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Difference Visual Question Answering (Diff-VQA) in medical imaging automatically compares patient im-
ages across time points to support assessment of lesion progression and treatment efficacy. However, pix-
el-level matching is unreliable due to non-rigid deformations, view shifts, and acquisition noise, while ex-
isting models often rely on synthetic labels and lack effective integration of local and global information. To
address these challenges, we propose a multimodal large-model framework that adopts a progressive “local
semantic modeling-global difference reasoning” strategy. Key anatomical regions in chest X-rays are local-
ized via object detection and aligned with VinDr-CXR annotations to construct region-disease mappings,
transforming misalignment into semantic difference analysis. A dynamic sampling strategy further gener-
ates clinically meaningful image pairs with fine-grained difference labels. Finally, a multimodal large mod-
el fuses local features with global context to support single-image QA, dual-image disease description, and
global difference reasoning. Experiments on the MIMIC-Diff-VQA dataset demonstrate state-of-the-art ac-
curacy in single-image QA and substantial improvements in Diff-VQA tasks over mainstream medical large
models. In the single-image QA tasks, our model improves accuracy from 52.5% to 64.1% (22.2% relative
improvement), and in the Diff-VQA tasks, the CIDEr score increases from 1.027 to 1.379 (34.3% relative im-
provement). These results highlight the framework’s potential to enhance diagnostic accuracy and strength-
en clinical decision support in radiology practice.

KEYWORDS: Large Language Models (LLMs); Multimodal Learning; Visual Question Answering (VQA);

Medical Imaging; Difference Visual Question Answering (Diff-VQA); Radiology Report Generation

1. Introduction

Longitudinal comparison of chest radiographs plays
apivotal role in radiology, where clinicians routinely
assess disease progression, treatment response, or
recurrence by contrasting current and prior exam-
inations [20,15, 26, 14]. Automated Difference Visual
Question Answering (Diff-VQA) offers a promising
avenue to support this process by generating inter-
pretable descriptions of temporal changes [31, 32,
27, 6]. Unlike general VQA tasks, Diff-VQA requires
precise localization and characterization of disease
dynamics, which is particularly valuable in clinical
scenarios such as monitoring pneumonia resolution,
evaluating tumor growth, or tracking chronic lung
conditions [25, 17, 21]. Accurate automation of these
comparisons can significantly reduce radiologists’
workload while improving diagnostic consistency
and efficiency [3, 18].

Early Diff-VQA approaches in the computer vision
domain—such as MCCFormers [28], IDCPCL [35],
CLIP4IDC [7] and VIXEN [2]—demonstrated the
feasibility of modeling visual changes by combining
image-text pre-training with difference-aware ar-
chitectures. However, these methods are optimized
for natural images and rely heavily on synthetic ed-
iting datasets, which cannot capture the complex
anatomical variations or subtle pathological chang-

es encountered in clinical imaging [1, 24, 16]. More
importantly, pixel-level feature matching is highly
sensitive to non-rigid deformations, patient pos-
ture, and acquisition settings, leading to unreliable
difference detection in radiology practice [11, 30,
12, 3, 4, 13]. As a result, directly applying these gen-
eral frameworks to medical imaging yields limited
performance [34]. While existing works commonly
rely on language-based evaluation metrics such as
BLEU, METEOR, ROUGE, and CIDEr to assess the
quality of generated difference descriptions, these
metrics primarily measure surface-level lexical sim-
ilarity and may not fully reflect the clinical correct-
ness or semantic coherence of the findings. In med-
ical imaging scenarios, diagnostically meaningful
interpretations can often be expressed using diverse
wording, and a higher degree of lexical overlap does
not necessarily imply accurate clinical reasoning.
Therefore, these language-only metrics should be
interpreted with caution when evaluating Diff-VQA
systems, and performance improvements reported
under such metrics should be contextualized with
an understanding of their inherent limitations.

To address this gap, recent medical-specific Diff-
VQA frameworks have attempted to incorporate
anatomical priors and knowledge graphs [5, 9, 29,
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19]. While they improve global reasoning, existing
methods often suffer from redundant region defi-
nitions, insufficient sensitivity to long-range ana-
tomical dependencies, and high computational cost
[23, 8, 22]. Furthermore, most approaches do not
adequately integrate local lesion-level descriptions
with global reasoning, resulting in limited clinical
interpretability.

In this study, we propose a multimodal large-model
framework for medical Diff-VQA enhanced by prior
region-level difference descriptions [33]. Our key
insight is a progressive “local semantic modeling-
global difference reasoning” strategy: anatomical
regions are first localized and associated with dis-
ease annotations, transforming image misalignment
into high-level semantic analysis; these structured
regional descriptions then guide global reasoning,
enabling more accurate, interpretable, and clinical-
ly coherent results. By bridging lesion-level findings
and overall disease trajectories, the framework bet-
ter aligns with the diagnostic workflow of radiolo-
gists and provides meaningful decision support [10].

The main contributions of this work are threefold:

We introduce a staged learning mechanism that com-
bines local semantic modeling with global difference
reasoning, mitigating the impact of acquisition vari-
ability while enhancing temporal comparison.

We design a dynamic image-pair sampling and
fine-grained labeling strategy to generate clinically
meaningful difference supervision.

We validate our approach on the large-scale MIM-
IC-Diff-VQA dataset, demonstrating superior per-
formance over existing methods in both single-im-
age VQA and multi-image Diff-VQA tasks, with
improved interpretability and clinical value.

2. Methodology
2.1. Material

To train and evaluate the proposed medical im-
age Diff-VQA framework, we utilized three public-
ly available large-scale chest radiograph datasets:
MIMIC-Diff-VQA, Chest ImaGenome, and Vin-
Dr-CXR, as shown in Table 1.

The MIMIC-Diff-VQA dataset is a publicly available,
deidentified subset of the MIMIC-CXR database re-
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leased via the PhysioNet platform. The MIMIC-CXR
dataset and all its derivatives have received IRB ap-
proval from the Massachusetts Institute of Tech-
nology and Beth Israel Deaconess Medical Center,
ensuring compliance with HIPAA regulations. The
MIMIC-Diff-VQA dataset comprises 164,324 image
pairs, where each pair includes a main image and a
reference image. It contains a total of 700,703 curat-
ed question-answer (QA) pairs categorized into sev-
en types: abnormality (145,421), presence (155,726),
view (56,265), location (84,193), type (27,478), level
(67,296), and difference (164,324). The first six cate-
gories correspond to single-image VQA tasks, where
each QA pair is associated with one image (either the
main or the reference), resulting in 482,698 training
samples and 53,681 test samples. The last category,
difference, defines multi-image Diff-VQA tasks, in
which each QA pair involves both the main and refer-
ence images of an image pair, yielding 131,462 train-
ing pairs and 32,862 test pairs. All QA pairs were de-
rived from radiology reports and verified by clinical
experts to ensure medical accuracy and contextual
consistency. The dataset is specifically designed to
support both single-image reasoning and cross-im-
age temporal comparison, making it ideally suited for
developing and evaluating medical Diff-VQA models.

The Chest ImaGenome dataset provides structured
annotations for over 240,000 chest X-ray images.
Each image is annotated with 29 anatomical loca-
tions and associated attributes, including location,
texture, and pathological findings. Moreover, the
dataset includes over 670,000 comparative relations
to represent changes in anatomical features across
different time points. The annotations were gen-
erated through a combination of natural language
processing (NLP) techniques and image-based seg-
mentation methods. This dataset is particularly use-
ful for region-level semantic modeling, enabling the
construction of scene graphs that reflect complex
anatomical structures and their temporal evolution.

VinDr-CXR is a large-scale chest X-ray dataset de-
signed to facilitate research on thoracic disease de-
tection and localization. It contains over 100,000
frontal chest X-ray scans, among which 18,000 im-
ages were manually annotated by 17 board-certified
radiologists. The dataset provides both global labels
(e.g., pneumonia, tuberculosis) and local bound-
ing-box annotations that pinpoint disease-specific
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Key Features

Derived from MIMIC-CXR;

expert-verified QA pairs

Structured region-level
annotations

High-fidelity labels, expert
consensus on test set
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Application in This Study

Training and evaluation
for temporal reasoning

Building region-level
semantic model

Region-disease mapping
and fine-grained

Table 1
Summary of datasets.
Dataset Data Volume Annotation Types
MIMIC- 164,324 images; Seven question
Diff-VQA >700,000 QA pairs categories
Chest . 29 anatomical locations;
ImaGenome | < +0000images >670,000 relations
>100,000 images .
VinDr-CXR | (18,000 manually | O.0Paldiseaselabels plus
local bounding boxes
annotated)

regions of interest. The training and testing splits
include 15,000 and 3,000 images, respectively. Each
training image is labeled independently by three ra-
diologists, while test images are annotated through
expert consensus, ensuring highlabeling fidelity. This
dataset supports the learning of fine-grained pathol-
ogy localization and is instrumental in constructing
disease-region mappings for semantic VQA.

We strictly enforce subject-level (patient-level)
splits across all stages—including de-tector training
(Chest ImaGenome/VinDr-CXR), local difference
construction (pair sam-pling), LVLM fine-tuning
(MIMIC-Diff-VQA), and final evaluation—so that no
patient ap-pears in more than one split. For longitu-
dinal exams, all time points from the same subject
are assigned to the same split, thereby eliminating
temporal overlap or leakage across train and test sets.

2.2. Methods

The objective of this study is to address VQA and
Diff-VQA tasks in medical imaging and to propose
a multimodal large-model training and inference
framework based on prior region-level difference
description. The framework is designed to handle
single-image multi-type VQA and multi-image Diff-
VQA within a unified system. As illustrated in Figure
1, our approach comprises three major components:
(i) construction of region-level difference labels, (ii)
local semantic modeling training, and (iii) global dif-
ference reasoning training.

2.2.1. Construction of Region-level Difference Labels

First, an object detection model was trained using
the anatomical region annotations from the Chest
ImaGenome dataset. This detector identifies eight
predefined anatomical regions—right upper lung

supervision

zone, right mid lung zone, right lower lung zone, left
upper lung zone, left mid lung zone, left lower lung
zone, right clavicle, and left clavicle—while other
regions are grouped as “Others.” These eight regions
were selected to ensure broad coverage of the tho-
racic cavity and to minimize redundancy, thereby
providing adequate spatial resolution for down-
stream disease diagnosis and difference analysis.

Second, to establish a region-disease correspon-
dence, the detection results from the trained model
were aligned with disease annotations from the Vin-
Dr-CXR dataset. Through spatial overlap analysis, a
region—-disease mapping was built. Disease bounding

Figure 1
Overview of Our Proposed Method.
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boxes are assigned to anatomical regions based on
spatial overlap, using an IoU threshold of 0.3. Specifi-
cally, adiseaseis assigned to the region whose bound-
ing box has IoU > 0.3 with the disease bounding box.
In cases where multiple regions satisfy the threshold,
the disease is assigned to the region with the maxi-
mum IoU value. If no region meets the threshold, the
disease islabeled as “Others” and does not contribute
to region-level difference computation. This process
produced, for each chest X-ray image, a structured
table documenting the association between disease
labels and specific anatomical regions.

Third, to construct high-quality Diff-VQA training
pairs, we developed an image-pair sampling strat-
egy that jointly optimizes visual similarity and dis-
ease-label divergence. The objective is to identify
clinically meaningful image pairs that reflect patho-
logical changes while maintaining overall structural
consistency, enabling the model to learn clinically
relevant differences rather than irrelevant vari-
ations. Concretely, for each image pair (1,[)(/.1),
composite score Si/ is defined as:

Sy=a- Sim(I,[)+ (1= a)- Div(L;, L) v

where o balances the contribution of visual similari-
ty and disease-label divergence. The similarity term
Sim(1,l) is computed by extracting features from
each image using a pre-trained ResNet-50 and then
calculating the cosine similarity between feature
vectors. The divergence term Div(L,,L,) is measured
by the Jaccard distance between the disease-label
sets L;and L;:

|ANB]
|AUB|

DlV(Ll,L]) =1- ®)

where 4 and B denote the sets of disease labels for
two images. A higher Jaccard distance indicates
greater divergence, capturing more substantial
pathological differences and thus offering more in-
formative comparisons for clinical training.

Finally, region-level difference labels were gener-
ated to provide fine-grained supervision. For each
anatomical region, the disease-label sets from
paired images (/,,/,) were compared using set oper-
ations to derive newly appeared, resolved, or per-
sistent findings:

2026/2/55

Dyqq =D;—(D;ND;) ®)
DremovezDi_(Diij) @
Dkeep =DlﬂD,~ s &)

where D,,, (New disease set) represents diseases
present in image j but absent in image T; it captures
new pathological findings appearing between two
time points. D,,,... (Resolved disease set) represents
diseases present in image 7 but absent in image j; it
captures previously existing pathologies that have
resolved or disappeared. D,,,, (Persistent disease
set) represents diseases present in both images; it
captures stable or persistent pathological findings
across two time points.

This structured representation allows fine-grained
tracking of disease dynamics—appearance, resolu-
tion, and persistence—at the anatomical-region lev-
el, providing rich supervision for model training and
clinically interpretable outputs.

2.2.2. Local Semantic Modeling Training

This stage guides the large-model to generate re-
gion-level difference description by comparing tem-
porally paired chest radiographs. Using a prompt-
based supervision strategy (Figure 2), the model is
explicitly informed which image is the “primary”
(current) image and which is the “reference” im-
age, ensuring correct temporal interpretation. The
prompt instructs the model to act as a professional
radiologist and sequentially examine the eight pre-
defined anatomical regions (upper, middle, and low-
er zones of both lungs, plus bilateral clavicular re-
gions). Even when no change is observed, the model
must explicitly state the region’s stability to guaran-
tee completeness.

Difference descriptions follow a standardized tem-
plate. New abnormalities are expressed as “Com-
pared with the reference image, the current image
shows a new finding of {disease}.” Resolved abnor-
malities are expressed as “The current image lacks
the previously observed {disease} from the reference
image.” Multiple abnormalities are concatenated
in order. To enhance accuracy, the prompt includes
a predefined disease list and requires all outputs to
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use a structured template that explicitly links each
anatomical region with its disease changes. This
design enforces precise region-disease alignment
and prevents redundant or ambiguous outputs when
processing the same image pair.

Figure 2
Local Prompt Design for Region-level Difference Description.

Task di

{ You are a professional radiologist, strictly follow the rules below when analyzing chest X-rays: |
\ ;

A Task Requi
/

1. Mandatory Regional Examination:
You must analyze the following eight anatomical regions individually. Even if no changes are observed, expli
state their stability:Right/left lung divided into upper, middle, and lower zones,Bilateral clavicle regions

2. Standardized Change Descriptions

New finding — "The main image has an additional finding of {disease} than the reference image." i
Previous abnormality resolved — "The main image is missing the finding of {disease} than the reference image."}
Multiple new findings — "The main image has additional findings of {diseasel}, {disease2} than the reference |
image."

3. Strict Region-Disease Association Rules

List of disease:
e

GemCaTd: y, Consolidation,ILD. Lung Opacity.Nodule/Mass,Other
lesion,Pleural effusion,Pleural thickening,Pneumothorax,Pulmonary fibrosis.

N

_ Output Format Requirements
! Your output should be the format like:

Right upper lung zone: description

Right mid lung zone: description

Right lower lung zone: description

Left upper lung zone: description

Left mid lung zone: description

Left lower lung zone: description

Left cavicle: description
\_Right cavicle: description

2.2.3. Global Difference Reasoning Training

In this stage, the model performs comprehensive
image-level comparisons by integrating region-level
difference description as prior knowledge into glob-
al reasoning. Similar to the local setup, the prompt
explicitly specifies the “primary” and “reference”
images to establish temporal directionality. As
shown in Figure 3, the model is instructed to act as a
professional radiologist and produce an overall com-
parative report describing differences between the
primary and reference images.

For each anatomical region, the model incorporates
precomputed local difference description and con-
textual disease information to perform higher-level
semantic reasoning. The prompt employs a struc-
tured template containing a predefined disease vo-
cabulary and severity levels (e.g., mild, moderate,
severe, unchanged). These additional attributes
enable the model to detect not only binary chang-
es (appearance/disappearance) but also gradations
of severity and progression. By combining regional
findings with severity assessment, the model learns
to generate clinically coherent global diagnostic
summaries that reflect both spatial and pathological
dynamics.

2026/2/55

Figure 3
Global Prompt Design for Cross-Image Difference Description.

. Task description

| You are a professional radiologist. Your task s to compare the main image with the reference image and describe]
{_the differences.. ;

. Local Difference description

For each anatomical region in the main image, you are provided with the following possible disease information:
Right upper lung zone: nothing has changed.
Right mid lung zone: nothing has changed.
Right lower lung zone: nothing has changed.
Left upper lung zone: nothing has changed.
Left mid lung zone: nothing has changed.
Left lower lung zone: The main image is missing the finding of ILD, Infiltration, Lung Opacity, Other lesion than
the reference image.
Left cavicle:nothing has changed.
\_Right cavicle:nothing has changed. J

_ Detailed Task Requirements
{ Please use the following standardized descriptions when reporting changes:

1. New Finding: "The main image has an additional finding of [disease] than the reference image."

2. Resolved Finding: "The main image is missing the finding of [disease] than the reference image."

3. Multiple New Findings: "The main image has additional findings of [diseasel],[disease2] than the reference

image."

4. Change in Level: "The level of [disease] has changed from [levell] to [level2]."

5. No Change: "nothing has changed.”

List of Diseases:
Atelectasis, Cardi y, C Edema, Enlarged Cardiomediastinum, Fracture, Lung Lesion, Lung
Opacity, Pleural Effusion, Pleural Other, Pneumonia, Pneumothorax.
List of Levels:

\_acute, mild, small, minimal, severe, moderate, mild-moderate, massive, subtle, increasing.

3. Results and Discussion

To ensure fair comparison, all baseline models were
trained and evaluated using the same subject-level
train/validation/test splits as our method. For both
single-image and temporal difference VQA tasks, we
employed a unified prompt template and kept the
question formatting identical across all models. All
baselines were fine-tuned on the same training sam-
ples and evaluated on the same held-out subject-lev-
el test set. During inference, we used a determinis-
tic decoding configuration to eliminate variability
across models.

3.1. Performance of Single-Image VQA Tasks

In the single-image VQA task, the dataset compris-
es 482,698 training samples and 53,681 test sam-
ples, covering six major question types: abnormality,
presence, view, location, type, and level. These cate-
gories comprehensively evaluate various aspects of
chest X-ray interpretation. Specifically, abnormality
questions assess whether any pathological signs are
present; presence questions focus on detecting dis-
ease in specific anatomical regions; view questions
examine the radiographic projection, which is crucial
for diagnostic accuracy due to the influence of imag-
ing angles on visual details; location questions aim to
identify the precise position of abnormalities; type
questions target the classification of disease catego-
ries; and level questions evaluate the severity of dis-
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ease, contributing to progression monitoring. Within
this framework, questions requiring binary responses
(e.g., “yes” or “no”) are defined as closed-ended, such
as “Is there disease in the left upper lung zone?”, while
all others demanding detailed responses regarding
disease type, anatomical location, or severity are cat-
egorized as open-ended. As shown in Figure 4, our
proposed model achieved the highest accuracy across
all categories on the test set, demonstrating superior
performance in both classification and descriptive
tasks within the single-image VQA setting.

Figure 4

Performance comparison of models on single-image
VQA Tasks.

90
&0
70
Proposed Model
50 / 325 @ EKAD

456 @® MMQ

60 / =3

Accuracy (%)

Open Closed Total

3.2. Performance of Multi-Image
Diff-VQA Tasks

In the MIMIC-Diff-VQA dataset, multi-image Diff-
VQA tasks are referred to as “difference” questions,
which center on comparing a patient’s current and
prior chest X-ray images to identify differences in
disease manifestations. These questions are de-

Table 2
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signed to analyze whether new pathologies have
appeared, existing findings have resolved, or pre-
viously detected conditions have progressed or re-
gressed in terms of severity or grade. Addressing
such tasks requires not only precise visual com-
parison of image details, but also the application
of domain-specific medical knowledge to classify
pathological changes and assess them quantita-
tively. This setup reflects realistic clinical sce-
narios, where radiologists routinely compare his-
torical and follow-up images to monitor disease
progression or evaluate therapeutic response. As
such, Diff-VQA provides valuable support for clin-
ical diagnosis, treatment evaluation, and follow-up
planning by offering a structured and interpretable
summary of a patient’s disease trajectory.

Table 2 presents a performance comparison among
various models on the Diff-VQA task using the MIM-
IC-Diff-VQA test set. LLaVA and Med-Flamingo rep-
resent general-purpose vision-language models and
domain-adapted medical models, respectively. In
contrast, MultiMedRes (which employs large models
as expert agents for knowledge aggregation and rea-
soning) and EKAID (which leverages graph neural
networks for disease-region representation) repre-
sent current state-of-the-art approaches tailored for
medical image Diff-VQA. As shown in the results, our
proposed method significantly outperforms all base-
lines across multiple evaluation metrics. Our meth-
od addresses these limitations by optimizing region
selection to improve the quality of prior knowledge
and reduce irrelevant influence. Furthermore, by en-
hancing the model’s ability to utilize spatial informa-

Performance comparison of models on multi-image Diff-VQA Tasks (difference question).

Method BLEU-1 BLEU-2 BLEU-3
MCCFormers 0.214 0.190 0170
LLaVA 0411 0.333 0.257
Med-flamingo 0.573 0.505 0433
IDCPCL 0.614 0.541 0474
MultiMedRes 0.610 0.535 0473
EKAID 0.628 0.553 0491
Ours 0.661 0.584 0.523

BLEU-4 METEOR ROUGE_L CiDEr
0.153 0.319 0.340 0
0.185 0.320 0452 0.162
0.359 0.304 0.544 0438
0414 0.303 0.582 0.703
0418 0.357 0.586 0.843
0434 0.339 0.577 1027
0467 0.379 0.625 1.379
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Table 3
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Performance comparison of models on single-image VQA Tasks and multi-image Diff-VQA Tasks (all question).

Method BLEU-1 BLEU-2 BLEU-3
EKAID 0.626 0.541 0477
Coarse-to-Fine 0.630 0.543 0479
Ours 0.653 0.562 0488

tion, we implement a progressive difference reason-
ing strategy from local to global levels, enabling the
model to better capture subtle inter-image contrasts.
As a result, our approach achieves the best overall
performance on the Diff-VQA task.

Table 3 presents the performance comparison of
different models on the entire set of question types
in the MIMIC-Diff-VQA test dataset. As shown, our
proposed method achieves significant improvements
over EKAID across all evaluation metrics. Compared
with the Coarse-to-Fine approach, our method also
demonstrates clear advantages on most indicators.
These results indicate that the proposed framework
offers superior generalization ability and robustness
when handling a wide variety of visual question an-
swering tasks in the medical imaging domain.

To assess the clinical reliability of the generated dif-
ference statements, we evaluate whether the model
correctly identifies “new”, “resolved”, and “keep”

findings for each anatomical region.

Using the constructed region-level difference labels
(D sst> Dromover Dieey) @s ground truth, we compare the
predicted change type for each region and report
precision, recall, and F1-score. As shown in Table 4,
the proposed method achieves an average F1-score of
0.85, which is significantly higher than EKAID.

This demonstrates that our framework accurately
captures lesion evolution and is clinically meaning-
ful beyond textual similarity metrics.

To further illustrate how the model performs in
real clinical scenarios, we provide qualitative ex-

Table 4
Region-level clinical accuracy of change-type prediction.

BLEU-4 METEOR ROUGE_L CiDEr
0422 0.340 0.645 1911
0422 0403 0.662 2.022
0435 0.399 0.675 2.242

amples that compare the ground truth and our
proposed model under both global difference de-
scriptions and region-level local reasoning. These
examples include (i) typical correct cases, where
the proposed model accurately identifies clinical-
ly meaningful changes, and (ii) failure cases (false
positives), where the model over-interprets image
variations. Presenting both success and failure cas-
es allows us to examine how the model’s predictions
align with radiological judgment and to highlight
potential clinical risks, particularly when detecting
subtle parenchymal or morphological differences.
Figure 5 and Figure 6 illustrate these behaviors at
both the global summary level and the fine-grained
anatomical region level.

Figure 5
Qualitative examples of global difference descriptions.

Uy

Ground Truth:
The main image is missing the finding of

Ground Truth:

5 = . Nothing has changed.
lung opacity than the reference image.
Baseline (EKAID):
Nothing has changed.
Proposed Model:

Proposed Model:
The main image is missing the finding of
lung opacity than the reference image.

The main image has additional
findings of pneumonia than the
reference image. (False positives)

Qualitative example A Qualitative example B

Method Fl-score Precision Recall P-value vs EKAID (F1)
EKAID 0.76 0.78 0.74 -
Ours 0.85 0.88 0.83 <0.001
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Figure 6
Qualitative examples of region-level difference descriptions.

Qualitative example A

Ground Truth:

Right upper tang zone: nathing has chanped

Right mid lung zone: nathing has changed

Right lower lung zone: nothing has changed

Lelt upper lung #ene: nothing has changed

Left mid lung zone: nothing has changed

Left lower lung zone:The main image has an additional finding of Cardiomegaly than the reference image.

Left cavicle: nothing has changed

cle: The main imuge hus an additional finding of Pleural tickening thun the reference imuge.
Proposed Model:

Right upper lung zone: nothing has changed

Right mid lung zone: nothing has chung

Left upper lung zone: nething
Left mid lung zone: nothing b
Left lower hang, zone: The ma o
Left cavicle: nothing has changed

Right cavicle: The main image has an additional finding of Pleural thickening than the reference image.

‘ Qualitative example B

.

has an additional finding of Cardiomegaly than the reference image.

Ground Truth:
Right upper lung zone: nothing hus changed
Right mid lung zone: nothing | hang
Right lower lung zone: nothi
Left upper lung zone: nott
Left mid lung zone: nothir hang
Left lower lung zone: The main image has an additional finding of ILL> than the reference image.
Left cavicle: nothing has changed
Right cavicle: nothing has changed

Proposed Modcl:

Right upper lung zone: nothing has changed
Right mid lung zone: nothing has changsd
Right lower lung zone: The main image has additional findings of Pulmanary fibrosis than the
relerence image. (lalse posilives)
e nothing has changed

on; nothing has changed
Left lower lung zone: The muin image has an additional finding of 111 than the referonce image.
Left caviele: nothing has changed
Right cavicle: nothing has changed

3.3. Ablation Study

To further investigate the contribution of individual
components in our proposed framework, we conduct-
ed aseries of ablation experiments based onthe MIM-
IC-Diff-VQA dataset, focusing on the Diff-VQA task
(Table 4). The goal is to assess how the integration of
prior spatial knowledge and our refined regional rea-
soning strategy affects overall model performance.

The Baseline model refers to a standard config-
uration in which a large-scale multimodal model
is fine-tuned on the Diff-VQA dataset without in-

Table 5
Ablation study of models on multi-image Diff-VQA Tasks.
Method BLEU-1 BLEU-2 BLEU-3
Baseline 0.649 0.573 0.512
Base-Graph 0.653 0.580 0.521
Ours 0.661 0.584 0.523

2026/2/55

corporating any anatomical priors or spatial con-
straints. This setting provides a reference point to
understand the inherent capability of the pretrained
model in performing difference reasoning purely
based on image-text inputs. Building on this, the
Base-Graph variant integrates spatial prior infor-
mation derived from EKAID’s disease-region graph
module. This graph encodes predefined anatomical
regions and their relationships to guide the model in
identifying spatially relevant disease patterns. Ex-
perimental results show that Base-Graph achieves
notable performance improvements over the base-
line, demonstrating the effectiveness of introduc-
ing structural spatial knowledge. However, we ob-
served that graph-based priors are susceptible to
redundant region mappings and interference from
irrelevant negative samples, especially in complex
medical scenarios where lesions span multiple an-
atomical boundaries or overlap with normal struc-
tures. To address this issue, our full model introduc-
es an optimized region selection mechanism that
reduces noise from irrelevant areas and enhances
the precision of spatial supervision. Furthermore,
by designing a progressive reasoning framework
from local to global comparison levels, our method
enables more accurate and interpretable multi-im-
age difference analysis.

The ablation results highlight the necessity of in-
corporating both cleaned anatomical priors and hi-
erarchical reasoning strategies to fully leverage the
capabilities of large multimodal models in complex
medical QA tasks, see Table 5.

To further analyze the impact of anatomical region
granularity on our framework, we conducted a set
of ablation experiments on the MIMIC-Diff-VQA
dataset, focusing on the Diff-VQA task with varying
numbers of regions (K=4, 6, 8, 10, 16, 28). The goal
is to determine how the choice of K influences the
balance between fine-grained localization and noise
propagation in regional reasoning.

BLEU-4 METEOR ROUGE_L CiDEr
0455 0.366 0.609 1.206
0462 0.371 0.618 1.267
0467 0.379 0.625 1.379
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Table 6
Ablation study on the number of anatomical regions (K).

Method BLEU-1 BLEU-2 BLEU-3

K=4 0.635 0.562 0498

K=6 0.648 0.574 0.507

Ours (K=8) 0.661 0.584 0.523
K=10 0.655 0.578 0.515
K=16 0.645 0.565 0495
K=28 0.628 0.550 0475

Table 7

2026/2/55

BLEU-4 METEOR ROUGE_L CiDEr
0438 0.370 0.610 1165
0447 0.375 0.620 1.210
0467 0.379 0.625 1.379
0455 0.378 0.617 1330
0425 0.373 0.605 1.260
0400 0.365 0.590 1190

Ablation study of the weighting parameter a in the similarity-divergence sampling strategy.

Method BLEU METEOR
0=0.3 0447 0.375
Ours (a=0.7) 0467 0.379
o=0.7 0455 0.378

In this series of experiments, we kept all other con-
figsurations identical to the default setting and only
varied the number of anatomical regions. Results in
Table 6 show a clear trend: performance improves
consistently from K=4 to K=6 and reaches its peak
at K=8, where the model achieves the highest scores
across BLEU, METEOR, ROUGE-L, and CIDEr. How-
ever, when further increasing K beyond 8, the results
begin to decline, with noticeable drops at K=10, K=16,
and K=28. This suggests that while moderate granu-
larity (K=8) provides sufficient anatomical detail to
capture subtle regional differences, excessive subdi-
vision introduces redundant regions and amplifies lo-
calization errors. Such noise propagates through the
region-disease mapping and ultimately degrades text
generation quality in the Diff-VQA task.

These findings confirm that K=8 strikes the optimal
balance between representation power and robust-
ness, maximizing the benefit of anatomical priors
while avoiding over-segmentation pitfalls. The abla-
tion study therefore highlights the importance of care-
fully selecting anatomical granularity in order to fully
leverage large multimodal models for accurate and in-
terpretable medical difference question answering.

To evaluate the influence of the weighting parameter
o in the image-pair sampling strategy, we conduct-
ed an ablation experiment on the MIMIC-Diff-VQA

ROUGE_L CiDEr P-value vs 0 =0.5 (CIDEr)
0.620 1.210 <0.001
0.625 1.379 -
0.617 1.330 0.039

dataset, focusing on the Diff-VQA task with varying
a€{0.3,0.5,0.7}. a controls the trade-off between the
Sim and the Div when selecting clinically meaning-
ful image pairs. A higher o emphasizes visual simi-
larity, while a lower a emphasizes pathological dif-
ference diversity.

Table 7 reports the performance under different o
settings. In this series of experiments, we kept all
other configurations identical to the default setting
and only varied a. The results show that our frame-
work is stable across a wide range of values, indi-
cating that the sampling strategy is robust. The best
overall performance is achieved at o = 0.5, which bal-
ances structural consistency with clinically relevant
disease progression. Therefore, a = 0.5 is used as the
default configuration in all main experiments.

In addition, we performed an ablation study on the
backbone used for computing visual similarity (Sim)
within the pair-selection score S Besides the de-
fault ResNet-50, we evaluated Swin-Transformer
and ViT-Base backbones to assess the sensitivity of
the similarity representation. All backbones were
pretrained on ImageNet and fine-tuned under iden-
tical training conditions. As shown in Table 8, the
performance differences across backbones are with-
in +1.8%, demonstrating that the proposed frame-
work is robust to the choice of feature extractor for
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ROUGE_L CiDEr P-value vs ResNet-50 (CIDEr)
0.621 1.355 0.11
0.623 1.372 047
0.625 1.379 -

Table 8
Ablation study on the backbone used for computing visual similarity in the pair-selection score ;.
Method BLEU METEOR
ViT 0462 0.377
Swin 0465 0.378
Ours (ResNet-50) 0467 0.379

similarity computation. ResNet-50 is selected as the
default backbone for its favorable trade-off between
accuracy and efficiency.

4, Conclusion

This study proposes a multimodal large-model
framework for medical Diff-VQA, enhanced by pri-
or region-level difference descriptions. Instead
of relying on fragile pixel-level comparisons, the
framework elevates longitudinal image compari-
son to high-level semantic reasoning, thereby bet-
ter handling non-rigid deformations, view shifts,
and imaging variability commonly seen in clinical
chest radiographs. With a progressive “local seman-
tic modeling-global difference reasoning” strategy,
the model first grounds changes at anatomically lo-
calized regions and links them to disease mappings,
then aggregates these cues into global temporal rea-
soning. This design enables both fine-grained inter-
pretability and robust diagnostic inference. Exten-
sive experiments on the MIMIC-Diff-VQA dataset
show that the proposed method consistently outper-
forms existing state-of-the-art approaches in both
single-image VQA and dual-image Diff-VQA tasks.
Ablation studies further validate the contributions
of region-level priors and staged reasoning. Impor-
tantly, beyond improving quantitative performance,
the framework produces interpretable region-level
descriptions of disease changes, supporting clinical
understanding and verification.

From a clinical perspective, the framework can as-
sist radiologists in longitudinal comparison by ac-
celerating detection of newly emerged or resolved
findings, reducing interpretation variability, and
enabling more consistent disease monitoring. By
providing structured regional change descriptions
together with global comparative summaries, the
system enhances transparency and facilitates hu-

man-AI collaboration in diagnostic workflows—an
essential step toward building clinical trust and
practical deployment. Nevertheless, limitations
real-world performance still requires
prospective multi-center validation. We are cur-
rently planning a staged prospective evaluation in
collaboration with two regional medical centers.
Phase I (0-6 months) will focus on retrospective
multi-center validation with harmonized labeling
protocols. Phase II (6-18 months) will involve pro-
spective data collection and real-time clinical de-
cision support trials under clinician supervision.
These steps will allow us to characterize the mod-
el’s robustness, inter-hospital transferability, and
workflow integration feasibility; reliance on ex-
isting annotations may miss subtle or overlapping
pathologies; and future work should incorporate
additional multimodal signals such as electronic
medical records, laboratory results, and physician
notes to achieve more holistic clinical reasoning.
Overall, this work advances medical Diff-VQA and
serves as a proof-of-concept toward future integra-
tion into radiology workflows, supporting efficient
and accurate assessment of disease progression or
remission.
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