequences. In the count-
ing task, even capable models suffer from error
accumulation, failing to correctly identify all pos-
itive instances (Macular Holes) across the image
set. Similarly, in spatial ordering, reconstructing a
fragmented image requires strong global coherence
capabilities. While GPT-5.1 successfully deduces
the correct sequence through edge continuity, other
models struggle to maintain the logical flow, result-
ing in disordered reconstructions.

Differential Diagnosis and Contextual Adapta-
tion. Figure 12 provides further qualitative ev-
idence on comparative reasoning and in-context
learning. In the Difference Description task (left
column), the model must identify subtle interval
changes between two sets of X-rays. GPT-5.1
demonstrates superior clinical acumen by correctly
identifying the "elevated right hemidiaphragm"

while noting the absence of other major patholo-
gies. In contrast, HuatuoGPT-Vision-7B, despite
generating a fluent and structured report, halluci-
nates a diagnosis of "pneumonia" based on non-
existent opacities, revealing a tendency in open-
source models to over-interpret normal variations
as pathologies. The In-Context Learning examples
(middle and right columns) illustrate the variable
impact of few-shot prompting. For robust mod-
els like Gemini3-Pro, providing a 1-shot example
successfully guides the model to correct its initial
oversight (e.g., identifying the "sternotomy wires"
missed in the 0-shot setting), improving the Bert
Score from 54.92 to 51.40. However, for models
with weaker instruction-following capabilities like
Lingshu-7b, the addition of a complex medical ex-
ample acts as noise rather than a guide, causing the
model to deviate from the correct kidney analysis
and resulting in a significant performance drop.

C More Evaluation

To provide a more rigorous evaluation, we in-
troduce both human evaluation and GPT-5.1-as-
judge evaluation, following established protocols in
prior medical MLLM work (Med-PaLM 2, LLaVA-
Med). Specifically, we design a five-dimensional
rubric applicable to all open-ended generation
tasks, as shown in Table 6.

Human evaluations are conducted by three inde-
pendent radiologists on a stratified sample of 100
responses per representative model. They were pro-
vided with input images and questions, and asked
to evaluate the difference between the model output
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Table 6: Five-dimensional evaluation rubric.

Dim. Name Score

D1 Anatomical Localization Accuracy 0–5
D2 Pathological Finding Accuracy 0–5
D3 Clinical Interpretive Value 0–5
D4 Comparative Analysis Quality 0–5
D5 Factual Error Penalty 0–5

and the ground truth across five dimensions. We
set a prompt to input the same content into GPT-
5.1, allowing it to act as an annotator and score
the results. The experimental results for Difference
Description are shown in Table 7.

The results demonstrate a similar model ranking
across both human and GPT-5.1 evaluation meth-
ods. Crucially, we observed a strong positive cor-
relation between the human expert scores and our
automated BERTScore metrics, confirming that
BERTScore effectively captures clinical semantic
alignment rather than merely rewarding stylistic
mimicry. The high correlation between human and
GPT-5.1 scores also confirms that GPT-5.1-as-a-
judge can serve as a scalable substitute for human
evaluation in future benchmark extensions.

D Specific Prompts for Different Tasks

D.1 Prompts for Task 1

1.1 Organ Recognition Example

View the provided images. For each image, identify what
organ is displayed in the marked area and select the most
appropriate description for the marked area from the given
options.<image> <image>
Option A: liver
Option B: esophagus
Option C: sigmoid colon
Option D: gallbladder

1.2 Disease Detection Example

Compare the highlighted areas in both CT images. What
are the most appropriate demonstrations and the most
likely abnormalities shown in each image? <image>
<image>
Option A: glioblastoma
Option B: kidney cyst
Option C: COVID-19 lesion
Option D: peritumoral edema

1.3 Segmentation Mask Analysis Example

<image> <image> Figure 1 is an image from an CT exam-
ination, and Figure 2 is a mask image. The white area in
Figure 2 corresponds to a certain part of Figure 1. Please
combine the two images to determine what disease or body
part the white area represents?
Option A: spleen
Option B: gallbladder
Option C: pancreas
Option D: stomach

1.4 Multi-Image Description Example

Please answer the question.
Question:<image> <image>
According to the figures, provide a relevant description.
Answer:

D.2 Prompts for Task 2

2.1 Visual Choice Example

Which of the following options is normal?
Option A: <image>.
Option B: <image>.
Option C: <image>.
Option D: <image>.

2.2 Visual Retrieval Example

Which of the following options is the same as that shown
in the sample image? <image>
Option A: <image>.
Option B: <image>.
Option C: <image>.
Option D: <image>.

2.3 Difference Description Example

Compare the following two sets of X-ray findings and
impressions, and describe their differences.The first set:
<image> <image>, the second set: <image> <image>
Provide the answer in the following format.
The first set:
The second set:
Differences:

D.3 Prompts for Task 3

3.1 Temporal Analysis Example

<image> <image> In comparison to the initial image, how
would you classify the brain tumor of the second image:
progressive or stable?
Option A: under observation
Option B: progressive
Option C: stable
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Table 7: Human and GPT-5.1-as-judge evaluation results on Difference Description. Best scores are in bold.

Model Eval D1 D2 D3 D4 D5 Avg.

Huatuo-7B
Human 2.51 2.25 2.96 2.97 2.69 2.68
GPT 2.35 1.47 1.82 1.90 2.32 1.97

Lingshu-7B
Human 2.72 2.38 3.08 3.02 2.25 2.69
GPT 2.44 1.52 2.15 2.20 2.03 2.07

Qwen3-VL-8B
Human 2.59 2.46 3.03 3.21 2.29 2.72
GPT 2.50 1.26 2.10 2.08 2.16 2.02

GPT-4o
Human 3.18 2.86 3.76 3.41 3.57 3.36
GPT 3.02 2.39 2.83 2.92 4.09 3.05

QwenVL-Plus
Human 2.97 2.67 3.24 3.40 3.38 3.13
GPT 2.71 2.34 2.66 2.79 2.85 2.67

Gemini-3-Pro
Human 3.83 2.82 3.95 3.57 3.94 3.62
GPT 3.28 2.80 3.36 2.84 3.69 3.19

3.2 Spatial Ordering Example

The first image shows the original complete im-
age<image>. Images 2 to 5 are four subgraphs segmented
from the original one<image> <image> <image> <image>.
A position-based numbering rule is defined as follows: the
top-left subgraph is numbered 1, top-right is 2, bottom-left
is 3, and bottom-right is 4. Which of the following is
the correct order of these subgraphs for reconstructing the
original image?
Option A: 3, 1, 2, 4
Option B: 2, 4, 1, 3
Option C: 1, 3, 2, 4
Option D: 3, 2, 1, 4

3.3 Medical Counting Example

How many of the following pictures are Choroidal Neovas-
cularization (CNV)? <image> <image> <image> <image>
Option A: 2
Option B: 3
Option C: 1
Option D: 0

3.4 Video Understanding Example

Based on the ultrasound findings in the first and second
images, which of the following best differentiates an epi-
didymal abscess from an epididymal head cyst? <image>
<image>
Option A: The presence of posterior acoustic enhancement
in the lesion.
Option B: The absence of internal blood flow on Doppler
imaging.
Option C: The lesion appearing as a well-defined, ane-
choic, round structure.
Option D: The lesion appearing as a hypoechoic or hetero-
geneous area.
Option E: The enlargement of the epididymis in the region
of the lesion.
Option F: The presence of increased blood flow in the
surrounding epididymal tissue.

D.4 Prompts for Task 4

4.1 Closed VQA Example

Answer the question according to the example.
<Example>
The first image shows the original complete im-
age<image>. Images 2 to 5 are four subgraphs segmented
from the original one<image> <image> <image> <image>.
A position-based numbering rule is defined as follows: the
top-left subgraph is numbered 1, top-right is 2, bottom-left
is 3, and bottom-right is 4. Which of the following is
the correct order of these subgraphs for reconstructing the
original image?
Option A: 4, 1, 2, 3
Option B: 3, 4, 1, 2
Option C: 2, 1, 3, 4
Option D: 4, 3, 1, 2
Answer: B.
</Example>
Now answer the following question. The first image
<image>, and the second to fifth images <image> <image>
<image> <image>. Which of the following is the correct
order of these subgraphs for reconstructing the original
image?
Option A: 3, 1, 2, 4
Option B: 2, 4, 1, 3
Option C: 1, 3, 2, 4
Option D: 3, 2, 1, 4

4.2 Open VQA Example

Answer the question according to the example.
<Example>
Question:<image> <image>
According to the figures, provide a relevant description.
Answer: The cardiac silhouette and mediastinum size
are within normal limits. There is no pulmonary edema.
There is no focal consolidation. There is no evidence of
pneumothorax. No acute abnormality.
</Example>
Question:<image> <image>
According to the figures, provide a relevant description.
Answer:
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