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( Addition & Disappearance

Difference: The blue tissue packet on the right side of
the school bag disappeared, and at the same time, a
black charging cable appeared in the lower right
comner of the image.

Difference: A new brown rectangular mat has appeared
on the floor in front of the bathtub, positioned near the:
middle of the scene and placed between two small
stools, one blue and one pink. The rectangular pink
plastic stool in the lower right corner near the tiled:
floor and shower area is no longer visible.

/"Removal & Orientation

o ]

Difference: The yellow stool in the left corner of
the scene, which was previously facing the right
side, is now facing the left side. The black folded
umbrella that was originally at the back wall of
the scene has moved to the right side of the white
stool on the left.

el ™

Difference: A wooden board placed against the wall
in front of the black bag on the left side of the
corridor moves to the curved wall on the right side of
the alley. There are two metal barrels placed on the
right wall of the alley, and the one on the right is
rotating towards the camera.

[ Pose

2%

Difference: Previously, the two figures in the image
had bent legs, with one leg in front and the other
behind, and one arm stretched upward while the other
arm pointed toward the ground. Now, both figures are
standing on one leg with the other leg lifted off the
ground, and their arms are tilted horizontally toward

the ground.
3D

Difference: A man wearing blue pants and a white
short-sleeved shirt, who previously stood with his
hands on his hips facing the dark green building on
the right, has now turned to face the outdoor unit of
\ the air conditioner on the brick house to the left.

"’Substituion & Size

Difference: The bucket of green instant noodles in the
center of the upper part of the scene has been replaced
with a bucket of red instant noodles placed upside
down. The bucket of red instant noodles at the far right
of the upper part of the scene has been replaced with a
larger bucket of blue instant noodles. 5 :

3D

e £ o

Difference: The red barrel with a yellow hazard
symbol has replaced the blue barrel with the same
symbol, located near the stacked boxes in front of the
ladder on the right side of the scene. The air
conditioning unit mounted high on the right wall
_between two garage doors has decreased in size.

T

Difference: The word "transit" located below
"forensic" is replaced with "transfer".

Difference: A blue sign with the word "Alert" on the
first row of pillars on the left side of the scene is
replaced by the blue letter "Alort" on the left pillar at
the front of the scene.

Counting & Color

Difference: In the upper left corner of the scene, the
cushion on the gray stool has changed from blue to
green. In the center of the scene, the number of green
stools has increased from one to two.

Difference: The number of lamps on the ground in

front of the tent has decreased from two to one. The
color of the surface on the left side of the tent has

/' Ilumination

Difference: The scene brightness has increased.

/ Viewpoint

Difference: There is no difference between the

\changed from gray to blue.

\ two pictures.

Figure 1. OmniDiff: a comprehensive benchmark comprising 324 complex real-world and 3D synthetic environments, featuring 12 distinct
types of variations, with an average difference caption length of 60 words per image pair.

Abstract

Image Difference Captioning (IDC) aims to generate nat-
ural language descriptions of subtle differences between
image pairs, requiring both precise visual change local-
ization and coherent semantic expression. Despite re-
cent advancements, existing datasets often lack breadth
and depth, limiting their applicability in complex and dy-
namic environments: (1) from a breadth perspective, cur-
rent datasets are constrained to limited variations of ob-
jects in specific scenes, and (2) from a depth perspec-
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tive, prior benchmarks often provide overly simplistic de-
scriptions. To address these challenges, we introduce Om-
niDiff, a comprehensive dataset comprising 324 diverse
scenarios—spanning real-world complex environments and
3D synthetic settings—with fine-grained human annota-
tions averaging 60 words in length and covering 12 dis-
tinct change types. Building on this foundation, we pro-
pose MPDiff, a MultiModal large language model en-
hanced by a plug-and-play Multi-scale Differential Per-
ception (MDP) module. This module improves the model’s
ability to accurately identify and describe inter-image dif-
ferences while maintaining the foundational model’s gen-
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eralization capabilities. With the addition of the Omni-
Diff dataset, M®Diff achieves state-of-the-art performance
across multiple benchmarks, including Spot-the-Diff, IEdit,
CLEVR-Change, CLEVR-DC, and OmniDiff, demonstrat-
ing significant improvements in cross-scenario difference
recognition accuracy compared to existing methods. The
dataset, code, and models will be made publicly available
to support further research.

1. Introduction

Image Difference Captioning (IDC) focuses on describing
subtle differences between two similar images. Unlike tra-
ditional change detection or single-image captioning, IDC
requires both precise localization of change regions and ac-
curate semantic expression of these changes, making it a
more complex challenge in vision-language understanding.
By bridging visual change detection and natural language
generation, IDC has significant potential for applications in
environmental monitoring and surveillance systems, where
articulating visual differences is critical.

The emergence of domain-specific datasets and the
refinement of vision-language models significantly en-
hance deep-learning-driven IDC methods. Despite notable
progress in this field, limitations of existing datasets con-
strain the applicability of IDC methods in complex and dy-
namic environments. (1) From a breadth perspective, exist-
ing IDC datasets primarily focus on limited variations of ob-
jects in specific scenes, failing to cover the diverse changes
encountered in real-world environments. For instance,
Spot-the-Diff [17] only covers street surveillance footage
from a fixed viewpoint, Birds-to-Words [10] focuses on
fine-grained differences among similar bird species, and
CLEVR-Change [33] renders simple desktop scenarios fea-
turing five types of object changes. (2) Prior research of-
ten lacks in-depth discrepancy descriptions, which signif-
icantly restricts the model’s ability to align visual differ-
ences with precise textual representations. For example,
the average difference description between image pairs in
IEdit [37] comprises merely 8 words, indicating that the
captured changes are overly simplistic and fail to reflect the
complexity of real-world variations.

To address these challenges, as illustrated in Figure 1, we
introduce OmniDiff, a high-quality dataset comprising 324
complex real-world and 3D scenes, encompassing 12 dis-
tinct types of variations, each annotated with fine-grained
human-labeled descriptions. The annotations exhibit an av-
erage length of 60 words, ensuring comprehensive and de-
tailed representations of the observed variations. We col-
lect diverse real-world scenes through on-site photography
and web crawling, and further expand the dataset by con-
structing complex 3D scenes using Blender [8] to simulate
real-world variations. Unlike CLEVR-series [20, 33, 34]
datasets generated with Blender [8], which are confined to

simplistic tabletop environments, our approach focuses on

creating near-realistic complex settings, effectively enrich-

ing the data samples while simultaneously imposing higher
demands on the model’s 3D spatial perception capabilities.

Leveraging their foundational knowledge and strong
generalization capabilities, Multimodal Large Language
Models (MLLMs) demonstrate exceptional performance
across a wide range of cross-modal tasks, including single-
image captioning and visual question answering. This
emerging trend motivates the exploration of applying
MLLMs to the IDC task, which requires enhanced capa-
bilities in fine-grained visual perception and comprehensive
multi-image content understanding.

In this work, to enhance the fine-grained difference per-
ception capabilities of MLLMs between image pairs, we
integrate a plug-and-play Multi-scale Differential Percep-
tion (MDP) Module into the MultiModal Large Language
Model framework, establishing M>Diff, a strong base
model designed for fine-grained IDC. Through our sim-
ple yet effective fine-tuning strategy, M>Diff achieves state-
of-the-art performance across a variety of benchmarks, in-
cluding OmniDiff, Spot-the-Diff [17], IEdit [37], CLEVR-
Change [33] and CLEVR-DC [20]. These results demon-
strate M®Diff’s strong generalization capabilities in recog-
nizing differences across varied scenarios, highlighting its
adaptability and effectiveness in addressing complex visual
understanding tasks.

The primary contributions of this work are summarized
as follows:

* We construct OmniDiff, a high-quality dataset compris-
ing 324 diverse scenarios, encompassing both real-world
complex environments and 3D synthetic settings. The
dataset is characterized by fine-grained human annota-
tions, with an average description length of 60 words, and
comprehensively covers 12 distinct types of changes.

* We integrate a plug-and-play Multi-scale Differential
Perception (MDP) Module into the MLLM architec-
ture to enhance fine-grained difference perception and
multi-image content understanding capabilities. This ap-
proach facilitates the development of a strong base model,
M3Diff, specifically tailored for IDC.

* By leveraging the OmniDiff dataset and the M3Diff ar-
chitecture, we achieve state-of-the-art performance across
multiple benchmarks spanning diverse scenarios.

2. Related Works

2.1. Image Difference Captioning

Methods. Research on IDC has evolved through several
key methodological advancements. Jhamtani et al. [17]
pioneer this task by aligning pixel-wise differences be-
tween image pairs. Subsequent works [33] [13] [27] at-
tempt to compute differences by directly subtracting im-
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age representations. However, these methods exhibit lim-
ited generalization capabilities for unaligned image pairs
due to pseudo-changes caused by distractors (e.g., view-
point, illumination). To address robustness against distrac-
tors, recent studies introduce specialized learning mecha-
nisms. DIRL [43] stabilizes representations by correlat-
ing corresponding channels while decorrelating dissimilar
ones, enabling robust difference extraction. Furthermore,
multi-task learning frameworks integrate auxiliary objec-
tives to enhance model accuracy. For example, Semantic-
CC [54] combines change detection (CD) and captioning
(CC) via pixel-level semantic segmentation, improving lin-
guistic precision. With the rise of vision-language pretrain-
ing, IDC-PCL [49] and CLIP4IDC [12] propose a two-stage
pretrain-finetune framework to effectively model difference
representations for change captioning. Recent MLLM-
based approaches significantly advance IDC capabilities.
FINER-MLLM [51] enhances change captioning through
a LoRA [15] fine-tuned MLLM with dual intra- and inter-
image constraints, while Hu ez al. [14] propose a generalist
model combining a siamese encoder and Visual Delta Mod-
ule for detecting and describing subtle differences.
Benchmarks. Benchmarks for change captioning are
developed across various domains to address domain-
specific challenges. For instance, Spot-the-Diff [17] and
STVchrono [36] extract similar video frames from surveil-
lance footage to capture changes in outdoor environments.
Birds-to-Words [10] focuses on distinguishing subtle ap-
pearance differences among similar bird species, while
LEVIR-CC [27] targets changes in urban remote sensing
image pairs. Unlike datasets tailored to specific scenes
or objects, IEdit [37] comprises approximately 4,000 im-
age pairs capturing diverse daily life scenarios. To address
annotation scalability, CLEVR-Change [33] leverages the
CLEVR engine [19] to synthesize controlled variations in
3D-rendered tabletop scenes, with CLEVR-DC [20] intro-
ducing extreme viewpoint-agnostic shifts and Qiu et al. [34]
extending the framework through multi-change scenarios
and unknown change counts for robust captioning evalua-
tion.

2.2. Multimodal Large Language Models

Multimodal large language models exhibit exceptional ca-
pabilities in visual perception and natural language gener-
ation by aligning visual and textual features [2, 24] and
leveraging visual instruction tuning [9, 28, 29, 52]. Build-
ing on these foundations, recent advancements emphasize
fine-grained visual understanding. Gromma [31] bridges
MLLMs and detection by embedding region-aware visual
tokens directly into the language model’s latent space. Lai
et al. [21] propose LISA, an MLLM that integrates seg-
mentation via a token and embedding-as-mask mechanism
for complex visual-textual reasoning segmentation. Push-

Stagel: Change Pair Collection

3D synthetic data

Real-world data

Stage2: Difference Caption Collection
Difference: The gray trash bin with a rounded top and the
word "TRASH" written on it is replaced with the green

mixer in the center of the scene has been painted blue.

Difference: The previously open laptop has been closed. OmniDiff
The black wired mouse with a red scroll wheel on the right o

side of the desktop has disappeared. /

Figure 2. Overview of the OmniDiff construction pipeline.

wheeled bin in the far right corner. The orange concrete Filter %

ing the boundaries of these advancements, [5, 18, 22, 23]
further expand the scope of MLLMs by exploring their abil-
ity to understand multi-image and video content, demon-
strating their potential for complex multimodal tasks. De-
spite these significant strides, applying MLLMs to IDC
tasks presents unique challenges. IDC requires not only
fine-grained visual perception but also the ability to pre-
cisely articulate subtle differences between images. Exist-
ing MLLMs often struggle to generate accurate and contex-
tually rich descriptions of nuanced visual changes.

3. The OmniDiff Dataset
3.1. Overview of OmniDiff

We introduce OmniDiff, a high-quality dataset encompass-
ing diverse real-world and synthetic complex scenarios, fea-
turing fine-grained human annotations to ensure compre-
hensive and accurate labeling. OmniDiff comprises 324
scenes spanning diverse indoor and outdoor environments,
collected through a combination of on-site photography,
web scraping and 3D rendering. The dataset encompasses
12 categories of fine-grained visual variations, including
viewpoint, illumination, addition, disappearance, removal,
substitution, size, color, orientation, pose, OCR (textual
changes), and counting. Each similar image pair encom-
passes one or more types of variations, with the average
length of difference descriptions extending to 60 words to
ensure a thorough and detailed representation of the ob-
served changes.

3.2. Dataset Construction Process

The construction process of the OmniDiff consists of two
key stages: Change Pair Collection and Difference Caption
Collection. Figure 2 shows the overall workflow.

3.2.1. Change Pair Collection.

OmniDiff comprises change pairs sourced from 324 diverse
indoor and outdoor scenes, encompassing a wide range
of everyday environments such as streets, supermarkets,
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Table 1. The comparison of OmniDiff with existing image difference caption datasets. OmniDiff excels in both its breadth, encompassing a
diverse range of real-world scenarios, and its depth, characterized by detailed and fine-grained annotations. The underlined value indicates
a relatively high number of image pairs in CLEVR-Change [33], although these pairs are limited to tabletop environments with constrained
object variations. Distractor change refers to non-semantic variations (e.g.,viewpoint shifts and illumination changes).

. . Distractor Human-labeled Average words % Long caption
Dataset Environment Image source Image pair . .
change caption per caption (>20 words)
CLEVR-Change [33] table 3D render 79606 v 8 0%

Spot-the-Diff [17] outdoor surveillance video 13192 v 19 19%

LEVIR-CC [26] outdoor satellite 10077 v v 8 1%

IEdit [37] in- & out-door diverse real life 3939 v 8 2%
Birds-to-Words [10] outdoor birds 3347 v 32 25%

OmniDiff (ours) ‘ in- & out-door 3D render & diverse real life 15598 v v 60 37%
schools, and bedrooms, as illustrated in Figure 1. The Table 2. Statistics of the OmniDiff Dataset.
change pairs originate frgm two primary sources: real- Statistic Value
world data and 3D synthetic data. -

To collect change pairs from real-world scenes, we uti- }rma%%Cha,nge Pairs }g ggg
lize a combination of on-site photography and web crawl- otal Captions ) ’

. . . .. . Avg Words per Caption 60.0
ing to capture diverse environmental conditions and vari-

. . Total Sentences 38,653
ous types of changes, ensuring comprehensive coverage of .

! d : F e ph h Sentences per Caption 2.5
re.a -wor s.c.enarlos. orlon-.sne p .otograp y, we system- Vocabulary Size 3793
atically position cameras in diverse indoor and outdoor en- - -

Splits Train:Val.:Test = 80%:10%:10%

vironments to capture natural scene variations over time,
while adjusting camera perspectives to simulate viewpoint
changes and enrich the diversity of the collected data. To
further enhance scene diversity, we collect online videos to
capture environments and change types that are challeng-
ing to obtain through on-site photography. We specifically
select videos depicting real-life scenarios and manually ex-
tract frames with similar scenes but subtle visual differences
to construct change pairs. The sources and quality of these
videos are rigorously screened to ensure compliance with
the dataset’s high-quality standards. Through a combina-
tion of on-site photography and web crawling, we collect
change pairs from 224 distinct real scenes.

In addition to real-world data, we utilize the Blender [8]
engine to render complex 3D scenes, simulating real-world
variations. Unlike the CLEVR-series [20, 33, 34], which
restricts changes to a limited set of objects within a sin-
gle scene, we source high-quality 3D assets from ArtSta-
tion [4], including 50 indoor and 50 outdoor scenes, and
manually modify objects within the scenes to emulate real-
istic and diverse changes.

3.2.2. Difference Caption Collection.

Although state-of-the-art MLLMs such as GPT-4o [1] ex-
hibit strong capabilities in generating textual descriptions,
our experiments reveal their limitations in annotating fine-
grained image differences in complex scenes, particularly
in precisely localizing and describing subtle visual changes.
Therefore, we rely on human annotators to ensure the accu-
racy and reliability of the dataset. Given that the images
are captured in complex scenes, we instruct the annotators

to accurately describe the location, attributes, and types of
changes for the altered objects. To ensure consistency and
quality, we provide the annotators with the following anno-
tation guidelines: 1) Focus on describing semantic changes
in the scene (e.g., the addition of an object) while ignoring
irrelevant variations (e.g., viewpoint shifts). 2) Structure
each caption into two parts: the referring part (e.g., a man
in a blue shirt standing behind a desk on the left side of the
scene) and the change part (e.g., changed from facing the
window on the left to facing the sofa on the right).

After completing the annotation process, we review and
correct spelling and grammatical errors, resulting in a fi-
nal collection of 15,598 difference captions with an average
length of 60 words per caption.

3.3. Dataset Statistics

As shown in Table 2, OmniDiff contains a total of 15,598
change pairs, consisting of 8,609 pairs of real-world scene
images and 6,989 pairs of 3D-rendered scene images,
achieving a balanced ratio of 1.2:1 between real-world and
synthetic data. The average difference description for each
image pair consists of 60 words, ensuring a precise and de-
tailed representation of fine-grained variations between im-
ages. We divide both indoor and outdoor scenes into train-
ing, validation, and test sets at an 8:1:1 ratio, ensuring that
each subset comprehensively encompasses all 12 distinct
types of changes.
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Figure 3. The whole structure of M3Diff with the multi-scale differential perception module.

3.4. Evaluation protocol

For change captioning, we evaluate performance using five
standard metrics: BLEU-4 (B) [32], METEOR (M) [6],
ROUGE-L (R) [25], CIDEr-D (C) [46], and SPICE (S) [3].
All metrics are computed using the Microsoft COCO eval-
uation server [7].

3.5. Comparisons with Existing Datasets

Table | further highlights the advantages of OmniDiff com-
pared to other datasets. From the breadth perspective, exist-
ing datasets primarily focus on limited variations of objects
within single scenes (e.g., CLEVR-Change [33]), whereas
OmniDiff combines real-world and 3D-rendered scenes to
construct image pairs in complex and diverse environments,
encompassing 12 distinct types of variations. In terms of
depth, previous datasets typically provide short annotations
that lack the granularity needed to clearly describe fine-
grained differences between image pairs. In contrast, Omni-
Diff includes a significant portion of long, detailed descrip-
tions that precisely identify changes in complex scenes, of-
fering a richer and more informative resource for training
and evaluating multimodal models.

4. Method

4.1. Overview

Inspired by recent advancements in leveraging MLLMs for
change captioning tasks [47, 54], our M3Diff extends the
standard MLLM architecture with a multi-scale differential
perception module, as illustrated in Figure 3. This dedicated
component implements feature-level differencing through
channel-wise subtraction between image pairs, followed by
adaptive cross-layer fusion operations that establish coher-

ent difference representations prior to linguistic decoding.
In this section, we first introduce the MDP module for
multi-scale difference modeling, followed by a systematic
exposition of the training paradigm of our framework.

4.2. Multi-Scale Differential Perception

MDP module is employed to extract multi-scale discrimi-
native discrepancy features through channel-wise subtrac-
tion, then fuses them with original image features via
cross-attention mechanisms. By explicitly modeling cross-
scale visual disparities and their contextual interactions, this
module enhances precise difference localization and de-
scriptive feature representation for captioning tasks.
Differential Perception. The difference feature between
image pairs is critical for IDC tasks but prone to distractors
(e.g., illumination/viewpoint). The purpose of this opera-
tion is to generate a robust differential feature, and then in-
tegrate the enhanced difference representation back into the
original feature streams for improved discriminability.
Specifically, the differential feature is calculated by:

A1 = 0(Wn[Fi[[F)), A2 = o (W [F5|Fi]), (1)
Afc: PO A, ke {1,2}, )
AF! = W, [ |FL||(F% — Fb)], 3

where F¢, F} are image pair features from the i-th layer,
|| denotes concatenation, and o is sigmoid function. The
weight W,,, € R?*24 processes concatenated features
through a learnable projection, where d denotes the feature
dimension. The resulting attention weights A € [0, 1]¢
modulate input features via element-wise multiplication
(®), preserving original dimensions. W,, € R34 projects

21444



the concatenated triplet into AF?, a d-dimensional vector
that explicitly encodes feature variations.

Then, we fuse the salient differences with the original
image features through cross-attention mechanisms:

AF|, = SA(AFY), €
AF, = MLP(CA(AFY, Fi[FSIAFL)), ()
k= CA(Fy, FL||AF,), k€ {1,2}, (6)
where the cross-attention (CA) establishes correspondences
between two streams: (1) using the self-attention (SA) dif-
ference representation AF! as queries, and (2) employ-
ing the concatenation of original features and AF! as
keys/values. After Multiple Layer Perceptron (MLP) pro-
cessing, CA further fuses each original feature Fj, with the
refined difference signal Fi || AF?, via query and key/value
interactions, preserving spatial dimensions while enhancing
channel-wise discriminability.
Multi-Scale Integration. MLLMs typically employ the vi-
sual features from the penultimate layer of the visual en-
coder [22, 28, 29]. However, features from individual net-
work layers face inherent limitations: low-level features
lack semantic consistency, while high-level features lose
detail perception. Therefore, multi-layer feature fusion is
employed to aggregate low-level details and high-level se-
mantics to yield a more comprehensive and discriminative
representation. The fusion process can be formulated as:

Score’ = U(MLP(q)Mean(Fli HFEHAFz)))’ )

F) = Zl Score’ @ Fi, k € {1,2}, ®)

where Py stands for the token-wise mean pooling to
compress spatial information. Score’ is the fusion weight
of the ¢-th layer’s feature. The weights are then used to
compute the refined features F} and FY via element-wise
multiplication and cross-layer summation.

4.3. Training Strategy

Unlike previous multi-stage approaches [14, 47, 54] adapt-
ing MLLMs for IDC tasks, we employ a simple yet effective
one-stage fine-tuning strategy. Despite a gap between the
MDP module and the well-pretrained MLLM [22], large-
scale instruction tuning enables the lightweight MDP mod-
ule to enhance difference perception without disrupting ex-
isting knowledge, achieving plug-and-play functionality.
The dataset utilized for fine-tuning M>Diff consists of
896k question-answer pairs (refer to Section 8.1 of the
Supplementary Material for details). In addition to Om-
niDiff, the dataset integrates several publicly available
IDC datasets, including Spot-the-Diff [17], IEdit [37], and
Birds-to-Words [10], as well as 3D-rendered samples from

CLEVR-Change [33] and CLEVR-DC [20]. During train-
ing, we apply LoRA [15] for parameter-efficient fine-tuning
to the LLM while fully fine-tuning the rest of the model.

5. Experiments
5.1. Datasets

We evaluate our model on four public datasets and Om-
niDiff, including the real-world domain datasets Spot-the-
Diff [17], Image-Editing-Request [37], and OmniDiff-Real,
as well as the 3D-rendered datasets CLEVR-Change [33],
CLEVR-DC [20], and OmniDiff-Render.

Spot-the-Diff [17] consists of 13,192 pairs of simi-
lar video frames captured from street surveillance footage.
Following the standard evaluation protocol used in prior
work [17], we evaluate our model in a single-change cap-
tioning setting. The dataset is officially split into training,
validation, and testing sets with a ratio of 8:1:1.

Image-Edit-Request [37] consists of 3,939 aligned im-
age pairs from real-life scenarios, accompanied by 5,695
editing instructions. Following the official dataset split pro-
tocol [37], we use 3,061 image pairs for training, 383 for
validation, and 495 for testing.

CLEVR-Change [33] is a large-scale synthetic dataset
featuring scene changes involving geometric objects and
distractors under moderate viewpoint variations. The
dataset contains 79,606 image pairs, split into 67,660 for
training, 3,976 for validation, and 7,970 for testing.

CLEVR-DC [20] is a large-scale dataset featuring ex-
treme viewpoint shifts, comprising 48,000 image pairs with
the same change types as CLEVR-Change [33]. The dataset
is split into 85% training, 5% validation, and 10% testing.

OmniDiff-Real, a subset of the OmniDiff dataset, com-
prises 8,609 real-world image pairs, split into 7,007 for
training, 799 for validation, and 803 for testing. Given
the diverse and complex changes in OmniDiff, our model
is evaluated in a multi-change captioning setting.

OmniDiff-Render comprises 3D-rendered image pairs
from the OmniDiff dataset, with 5,445 pairs for training,
777 for validation, and 767 for testing. Model evaluation is
performed under the multi-change setting, consistent with
the approach used for the OmniDiff-Real.

5.2. Implementation Details

Architecture. M?3Diff initializes the weights of the vi-
sual encoder, projector, and LLM from LLaVA-OneVision-
7B [22], while the MDP module weights are newly initial-
ized. The visual encoder utilizes the SigL.IP model [50],
containing 27 transformer layers. Multi-scale features ex-
tracted from layers 17, 20, 23, and 26 of the visual encoder
serve as input to MDP, which comprises two stacked trans-
former layers. The projector comprises a two-layer multi-
layer perceptron, and the LLM is based on the Qwen2 [48].
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Table 3. Performance comparison on OmniDiff across all metrics. The best results are highlighted in boldface, while the second-best
results are indicated with underlining. { indicates models that are trained without utilizing the OmniDiff dataset.

‘ Real ‘ Render
Method

‘ BLEU-4 METEOR ROUGE-L CIDEr ‘ BLEU-4 METEOR ROUGE-L CIDEr
VARD-LSTM (TIP’23) [40] 5.5 12.8 24.2 6.7 4.2 10.2 24.7 3.7
SCORER (ICCV’23) [42] 7.2 11.1 23.5 7.0 9.9 13.3 27.1 4.1
DIRL (ECCV’24) [43] 7.5 11.0 23.8 54 11.7 13.8 27.6 5.9
CARD (ACL’24) [45] 9.1 12.6 25.1 9.2 11.3 134 27.3 7.3

MLLM

TGPT-40 [1] 3.1 13.6 21.0 52 4.6 10.7 214 5.6
FTLLaVA-OneVision-7B [22] 0.2 4.1 13.6 1.7 0.3 4.7 15.6 1.6
TQwen-2.5-VL-7B [5] 3.8 9.5 19.8 6.2 2.1 6.8 18.3 33
FINER-MLLM (MM’24) [51] 8.9 13.8 259 11.7 13.6 15.6 29.9 14.0
MBDiff (ours) 14.3 18.9 329 31.3 15.7 19.9 353 28.3

Table 4. Performance comparison on Spot-the-Diff across all met-
rics. The best results are highlighted in boldface, while the second-
best results are indicated with underlining.

Table 5. Performance comparison on Image-Edit-Request across
all metrics. The best results are highlighted in boldface, while the
second-best results are indicated with underlining.

Method |BLEU-4 METEOR ROUGE-L CIDEr SPICE Method |BLEU-4 METEOR ROUGE-L CIDEr SPICE
DUDA (ICCV’19) [33] 8.1 11.8 290 325 DUDA (ICCV°19) [33] 65 12.4 373 228
M-VAM (ECCV"20) [35] 10.1 12.4 313 381 - MCCFormers-D (ICCV'21) [34]| 8.3 143 392 302
M-VAM+RAF (ECCV'20) [35] | 11.1 129 332 425 171 CLIP4IDC (AACL'22) [12] 8.2 14.6 404 322 -
IFDC (TMM'22) [16] 8.7 11.7 302 370 - NCT (TMM'23) [41] 8.1 15.0 388 342 127
DUDA+TIRG (CVPR'21) [13] | 8.1 125 209 345 VARD-Trans (TIP'23) [40] 100 148 390 357 -
VACC (ICCV’21) [20] 9.7 12.6 320 415 - SCORER (ICCV'23) [42] 10.0 15.0 39.6 334
SRDRL (ACL'21) [39] - 13.0 3.0 353 180 SMARL (TPAMI'24) [44] 10.4 15.1 403 346
R®Net (EMNLP'21) [38] - 13.1 326 366 1838 SMART (TPAMI'24) [44] 105 152 391 378
MCCFormers-D (ICCV'21) [34]| 10.0 12.4 - 431 183 DIRL (ECCV’24) [43] 10.9 15.0 410 341
CLIPAIDC (AACL'22) [12] 11.6 14.2 350 474 - MLLM
VARD-Trans (TIP'23) [40] - 125 293 303 173
SCORER (ICCV'23) [42] 102 122 : 389 184 FINER-MLLM (MM*24) [51] | 14.1 15.9 404 535 159
SMARL (TPAMI'24) [44] - 13.1 32.8 400 195 OneDiff (ACCV24) [14] 29.6 25.1 556  109.6
SMART (TPAMI'24) [44] - 135 36 394 190 M®Diff (ours) | 336 265 597 1366 275
DIRL (ECCV*24) [43] 103 13.8 328 409 199
MLLM : . .
warm-up dynamically adjusts the learning rate. Our exper-
FINERMLLM MM29 (51 | 129 147 355 6L8 - 221 iments utilize 8 NVIDIA A100 (40G) GPUs with a global
OneDiff (ACCV*24) [14] 12.8 14.6 358 566 - . .
- batch size of 256, completing in 26 hours.
MPDiff (ours) | 144 154 376 711 249

Training setting. Building upon the OmniDiff, we collect
and curate publicly available real-world datasets, includ-
ing Spot-the-Diff [17], IEdit [37], and a subset of Birds-
to-Words [10], alongside 3D-rendered datasets such as
CLEVR-Change [33] and CLEVR-DC [20]. These datasets
are transformed into a question-answer format, yielding a
fine-tuning dataset of 896K samples. For the CLEVR-
Change [33] and CLEVR-DC [20], we utilize each caption
per image pair as an independent training sample. During
the fine-tuning phase, we employ LoRA [15] for parameter-
efficient tuning of the LLM to minimize computational
costs while preserving the LLM’s inherent knowledge. The
LoRA configuration includes a rank of 128 and an alpha
value of 256. Concurrently, the visual encoder, projec-
tor, and MDP module undergo full-parameter fine-tuning.
The AdamW optimizer sets the initial learning rate to 2e-6
for the visual encoder and 1e-5 for the remaining modules.
During training, a cosine annealing scheduler with a linear

5.3. Performance Comparison

To validate the effectiveness of M2Diff in complex and dy-
namic scenarios, we fine-tune state-of-the-art IDC meth-
ods (VARD [40], SCORER [42], DIRL [43], CARD [45])
and the MLLM-based approach FINER-MLLM [51] on the
OmniDiff dataset. We then conduct a comprehensive eval-
uation on the test set to compare their performance. As
demonstrated in Table 3, M3Diff achieves superior perfor-
mance across all metrics in both real-world and rendered
scenarios. Additionally, we perform zero-shot evaluations
of leading MLLMs (GPT-40 [1], LLaVA-OneVision [22],
and Qwen-2.5-VL [5]) on OmniDiff, demonstrating their
limitations in analyzing complex scene differences despite
their general multimodal capabilities.

As shown in Tables 4, 5, 7, and 8, MS3Diff consis-
tently achieves SOTA performance across various publicly
IDC benchmarks, including real-world scenarios such as
Spot-the-Diff [17] and IEdit [37], as well as rendered envi-
ronments like CLEVR-Change [33] and CLEVR-DC [20].
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Table 6. Ablation Study of the OmniDiff dataset and MDP Module on OmniDiff and IEdit Benchmarks.

Setti | OmniDiff-Real | OmniDiff-Render | 1Edit
ettings

| B M R c | B M R c | B M R C s
w/o OmniDiff & MDP 0.1 3.3 11.5 1.1 0.0 2.9 10.0 0.7 31.5 26.0 59.6 133.5 25.7
w/o OmniDiff 0.1 3.8 12.7 1.9 0.1 3.7 11.9 1.1 32.3 26.3 59.7 132.8 27.0
w/o MDP 12.2 17.1 32.3 353 15.5 18.6 34.3 25.4 33.5 26.3 59.7 135.2 26.5
M?Diff (ours) 14.3 18.9 329 31.3 15.7 19.9 35.3 28.3 33.6 26.5 59.7 136.6 27.5

Table 7. Performance comparison on CLEVR-Change across all
metrics. The best results are highlighted in boldface, while the
second-best results are indicated with underlining.

Table 8. Performance comparison on CLEVR-DC across all met-
rics. The best results are highlighted in boldface, while the second-
best results are indicated with underlining.

Method |BLEU-4 METEOR ROUGE-L CIDEr SPICE Method |BLEU-4 METEOR ROUGE-L CIDEr SPICE
DUDA (ICCV’19) [33] 473 339 - 1123 245 DUDA (ICCV’19) [33] 403 27.1 - 567 16.1
M-VAM (ECCV"20) [35] 50.3 37.0 69.7 1149 305 DUDA+CC (ICCV’19) [33] 417 275 - 620 164
M-VAM+RAF (ECCV*20) [35] | 51.3 37.8 704 1158 307 M-VAM (ECCV’20) [35] 40.9 27.1 - 60.1 158
IFDC (TMM’22) [16] 49.2 325 69.1 1187 - M-VAM+CC (ECCV’20) [35] 41.0 272 - 620 15.7
DUDA+TIRG (CVPR21) [13] | 512 377 705 1154 311 VA (ICCV°21) [20] 445 292 - 700 17.1
VACC (ICCV21) [20] 524 375 - 1142 310 VACC (ICCV21) [20] 450 29.3 - 717 17.6
SRDRL (ACL'21) [39] 549 4022 733 1222 329 MCCFormers-D (ICCV’21) [34]| 46.9 317 - 716 146
R3Net (EMNLP21) [38] 547 39.8 731 1230 326 NCT (TMM’23) [41] 475 325 651 769 156
MCCFormers-D (ICCV’21) [34]| 52.4 383 - 121.6 268 VARD-Trans (TIP’23) [40] 483 324 - 776 154
CLIP4IDC (AACL22) [12] 56.9 384 764 1507 - SCORER (ICCV’23) [42] 494 334 66.1 837 162
NCT (TMM’23) [41] 55.1 4022 738 1241 329 DIRL (ECCV’24) [43] 514 323 663 841 1638
VARD-Trans (TIP’23) [40] 554 40.1 738 1264 326 MLLM
SCORER (ICCV’23) [42] 56.3 412 745 1268 333 :
SMARL (TPAMI'24) [44] 55.7 40.6 738 1265 334 M®Diff (ours) | 606 376 730 1094 213
SMART (TPAMI'24) [44] 56.1 40.8 742 1270 334
DIRL (ECCVI2H [47] >4 381 79 1236 318 test set. Removing MDP leads to consistent degradation

MLEM in text quality and semantic coherence, highlighting its role
FINER-MLLM (MM24) [51] | 55.6 36.6 725 1372 264 . .. . . . .

in harmonizing multi-scale feature integration. While par-

MEDiff (ours) | 571 419 753 1305 338

These results demonstrate the model’s strong generalization
ability in cross-scenario difference identification.

5.4. Ablation Study and Analysis

Effects of OmniDiff Dataset. Table ¢ illustrates the impact
of fine-tuning M3Diff with the OmniDiff dataset, demon-
strating its performance improvements on both the Omni-
Diff benchmark and IEdit [37]. The experiments reveal
that fine-tuning M3Diff solely on existing public datasets
fails to effectively describe differences between image pairs
in OmniDiff, which contains a wide range of complex
and dynamic scenarios. By incorporating the OmniDiff
dataset into the fine-tuning process alongside existing pub-
lic datasets, the model not only achieves significant perfor-
mance improvements in complex scenarios within the Om-
niDiff benchmark but also demonstrates enhanced capabil-
ities on IEdit [37]. These results validate that the diverse
and dynamic samples in OmniDiff effectively strengthen
the generalization ability of M3Diff across varied scenarios.
Effects of Multi-Scale Differential Perception Module.
Table 6 demonstrates that introducing the MDP module
to enhance difference perception capabilities, while pre-
serving the inherent knowledge of MLLM, leads to fur-
ther improvements on both the OmniDiff and IEdit [37]

tial metric fluctuations occur (i.e., the CIDEr variation on
OmniDiff-Real), the full model demonstrates balanced su-
periority, outperforming ablated versions in 12/13 metrics.
This holistic enhancement confirms MDP’s necessity for
fine-grained IDC tasks.

6. Conclusion and Future Outlook

In this work, we tackle the limitations of IDC by introduc-
ing OmniDiff, a comprehensive dataset featuring 324 di-
verse scenarios spanning real-world and 3D synthetic envi-
ronments. With fine-grained human annotations averaging
60 words and covering 12 distinct change types, OmniDiff
sets a new benchmark for breadth and depth in IDC datasets.
Building on this, we propose M>Diff, a MultiModal Large
Language Model enhanced by a plug-and-play Multi-scale
Differential Perception (MDP) module. Extensive exper-
iments show that M3Diff achieves state-of-the-art perfor-
mance on multiple benchmarks, demonstrating significant
improvements in cross-scenario difference recognition.

In future work, OmniDiff can be expanded to include
image sets capturing continuous real-world changes, en-
abling more comprehensive modeling of dynamic scenar-
ios. Building on this, M3Diff can further be extended to
video-based difference captioning, significantly broadening
its applicability to temporally evolving environments.
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