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Abstract

Multimodal large language models (MLLMs) have achieved strong performance
on vision-language tasks but still struggle with fine-grained visual differences,
leading to hallucinations or missed semantic shifts. We attribute this to limitations
in both training data and learning objectives. To address these issues, we propose a
controlled data generation pipeline that produces minimally edited image pairs with
semantically aligned captions. Using this pipeline, we construct the Micro Edit
Dataset (MED), containing over 50K image-text pairs spanning 11 fine-grained
edit categories, including attribute, count, position, and object presence changes.
Building on MED, we introduce a supervised fine-tuning (SFT) framework with a
feature-level consistency loss that promotes stable visual embeddings under small
edits. We evaluate our approach on the Micro Edit Detection benchmark, which
includes carefully balanced evaluation pairs designed to test sensitivity to subtle
visual variations across the same edit categories. Our method improves difference
detection accuracy and reduces hallucinations compared to strong baselines, includ-
ing GPT-4o. Moreover, it yields consistent gains on standard vision-language tasks
such as image captioning and visual question answering. These results demonstrate
the effectiveness of combining targeted data and alignment objectives for enhancing
fine-grained visual reasoning in MLLMs. Code and datasets are publicly released
at https://github.com/Relaxed-System-Lab/hallu_med.

1 Introduction

Multimodal large language models (MLLMs) have achieved impressive results on a wide range
of vision-language tasks, including visual question answering, image captioning, and referring
expression comprehension [8]. Despite this progress, such MLLMs sometimes become strikingly
brittle when it comes to fine-grained visual understanding—the ability to detect and reason over small
but semantically meaningful changes in images [46]. As shown in Figure 1, even state-of-the-art
models like GPT-4o frequently generate fluent but incorrect responses when faced with minimal edits
involving object presence, count, spatial position, or attributes.

This limitation presents an obstacle for the deployment of MLLMs in real-world applications that
demand high precision. Domains such as robotics [9], industrial quality control [16], medical
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Type : Object Type : Universality Type : Counting Type : Action Type : Spatial

Q : Do you see the window on
the left of the image?

Yes, there is a window
visible on the left side of the
image. It is behind the sign.

Yes, there is a metal box in the
image. It is mounted on the

rear of the white van in front of
the motorcycle. 

Q : Can you see a metal box in
this image?

Q : What's the color of the trees
in the background?

The trees in the background
are bright red. The intense red
coloration is visually striking.

Q : What does the background
of this image look like?

The background features bright
orange utility structures, a beige

concrete base, and a red
metallic dome-like framework.

Q : How many airplanes are
there in this image?

Q : How many disco balls are
in this image?

There are four airplanes
visible in this image. All of
them appear to be American

Airlines aircraft.

There are nine disco balls
visible in the image. The balls

are reflective and add a
dynamic element to the setting.

Q : Is the white cat looking at a
small bird outside the window?

Q : Is the dog holding a bottle? 

    Yes, the white cat with black
markings is looking toward

the small bird that is standing
just outside the window. 

Yes, the dog is holding a
bottle close to its body.

Q : Where is the large, dark
fern in the image?

In this image, the large dark
fern is positioned inside the

bathtub, near the faucet.

Q : Are their wings parallel?

No, their wings are not
parallel. The two aircraft have
their wings tilted in opposite

vertical directions

Figure 1: GPT-4o exhibits hallucination errors on fine-grained visual question answering.
Instances are systematically selected to highlight failure cases in GPT-4o (Date accessed: May 08,
2025) visual question answering (VQA) performance across five hallucination-prone categories [15,
31]: Object, Universality, Counting, Action, and Spatial. Each row shows two examples where
GPT-4o provides fluent yet inaccurate answers due to subtle misinterpretation of visual details.
Hallucinated content is shown in red bold text, indicating model-generated descriptions that are not
grounded in the image. All images are sourced from DOCCI and Visual Genome.

imaging [45], and assistive AI [63] all require reliable grounding in subtle visual cues. Crucially, the
distinctions that current models fail to capture—such as whether a tool is present, how many objects
are in view, or the direction an object is facing—are trivial for humans, suggesting a fundamental
mismatch between MLLM representations and the demands of fine-grained reasoning [4, 15].

We attribute this deficiency to two intertwined factors: the lack of suitable training data and the
limitations of current learning objectives. Large-scale web-crawled datasets rarely contain image
pairs with tightly controlled, minimal semantic differences and aligned textual descriptions, making it
difficult for models to learn how small visual changes map to linguistic shifts [65] . Moreover, existing
training paradigms do not explicitly enforce feature-level stability across such small perturbations,
resulting in brittle visual-textual alignments that easily drift under fine-grained edits [40].

To address these issues, we propose a framework that combines targeted data construction with a new
fine-grained alignment objective. We introduce a semantically controlled image editing pipeline that
generates minimally modified image pairs with precise, contrastive captions. Using this pipeline, we
construct the Micro Edit Dataset (MED)—a large-scale dataset comprising over 50K image-text pairs
across 11 fine-grained edit types, including attribute changes, object insertion/removal, and so on.

To leverage this data, we design a supervised fine-tuning (SFT) strategy that incorporates a feature
consistency regularization term, which encourages the image encoder to produce stable embeddings
across visually similar inputs. This objective aligns visual representations more closely with semantic
granularity, helping reduce hallucinations and improve robustness.

Finally, we introduce the Micro Edit Detection benchmark, a new evaluation suite designed to directly
assess model sensitivity to subtle visual changes. Empirical results show that our method significantly
outperforms strong baselines—including GPT-4o—on both edit detection and standard VQA and
captioning tasks, demonstrating improved grounding and reduced hallucination.

Our contributions are as follows:

• We introduce a semantically controlled image editing pipeline to generate high-quality, minimally
different image-caption pairs at scale.
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• We construct and release the Micro Edit Dataset (MED) and the Micro Edit Detection benchmark,
targeting fine-grained vision-language reasoning.

• We propose a feature consistency regularization objective that improves representational stability
under small semantic edits.

• We demonstrate that our approach reduces hallucinations and improves fine-grained visual under-
standing across multiple benchmarks and models.

2 Related Work
Image editing. Image editing involves modifying the visual appearance, structure, or elements of
an existing image [23]. While GANs [18, 27, 44] pioneered realistic image manipulation, recent
diffusion models [22, 48, 50] and flow-based models [35, 32] have further advanced visual generation
and editing capabilities. To achieve more controllable and guided editing, various approaches
have been developed, leveraging modalities such as textual instructions [66, 7, 6], masks [24, 56],
layouts [13, 37], segmentation maps [39, 59], strokes [41, 58, 38], references [11, 12], and point-
dragging interfaces [42, 44]. Recent state-of-the-art image editing models enable precise localized
modifications while preserving the source content and maintaining consistency with the original
distribution [5, 34, 19]. Leveraging these advances, we use the Gemini Flash 2.0 model [19] to
generate image pairs with subtle local differences, forming the foundation of our dataset.

Multimodal LLMs. Multimodal large language models (MLLMs) integrate vision encoders with
pretrained language models, enabling joint reasoning over text and images, as seen in [55, 33].
These typically combine visual encoders like CLIP [47] with adapter modules (MLPs, query-based
transformers, or attention) to connect modalities. Discrete-token models such as Emu [51, 52, 57]
and Chameleon [53] process all modalities as token sequences in a single transformer. Despite
advancements, MLLMs still struggle with fine-grained visual understanding, often hallucinating
details or missing subtle differences, especially in minimal-difference tasks [29, 15]. These challenges
arise from datasets lacking controlled variability and misaligned training objectives. Our work seeks
to address these issues by improving data quality and training methods to enhance fine-grained
reasoning in MLLMs.

Evaluating Multimodal LLMs The evaluation of Multimodal Large Language Models (MLLMs)
has progressed from initial benchmarks like VQAv2 [20], GQA [25], and TextVQA [49] to newer
frameworks such as MM-Vet [61, 62], POPE [30], MMBench [36], MMStar[10] and MMVP [64],
which focus on robustness, factual alignment, and hallucination. However, most benchmarks still
emphasize coarse-grained tasks and overlook models’ struggles with subtle, semantically important
visual differences—crucial for precision-sensitive use cases [14]. Fine-grained visual understanding
remains a significant challenge, with MLLMs often missing minor but meaningful changes, resulting
in hallucinations or errors. To address this, we introduce the Micro Edit Detection benchmark,
which evaluates MLLMs on reasoning over minimally different image pairs, thereby complementing
existing benchmarks and enabling more precise assessment of visual grounding and robustness.

3 The Micro Edit Dataset Construction

To advance fine-grained visual understanding in MLLMs, we construct a dataset focused on subtle
semantic differences, addressing gaps in existing benchmarks. Using DOCCI [43] and Visual Genome
[28], we develop a pipeline with filtering, semantic edit planning, and controlled image editing. In
Section 3.2, we detail the complete pipeline used to generate the 50K-image Micro Edit Dataset,
including the selection criteria, edit taxonomy, and caption alignment strategy. In Section 3.3, we
describe how we construct the Micro Edit Detection (MED) benchmark from this dataset, which
serves as a targeted evaluation tool for assessing fine-grained reasoning capabilities in MLLMs.

3.1 Data Generation
To construct a dataset for evaluating fine-grained visual understanding, we sample candidate image-
text pairs from DOCCI and Visual Genome, which offer diverse, object-rich images and detailed
captions—ideal for producing semantically minimal image pairs.

MLLM-Guided Data Filtering. Due to quality and editability variations in raw image-caption pairs
from DOCCI and Visual Genome, we employ a filtering pipeline using Qwen-2.5-VL-72B, a robust
pretrained MLLM, for automatic evaluation. The model evaluates image quality, caption clarity, and
editability using a structured template, considering factors such as sharpness, subject prominence,
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Visual EditingImages Editing
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Original Image

E.g.
Hi, This is a picture of an electric

power line setup with multiple birds
perched on various parts of the

structure. Can you remove all the birds
from the image and output the image?
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Figure 2: Overview of the Micro Edit Dataset (MED) construction pipeline. We begin with
MLLM-guided filtering and controlled visual editing based on hallucination-prone change types.
Caption alignment is performed via step-wise prompting to ensure consistency between original,
edited images, and textual descriptions. The resulting data supports both supervised fine-tuning and
benchmark evaluation for fine-grained visual reasoning.

caption specificity, and whether minor edits would alter caption meaning. Only samples receiving a
strict “Yes” are retained, ensuring alignment between visuals and text for semantic-preserving edits.

Controlled Visual Editing. After filtering, minimally different image pairs are generated using
Gemini Flash 2.0 for precise edits, guided by edit instructions created by Qwen-2.5-VL-72B.
These instructions are based on eleven compositional change categories linked to common MLLM
hallucination sources [31, 15], such as object manipulation, attribute changes, spatial reconfiguration,
and complex edits like counting and comparison (see Figure 3). For each image, the most suitable
category—favoring non-object edits—is chosen, and a fixed-format natural language prompt is
generated. These instructions ensure minimal yet meaningful changes, resulting in contrastive image
pairs with aligned original and updated captions reflecting the visual edits.

Data Filtering. To ensure the generated image pairs differ only in subtle ways, we intro-
duce a visual similarity filtering stage inspired by [54]. Using CLIP embeddings from the
clip-vit-base-patch32 model, we calculate cosine similarity and discard pairs below a 0.7
threshold following the MMVP [64]. This filtering retains pairs with subtle, meaningful edits,
emphasizing minimal visual differences and supporting fine-grained visual understanding evaluation.

3.2 Caption Alignment and Generation

To ensure image pairs have semantically precise and visually grounded captions, we design a
structured caption generation pipeline shown in 2. This pipeline both verifies caption correctness
after editing and removes inconsistent image-text pairs. Although automatic fine-grained alignment
is difficult, we leverage state-of-the-art MLLMs for captioning and text comparison. Specifically, we
break the alignment check into four steps, each handled independently by Qwen2.5-VL-72B.

Step 1: Caption Completion for Original Image. Original captions in DOCCI and Visual Genome
are often brief and may omit elements relevant to the edit prompt. To create a faithful reference, we
prompt the model with the original image, its caption, and the edit prompt, asking it to revise the
caption only if the image visibly includes the specified elements. This ensures the original caption is
comprehensive yet strictly grounded in the visible content.

Step 2: Caption Generation for Edited Image. With the edited image in hand, we generate a new
caption that accurately reflects the updated content. The model is given the complete original caption
as an example, and a description of the editing type (e.g., “change in spatial relation”) to focus its
attention on the most relevant aspects.

Step 3: Generating Difference Description. For contrastive supervision, we compare captions from
Step 1 and Step 2, then use Qwen3-32B, a strong text-only LLM, to generate a concise description of
their key difference. The model identifies the most salient change and classifies it into a predefined
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Type ：Attribute

 

Type ：Counting

 

In the second image, no other peahens are
visible in the foreground, whereas in the first
image, a second peahen is shown in the
foreground. 

In the second image, no other peahens are
visible in the background, whereas in the first
image, a second peahen is described in the
background.

Type ：Scene

 

 In the first image, the sky is muted with soft
hints of lavender and peach.

In the first image, the sky is vibrant and
resembles cotton candy and bed sheets.

Type ：Spatial

 

In the second image, the skier's position is
slightly higher in the bottom left of the frame.

In the second image, the skier's position is in
the center of the frame.

Type ：Action

 

 In the second image, the player has already
made contact with the ball and is guiding it
forward.
In the second image, the player is running
towards the ball preparing to make contact. 

Type ：Part

 

In the first image, no text or specific shapes
are discernible in the reflections, whereas in
the second image, the reflection includes
black text and a white rectangular shape.
In the second image, no text or specific shapes
are discernible in the reflections, whereas in 
the first image, the reflection includes black 
text and a white rectangular shape.

Type :Differentiation

 

In the second image, the fighter jet has a blue
tail with black markings, whereas in the first
image, the airplane has a colorful rainbow tail
and no black markings.

In the second image, the fighter jet has a blue
tail and no black markings, whereas in the first
image, the airplane has a colorful rainbow tail
and black markings.

Type ：Negation

 

In the second image, the presence of pigeons
and birds is less apparent than it is in the first
image.

In the second image, the pigeons and birds
present in the first image are not mentioned.

Type ：Universality

 

 In the second image, the trees in the
background are entirely red, whereas in the
first image, the trees in the background are
green.
In the second image, the trees in the back-
ground have a mix of vibrant red and green
foliage, whereas in the first image, the trees in
the background are green.

Type ：Object

 

In the second image, a green plant is visible
at the very bottom, whereas the first image
does not include this detail.

In the second image, a green plant is visible
slightly to the left of the center, whereas the
first image does not include this detail.

Type ：Comparison

 

In the second image, the vase is shiny and blue
resembling an apple, whereas in the first
image, it was matte red and cylindrical.

In the second image, the vase is matte blue and
cylindrical, whereas in the first image, it was
shiny red resembling an apple.

MED Benchmark
165 Questions    11 types 

Right Answer

Wrong Answer

Ground Truth

GPT4.1 Answer

 In the second image, the stove is white.
whereas in the first image, the oven is black. 

 In the second image, the stove is black. 
whereas in the first image, the oven is white.

Figure 3: Examples from the MED Benchmark covering all 11 composition types. These
categories reflect common sources of hallucination in MLLMs [15, 31] and include both basic
changes (Object, Attribute, Scene, Spatial, Action, Part) and more complex transformations (Counting,
Comparison, Differentiation, Negation, Universality). Each example shows an image pair, a difference
question, and multiple-choice answers including the correct response and plausible distractors.

semantic edit type. This difference sentence is later used during training or evaluation to support
fine-grained reasoning over minimal edits.

Step 4: Human Verification and Iterative Refinement. To validate data quality, we manually
inspect 1,000 sampled image pairs across all eleven visual change types. Annotators evaluate
whether captions and difference descriptions accurately align with the visual content. Based on
issues found—like under-specified changes or inaccurate attributes—we refine prompts and reprocess
affected samples using Qwen-VL-Max. This helps eliminate systematic errors and ensures high data
quality. To enhance difference descriptions, Qwen3-32B and Qwen2.5-VL-72B rewrite each sample
with richer vocabulary and improved clarity. Visual changes are rephrased into a QA format, forming
MED, an instruction dataset with over 50K high-quality samples paired with the images.

3.3 The Micro Edit Detection (MED) Benchmark
Using MED, we construct a benchmark for evaluating fine-grained visual reasoning in multimodal
models. We select image pairs with high semantic similarity (CLIP cosine similarity > 0.95), and for
each pair, generate nine rephrased questions (see Appendix D). GPT-4o produces the correct answer
and three subtle distractors for each question. All question-answer sets are manually verified and
categorized into eleven edit types. To prevent contamination, benchmark samples are excluded from
the fine-tuning dataset. The final benchmark contains 165 questions evenly distributed across all edit
types, offering a robust tool for fine-grained visual reasoning evaluation.

To address potential concerns about overfitting to synthetic data, as both the training set and benchmark
stem from the same controlled editing pipeline, we augment the evaluation with real-world image
pairs. The MED-Real Set is created by sampling 50 minimally different image pairs from the
MMVP benchmark [54], selecting those with CLIP similarity scores above 0.95 to capture subtle
yet meaningful visual variations. Question-answer items are generated for each pair using the same
fine-grained reasoning format as in the main benchmark. This expands the evaluation set to 215
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items, combining 165 synthetic edit pairs and 50 real-world pairs, offering a more comprehensive
assessment of sensitivity to controlled differences and real-world generalization.

4 Fine-Grained Multimodal Learning for MLLMs

In this section, we present our approach for enhancing fine-grained visual difference understanding
in MLLMs. Section 4.1 formalizes the problem setting. Section 4.2 analyzes the impact of semantic
misalignment and objective mismatch on downstream performance. Finally, Section 4.3 introduces a
supervised fine-tuning (SFT) strategy that leverages semantically controlled data augmentation to
improve the MLLM’s capacity for fine-grained multimodal reasoning.

4.1 Problem Setup
We formalize the task of fine-grained visual difference detection using MLLMs. Let X denote
the space of images, equipped with a perceptual premetric dX (e.g., Learned Perceptual Image
Patch Similarity (LPIPS)). Let T denote the space of natural language captions, equipped with a
semantic premetric dT (e.g., edit distance or BERT-score). Define the ground truth difference operator
∆T (t1, t2) as the natural language description of the difference between two captions t1 and t2. A
MLLM Mθ = {Iθ, Tθ, Zθ} consists of an image encoder Iθ, a text encoder Tθ, and an text decoder
Zθ, with parameters θ. We define two loss functions: the autoregressive captioning loss lcap and a
CLIP-style contrastive loss lclip. Given a distribution P(X ) and a ground-truth captioning function
f : X → T , MLLM training aims to minimize the population risk (equation (4) in [60]):

R(θ) = Ex∼P(X ), t=f(x) [λcap · lcap(Zθ[Iθ(x)], t) + λclip · lclip(Iθ(x)− Tθ(t))] , (1)

where λcap and λclip > 0 are penalty parameters.

The empirical risk4 over a dataset D = {(xi, ti)}Ni=1 is:

R̂(θ) =
1

|D|
∑

(xi,ti)∈D

[λcap · lcap(Zθ[Iθ(xi)], ti) + λclip · lclip(Iθ(xi)− Tθ(ti))] . (2)

4.2 Downstream Image Difference Task
We consider downstream tasks where the goal is to describe differences between two visually similar
images x1, x2 ∈ X , satisfying dX (x1, x2) ≤ ϵ. The performance of a MLLM on this task can be
evaluated using the generalization error:

G(θ) = Ex1,x2∼P(X ), t1=f(x1), t2=f(x2) [lcap (Zθ[Iθ(x1)− Iθ(x2)], ∆T (t1, t2))] , (3)

where Zθ[Iθ(x1)− Iθ(x2)] means that translating the feature-level image difference into a language-
level description. Ideally, we would like the empirical minimizer θ̂ ∈ argmin R̂(θ) to achieve
low generalization error, i.e., G(θ̂) is small. However, even state-of-the-art MLLMs (e.g., GPT-4o)
still underperform on fine-grained difference description tasks. This raises a central question: why
does this performance gap persist? There are two primary contributing factors. First, there may be
semantic under-specification, where captions omit salient visual details, or caption incompleteness,
where not all semantically meaningful aspects of an image x are described in the corresponding
caption t. More broadly, such cases fall under visual-textual misalignment, where the semantic
content of the image and caption diverge. As these misalignments can range from mild to severe, we
model them as noisy captions t̃ = f̃(x), where f̃ is an arbitrary, potentially biased captioning function.
Second, even if the MLLM is trained on a clean dataset, a generalization gap can still arise when the
model is trained to minimize R(θ) but evaluated on the downstream objective G(θ). For example,
models in prior works [3, 21, 33, 55] were trained on datasets with rewritten captions. However, our
experiments show that these models still perform poorly on tasks that require sensitivity to visual
differences. The underlying intuition is that standard MLLMs trained using the loss in equation (2)
lack the architectural capacity to explicitly recognize and describe fine-grained differences between
similar images.

4CLIP loss is introduced for background information only. It is not used in our method’s SFT stage.
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Model Object Attr. Scene Spatial Action Part Count Differ. Compar. Neg. Univ. Avg

Human 85.71 100 100 100 100 93.75 100 75 100 100 92.86 95.21

API-based Models

GPT-4o-2024-08-06 57.14 56.25 61.54 57.14 33.33 43.75 50.00 66.67 31.58 42.86 64.29 51.32
GPT-4.1-2025-04-14 71.43 62.50 61.54 50.00 33.33 50.00 61.11 66.67 47.37 42.86 50.00 54.26
Claude3.7 Sonnet 57.14 43.75 46.15 35.71 46.67 25.00 38.89 50.00 15.79 42.86 42.86 40.44
Qwen-VL-Plus-25-03 57.14 56.25 61.54 42.86 33.33 31.25 38.89 66.67 47.37 50.00 35.71 47.36
Doubao-1.5-vision-pro 69.23 37.50 69.23 50.00 50.00 50.00 38.89 66.67 52.63 42.86 42.86 51.81

Open-source Models

Qwen2-VL-7B 35.71 43.75 61.54 42.86 46.67 31.25 50.00 33.33 21.05 28.57 28.57 38.48
Qwen2-VL-7B (ours) 42.86 43.75 53.85 57.14 53.33 50.00 55.56 58.33 36.84 42.86 28.57 47.55
Qwen2.5-VL-7B 53.85 50.00 38.46 42.86 12.50 18.75 44.44 50.00 26.32 42.86 57.14 39.74
Qwen2.5-VL-7B (ours) 57.14 56.25 53.84 42.86 46.67 43.75 55.56 50.00 47.37 50.00 64.29 51.61
LLaVA-V1.6-7B 64.29 37.50 30.77 21.43 33.33 25.00 27.78 25.00 26.32 21.43 28.57 31.04
LLaVA-V1.6-7B (ours) 57.14 37.50 46.15 42.86 46.67 37.50 44.44 33.33 42.11 28.57 28.57 40.44
LLaMA-3.2-11B 46.15 43.75 38.46 50.00 50.00 25.00 22.22 33.33 15.79 21.43 35.71 34.71
LLaMA-3.2-11B (ours) 38.46 62.50 46.15 35.71 37.50 37.50 33.33 41.67 31.58 42.86 42.86 40.92

Table 1: Model performance on the MED benchmark subtasks. Each column corresponds to
a specific type of task in MED benchmark: Object, Attr. (Attribute), Scene, Spatial, Action, Part,
Count, Differ. (Differentiation), Compar. (Comparison), Neg. (Negation), Univ. (Universality), and
Avg (overall accuracy). Bold values indicate the best performance per column within each model
category. We use colors to highlight whether model trained with our method increases or decreases
performance compared to the original model.

4.3 Supervised Fine-tuning
Motivated by the preceding two factors, we assume the MLLM Mθ is trained on a noisy dataset
Dη, where each image-caption pair (x, t) satisfies that t = f(x) with probability η, and t = f̃(x)
otherwise. That is, with probability η, the caption faithfully describes the image; with probability
1− η, it reflects an imperfect or incomplete description.

Accordingly, the baseline MLLM Mθ is trained on Dη by minimizing the empirical risk:

R̂η(θ) =
1

|Dη|
∑

(xi,ti)∈Dη

[λcap · lcap(Zθ[Iθ(xi)], ti) + λclip · lclip(Iθ(xi)− Tθ(ti))] . (4)

This objective corresponds to the population-level risk:

Rη(θ) = η ·R(θ) + (1− η) · R̃(θ), (5)

where
R̃(θ) = Ex∼P(X ), t=f̃(x) [λcap · lcap(Zθ[Iθ(x)], t) + λclip · lclip(Iθ(x)− Tθ(t))] . (6)

Let θ̂η and θ∗η denote the empirical and population risk minimizers under noisy supervision. Due
to the presence of label noise and a mismatch between the training and evaluation objectives, the
downstream generalization error G(θ̂η) may remain large. As a result, the model Mθ̂η exhibits
suboptimal performance on fine-grained image difference tasks.

To mitigate this issue, we propose a supervised fine-tuning (SFT) approach using a curated dataset
focused on image differences. Given a noisy dataset Dη, for each pair (xi, t̃i), we construct an
augmented triplet as follows.

• Create the clean caption ti = f(xi);

• Edit t̃i to obtain t̂i, and use an image generator (e.g., Gemini) to produce a visually similar image
x̂i such that dX (xi, x̂i) ≤ ϵ and t̂i = f(x̂i);

• Use a prompting engine Sϕ (e.g., an LLM) to generate a fine-grained natural language difference
description Sϕ(ti, t̂i), where ϕ represents all parameters of the generator.

This process yields a curated dataset Dedit for post-training. We fine-tune the model Mθ̂∗
η

on this
dataset by minimizing the following empirical SFT loss:

R̂SFT(θ) =
1

|Dedit|
∑

(xi,x̂i,Sϕ(ti,t̂i))∈Dedit

[
lcap

(
Zθ[Iθ(xi)− Iθ(x̂i)], Sϕ(ti, t̂i)

)]
. (7)
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Model Pope Coarse Fine Visual_Sim Visual_Corr Count MMVP Ave MME

Qwen2-VL-7B 92.50 71.21 48.24 51.11 30.23 55.83 31.33 54.35 1679.52
Qwen2-VL-7B (Ours) 96.27 73.92 46.16 51.85 33.72 59.17 32.67 56.25 1681.27
Qwen2.5-VL-7B 96.29 73.95 57.35 49.63 33.72 50.00 27.33 55.47 1685.14
Qwen2.5-VL-7B (Ours) 97.52 75.97 59.36 51.85 37.79 59.17 28.00 58.52 1701.87
LLaVA-V1.6-7B 95.56 58.28 31.93 51.11 21.51 45.83 28.67 47.56 1441.89
LLaVA-V1.6-7B (Ours) 97.39 56.74 35.13 48.14 24.42 49.17 30.00 48.71 1420.57
LLaMA-3.2-11B – 69.03 48.94 43.70 20.93 44.17 26.00 42.13 1421.71
LLaMA-3.2-11B (Ours) – 72.60 47.21 45.93 19.19 50.00 28.00 43.82 1430.67

Table 2: Performance of models on other benchmarks. Green indicates improved performance,
and red indicates decreased performance after fine-tuning. Coarse and Fine correspond to the
Coarse Perception and Fine-grained Perception sub-tasks in the MMStar; Visual_Sim, Visual_Corr,
and Count correspond to the Visual_Similarity, Visual_Correspondence, and Counting sub-tasks in
BLINK, respectively; Pope reports POPE precision, and MME is the MME perception score.

Model Pope Coarse Fine Visual_Sim Visual_Corr Count MMVP Ave MME

Qwen2-VL-7B 92.50 71.21 48.24 51.11 30.23 55.83 31.33 54.35 1679.52
Qwen2-VL-7B + trained-ViT 93.79 73.81 49.17 51.11 31.40 53.28 32.00 54.94 1668.18
Qwen2-VL-7B (Ours) 96.27 73.92 46.16 51.85 33.72 59.17 32.67 56.25 1681.27

Qwen2.5-VL-7B 96.29 73.95 57.35 49.63 33.72 50.00 27.33 55.47 1685.14
Qwen2.5-VL-7B + trained-ViT 96.43 75.26 58.75 50.37 33.14 55.00 31.33 57.18 1694.83
Qwen2.5-VL-7B (Ours) 97.52 75.97 59.36 51.85 37.79 59.17 28.00 58.52 1701.87

Table 3: Ablation results. Green cells denote an improvement over the corresponding base model,
red cells indicate a drop, and yellow marks no change. All column abbreviations (Pope, Coarse,

Fine, Visual_Sim, Visual_Corr, Count, MMVP, Ave, MME) carry the same meanings as in Table 2.

By minimizing R̂SFT(θ), the model parameter is updated from the noisy initialization θ̂η to a refined
estimate θ̂SFT. The proposed loss function implicitly embeds an objective that forces the model to
associate semantic image edits with structured changes in the feature space, and to maintain precise
and consistent representations for unaltered image areas. Empirically, we find that the post-trained
model Mθ̂SFT

achieves significantly better performance on visual difference description tasks than
the baseline Mθ̂η . Moreover, the enhanced ability to reason about fine-grained visual changes also
improves performance on classical downstream tasks, as it fosters deeper visual understanding and
architectural awareness of subtle semantic shifts between images.

5 Experiments
We evaluate our approach’s effectiveness in enhancing fine-grained visual difference comprehension
in MLLMs. In Section 5.1, we outline our experimental settings. Section 5.2 presents findings from
the Micro Edit Detection (MED) benchmark, designed to assess sensitivity to minor yet semantically
significant visual differences. Section 5.3 examines generalization by testing our models across
multiple multimodal benchmarks. Section 5.4 offers an ablation study analyzing how our training
strategy’s key design choices affect performance.

5.1 Experimental Settings
To assess our approach’s effectiveness, we fine-tune several open-source vision-language models
on the Micro Edit Dataset using our SFT loss (Equation 7). Models include Qwen2-VL-7B [55],
Qwen2.5-VL-7B [3], LLaVA-V1.6-Vicuna-7B [33], and LLaMA-3.2-Vision-Instruct-11B [21]. All
fine-tuning uses LLaMA-Factory [67] with consistent hyperparameters for fair comparison. We also
evaluate recent commercial closed-source models as performance benchmarks: GPT-4o (2024-08-
06) [26], GPT-4.1 (2025-04-14) [2], Claude 3.7 Sonnet [1], Qwen-VL-Plus (2025-03-18) [3], and
Doubao-1.5-Vision-Pro (2025-03-28). Implementation details are shown in Appendix C.

5.2 Experimental Results on MED Benchmark
We evaluate our method on the Micro Edit Detection (MED) benchmark, which tests models’ ability
to detect and describe minimal yet semantically meaningful visual differences. Table 1 presents results
across eleven task categories, comparing human performance, API-based models, and open-source
models with and without our fine-tuning.

Closed-source models still struggle with fine-grained differences understanding compare with human.
Human annotators achieve 95.21% accuracy, setting a high bar that current models struggle to reach.
Even top closed-source models like GPT-4.1 (54.26%), Doubao-1.5-vision-pro (51.81%), and GPT-4o
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(51.32%) fall short, particularly in relational tasks like Action, Comparison, and Negation—revealing
persistent gaps in fine-grained visual reasoning.

Our fine-tuning method significantly boosts open-source models. Our supervised fine-tuning consis-
tently enhances all tested open-source backbones. Qwen2-VL-7B improves from 38.48% to 47.55%
(+9.07), with major gains in Spatial (+14.28), Action (+6.67), Count (+5.56), and Differentiation
(+25.00). Qwen2.5-VL-7B increases from 40.24% to 51.61% (+11.37), excelling in Comparison
(+21.06), Count (+22.23), and Universality (+14.29). LLaMA-3.2-11B rises from 34.71% to 40.92%
(+6.21), and LLaVA-V1.6-7B from 40.44% to 44.04% (+3.60). These results demonstrate our
approach’s broad applicability across diverse architectures.

Our best model outperforms several closed-source models on MED Benchmark. Among open-source
models, Qwen2.5-VL-7B (Ours) achieves the highest accuracy (51.61%), rivaling commercial models
like GPT-4o (51.32%) and Doubao-1.5-Vision-Pro (51.81%). It also surpasses Claude 3.7 Sonnet
(40.44%) and Qwen-VL-Plus (47.36%), despite its smaller scale and open-source nature. This
demonstrates that with fine-grained data and alignment objectives, open-source vision-language
models can match closed-source systems in tasks requiring precise visual difference understanding.

Evaluation on real-world image pairs confirms generalization. We evaluate all models on the MED-
Real Set (50 minimally different real-world image pairs; see Section 3.3 and Appendix B) to assess
generalization beyond synthetic edits. Fine-tuned models outperform their base versions: Qwen2.5-
VL-7B improves from 66.0% to 74.0%, LLaVA-V1.6-7B from 38.0% to 50.0%, and LLaMA-3.2-11B
from 36.00% to 50.00%. Qwen2-VL-7B improves from 78.0% to 80.0% accuracy, demonstrating
strong intrinsic robustness. These results confirm effective generalization to real-world fine-grained
visual differences.

5.3 Experimental Results on Other Benchmarks

To evaluate generalization beyond the MED benchmark, we test our fine-tuned models on several
established multimodal benchmarks, including MMStar, BLINK, POPE, and MME shown in Table 2.

Fine-tuning yields consistent and generalizable performance gains. As shown in Table 2, across all
models, our supervised fine-tuning improves both perception and reasoning. Qwen2.5-VL-7B (Ours)
achieves the highest average score (58.52) and MME perception score (1701.87), outperforming all
open-source baselines. Notable gains include Count (+9.17), Visual Correspondence (+4.07), and
POPE (+1.23), reflecting stronger numeracy, spatial grounding, and hallucination resistance. These
improvements hold across model families, confirming the effectiveness of fine-grained supervision.

Robustness improvements reflected in Hallucination Benchmark. Qwen2.5-VL-7B (Ours) achieves a
POPE score of 97.52, ranking among the highest for open-source models, while LLaVA-V1.6-7B
(Ours) improves from 95.56 to 97.39. This demonstrates stronger resistance to hallucinated object
predictions, even under challenging prompts. Although minor decreases in Fine-grained Perception
are observed—likely due to increased sensitivity to small edits—these are outweighed by overall
improvements, confirming enhanced precision with minimal trade-offs.

5.4 Ablation Study

To analyze each component’s contribution, we perform an ablation study with three settings: (1) base
model without fine-tuning, (2) fine-tuning only the visual encoder (ViT) with the language model
(LLM) frozen, and (3) joint fine-tuning of ViT and LLM (our full method). Table 3 presents the
ablation results for Qwen2-VL-7B and Qwen2.5-VL-7B.

Fine-tuning the vision encoder alone provides solid gains. Fine-tuning the vision encoder (ViT)
alone yields consistent improvements in perception-heavy tasks. For Qwen2.5-VL-7B, this results
in a 1.31 gain in average score and nearly 10 on the MME perception score. Notable gains include
Count (+5.00), Coarse Perception (+1.31), and MMVP (+4.00), highlighting that refining visual
representations enhances low-level grounding and numeracy.

Joint fine-tuning further boosts multimodal reasoning. Joint fine-tuning of ViT and LLM achieves
the best performance across metrics. For Qwen2.5-VL-7B, it improves the average score by +1.34
and MME by +7.04 compared to the vision-only model. Notable gains in Visual Correspondence
(+4.65) and POPE (+1.09) underscore the importance of aligning the language head with updated
visual features, which reduces hallucinations and enhances cross-modal integration.
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6 Conclusions and Limitations
We propose a framework to improve fine-grained visual difference understanding in MLLMs by
tackling two key challenges: limited semantically controlled data and weak alignment objectives.
Our contributions include: (1) a scalable pipeline to generate minimally different image pairs, (2)
the Micro Edit Dataset (MED) with 50K samples and a 215-item benchmark, and (3) a fine-tuning
strategy with feature-level consistency to enhance robustness to small edits.

Limitations and future directions. Our framework focuses on binary edits between image pairs,
with promising directions in extending it to multi-step transformations, temporal reasoning, and
compositional edits. Full fine-tuning of vision and language components achieves strong performance,
but exploring efficient adaptation methods could reduce computational costs. Applying our approach
to unified-token architectures like Chameleon and Emu3 may further enhance its applicability.
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A Examples of SFT Dataset

In this section, we provide some examples of our constructed MED dataset for supervised fine-tuning
in Fig 4. It combines high-quality image pairs with corresponding questions and visually grounded
answers, focusing on fine-grained reasoning tasks.

The second image shows a background
with lush green trees, while the first image
features leafless trees, highlighting a visual

contrast in foliage density and color.

The second image shows a blue sky with
scattered white clouds, while the first image
displays a clear sky with no clouds visible.

The second image shows a white sign
with black text and a metallic bracket, while in
the first image, the sign is blue and white with

metal bands securing it in place.

What's the most notable variation between these two pictures?

The second image shows a man seated
with his eyes closed and no phone visible,

while in the first image, the man is holding a
phone and appears to be engaged in a

conversation.

The second image shows the man wearing
a red polo shirt with white horizontal

stripes, while in the first image, he is wearing a
checkered shirt with large black and white

spots.

The second image shows one additional
prune compared to the first image, with eight

prunes present instead of seven.

User Assitant

SFT Dataset

Figure 4: Example samples from the Micro Edit Dataset (MED) used for supervised fine-tuning.
Each sample consists of a minimally edited image pair, a question prompting for the most notable
difference, and a visually grounded answer. Answers are refined to highlight concrete semantic
changes based on visual evidence. The full dataset contains over 50K such high-quality QA pairs
supporting fine-grained multimodal reasoning.

B Experiments on MED-Real Set

We provide the evaluation results of the four models on the MED-Real set of our MED Benchmark in
Tab 4. We evaluate all models on the MED-Real Set, consisting of 50 minimally different real-world
image pairs, to assess their generalization beyond synthetic edits. Fine-tuned models show consistent
improvements over their base versions: Qwen2.5-VL-7B improves from 66.00% to 74.00%, LLaVA-
V1.6-7B from 38.00% to 50.00%, and LLaMA-3.2-11B from 36.00% to 50.00%. Qwen2-VL-7B
from 78.00% to 80.00% . These findings highlight effective generalization to real-world, fine-grained
visual differences.

Model Acc (%)

Qwen2-VL-7B 78.00
Qwen2-VL-7B (Ours) 80.00
Qwen2.5-VL-7B 66.00
Qwen2.5-VL-7B (Ours) 74.00
LLaVA-V1.6-vicuna-7B 38.00
LLaVA-V1.6-vicuna-7B (Ours) 50.00
Llama-3.2-11B-Vision-Instruct 36.00
Llama-3.2-11B-Vision-Instruct (Ours) 50.00

Table 4: Performance on MED-Real Set. Green cells denote an improvement over the base
model.
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C Training Details

In this section, we present all the hyperparameters we used to training the three kinds of models in
Table 5, Table 6 and Table 7. All the training processes were conducted using llamafactory [67].
Regarding image resolution and the number of image tokens, we adhere to the original settings
specified by each model.

Table 5: Hyperparameters for training Qwen2-VL & Qwen2.5-VL models

Hyperparameter Value

LoRA Rank 8
LoRA α 16
LoRA Dropout 0.1
LoRA Target all
GPU 8 × NVIDIA A800
Batch Size 16
Gradient Accumulation Steps 8
Warmup Ratio 0.1
Learning Rate 1e-4
Learning Rate Scheduler Cosine
Unfreeze Vision Tower True

Table 6: Hyperparameters for training LLaVA-V1.6-7B model

Hyperparameter Value

LoRA Rank 8
LoRA α 16
LoRA Dropout 0.1
LoRA Target all
GPU 8 × NVIDIA A800
Batch Size 1
Gradient Accumulation Steps 8
Warmup Ratio 0.1
Learning Rate 1e-5
Learning Rate Scheduler Cosine
Unfreeze Vision Tower False

Table 7: Hyperparameters for training LLaMA-3.2-11B model

Hyperparameter Value

LoRA Rank 8
LoRA α 16
LoRA Dropout 0.1
LoRA Target all
GPU 8 × NVIDIA A800
Batch Size 4
Gradient Accumulation Steps 4
Warmup Ratio 0.1
Learning Rate 1e-5
Learning Rate Scheduler Cosine
Unfreeze Vision Tower True

D More Examples of MED Benchmark

In this section, we present additional examples from the MED Benchmark in Fig 5 and Fig 6,
including their types, answer options, correct answers, and the answers provided by GPT-4.1.
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Type ：Attribute

 
A. In the second image, the front license plate has black borders and the text \"123-
ABCD,\" whereas in the first image, the license plate has no borders and is blank. 

B. In the second image, the front license plate reads \"123-ABCD,\" whereas in the
first image, the license plate is blank with black borders.

C. In the second image, the front license plate reads \"123-ABCD,\" whereas in the
first image, the license plate reads \"000-XXXX\" with black borders. 

D. In the second image, the front license plate reads \"123-ABCD\" in white text,
whereas in the first image, it reads \"123-ABCD\" but in black text with no
borders. 

How do these two images primarily differ from each other?

AB Type ：Scene

 A. In the second image, there is tree trunk visible, and the left side shows part of a
house with dark siding and two small windows instead of a tree trunk.

B. In the second image, there is tree trunk visible, and the left side shows part of a
house with light siding and a door instead of a tree trunk.

C. In the second image, there is no tree trunk visible, and the left side shows part
of a house with dark siding but no window instead of a tree trunk.

D. In the second image, there is no tree trunk visible, and the left side shows part
of a house with dark siding and a window instead of a tree trunk.

How do these two images primarily differ from each other?

BC

Type ：Negation

 

What's the most significant contrast between these two photos?

AB

Type ：Differentiation

 
A. In the second image, the refrigerator is large, white, and stainless steel with
a solid door, whereas in the first image, the refrigerator is small, black, and
lacks a glass door.

B. In the second image, the refrigerator is large, black, and has a glass door,
whereas in the first image, the refrigerator is small, white, and does not have a
stainless steel finish.

C. In the second image, the refrigerator is large, black, and stainless steel
with a solid door, whereas in the first image, the refrigerator is small, white,
and lacks a glass door.

D. In the second image, the refrigerator is large, black, and stainless steel with
a glass door, whereas in the first image, the refrigerator is small, white, and
has a solid door.

What is the fundamental difference you can see between these two
visuals?

BCType ：Counting

 A. In the second image, both the number of controllers and their button
configurations are identical but appear rearranged compared to the first
image.

B. In the second image, the number of controllers is the same, but the
button configurations are reversed compared to the first image.

C. In the second image, the number of controllers is different, but their
button configurations remain identical to the first image.

D. In the second image, the number of controllers and their button
configurations are different compared to the first image.

What distinguishes one image from the other?

CD

Type ：Action

 A. In the second image, the white cat is looking towards a small bird outside the
window, whereas in the first image, it was looking straight ahead towards the room.

B. In the second image, the white cat is looking towards a small bird outside the
window, whereas in the first image, it was looking towards the floor to its right.

C. In the second image, the white cat is looking towards a small bird outside the
window, whereas in the first image, it was looking behind itself towards the left.

D. In the second image, the white cat is not looking towards a small bird outside the
window, whereas in the first image, it was looking behind itself towards the right.

What's the most notable variation between these two pictures?

BD

A. In the second image, the reflections and cracks in the stop sign that are
seen in the first image are completely absent. 

B. In the second image, the ice sickles and shadows on the stop sign that are
present in the first image are not mentioned. 

C. In the second image, the ice sickles and reflections in the stop sign that are
present in the first image are not mentioned.

D. In the second image, the ice sickles and lighting angles hitting the stop
sign that appear in the first image are not described.

Figure 5: More examples in the MED benchmark
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Type ：Scene

 A. In the second image, the road appears dry, whereas in the first image, the road
is covered with water.

B. In the second image, the road appears to be damp, whereas in the first image,
the road is clearly flooded with water.

C. In the second image, the road appears wet, whereas in the first image, the road
is covered with mud.

D. In the first image, the road is dry, whereas in the second image, the road
appears to be partially covered with water.

What distinguishes one image from the other?

BA Type ：Part

 A. In the second image, the fern is beside the bathtub on the floor, whereas in the
first image, the fern was on top of the sink.

B. In the second image, the fern is next to the sink on the counter, whereas in the
first image, the fern was beside the bathtub on the floor.

C. In the second image, the fern is on top of the sink, whereas in the first image,
the fern was behind the bathtub on the floor.

D. In the second image, the fern is beside the bathtub on a small stool, whereas in
the first image, the fern was hanging on the wall above the sink.

How do these two images primarily differ from each other?

CA

Type ：Counting

 

How do these two images primarily differ from each other?

BD Type ：Part

 
A. In the second image, the table has a green plant and additional flowers, whereas
in the first image, the table is adorned with white flowers and no green plant.

B. In the second image, the table has white flowers and no green plant, whereas in
the first image, the table is adorned with a green plant and additional flowers.

C. In the second image, the table is adorned with flowers and a green plant,
whereas in the first image, the table has a green plant with white flowers and no
additional flowers.

D. In the second image, the table has a green plant with white flowers and no
additional flowers, whereas in the first image, the table is adorned with flowers
and a green plant.

What's the most significant contrast between these two photos?

AD

Type ：Universality

 

A. In the second image, there is a large parking lot that is completely empty,
whereas in the first image, there are multiple parking lots with a few scattered cars
and a straight road.

B. In the second image, there is a large parking lot with many cars and a straight
road, whereas in the first image, there are multiple parking lots with just a few cars
and no road visible.

C. In the second image, there is a large parking lot with a few visible vehicles,
whereas in the first image, there are multiple parking lots filled with cars and a
windy road.

D. In the second image, there are multiple parking lots filled with cars and a windy
road, whereas in the first image, there is a single large parking lot with a few visible
vehicles.

What is the primary difference between the two images?

C

 A. In the second image, there are three planes, whereas in the first image,
there is only one plane.

B. In the second image, there are four planes, whereas in the first image, there
are three planes.

C. In the second image, there are only two planes, whereas in the first image,
there are three planes.

D. In the second image, there are three planes, whereas in the first image,
there are only two planes."

Type ：Universality

 

What distinguishes one image from the other?

BD
A. In the second image, the bark is textured and dark-colored, and the foliage
is dry and sparse, whereas in the first image, the bark is smooth and light-
colored, and the foliage is lush and green. 

B. In the second image, the bark is rough and darker in tone, and the foliage is
vibrant and dense, whereas in the first image, the bark is smooth and lighter
in tone, and the foliage is sparse. 

C. In the second image, the bark appears faded, but with intricate patterns, and
the foliage is sparse and greenish-yellow, whereas in the first image, the bark
is smooth and light-colored, and the foliage is dense and bright green. 

D. In the second image, the bark is textured and light-colored, and the foliage
is lush and green, whereas in the first image, the bark is faded and the
foliage is sparse.

ACType ：Universality

 

Figure 6: More examples in the MED benchmark
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E Prompts

In this section, we systematically present all the prompts used in the construction of the Micro Edit
Dataset. These prompts are designed to cover every stage of the dataset creation process, including
filtering editable images, generating editing instructions, producing detailed descriptions for both
original and edited images, describing the differences between image pairs, conducting evaluation,
and generating training as well as evaluation data.

Specifically:

• Figure 7 shows the prompt for filtering editable images, ensuring that the selected images
are suitable for subsequent editing tasks.

• Figure 8 illustrates the prompt for generating image editing instructions, which enables the
creation of diverse editing scenarios.

• Figures 9 and 10 demonstrate the prompts for generating comprehensive descriptions of the
original and the edited images, respectively, providing essential context for later analysis.

• Figure 11 presents the prompt for describing the differences between two images, facilitating
both quantitative and qualitative analysis of micro edits.

• Figures 12 and 13 display the prompts used for evaluating the quality of the image edits,
ensuring an objective assessment process.

• Figure 14 shows the prompt for generating Supervised Fine-Tuning (SFT) data, which
supplies high-quality training samples for model fine-tuning.

• Figure 15 provides the question template used for benchmark evaluations, enabling a
systematic assessment of model performance on micro editing tasks.

• Figures 16 and 17 demonstrate the prompts for generating the correct and distractor answers,
respectively, enhancing the scientific rigor and difficulty of the benchmark.

All prompts have been carefully crafted and iteratively refined to ensure high quality and diversity in
the dataset, laying a solid foundation for subsequent research and algorithm development on micro
editing tasks.
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Figure 7: Prompt for Qwen-2.5-VL-72B to filter editable images
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Figure 8: Prompt for Qwen-2.5-VL-72B to generate editing prompt

Figure 9: Prompt for Qwen-2.5-VL-72B to generate complete original description for original images
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Figure 10: Prompt for Qwen-2.5-VL-72B to generate description for edited images

Figure 11: Prompt for Qwen-2.5-VL-72B to generate difference description

Figure 12: Prompt for Qwen-2.5-VL-72B to get judge
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Figure 13: Prompt for Qwen-2.5-VL-72B to get second judge

Figure 14: Prompt for Qwen3-32B to generate SFT data

Figure 15: Question Template of Benchmark
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Figure 16: Prompt for GPT-4o to generate right answer

Figure 17: Prompt for GPT-4o to generate wrong answer

F Analysis on Text Diversity

To further validate the quality and diversity of the generated instructions in our dataset, we computed
standard lexical diversity metrics. Specifically, we report the Moving Average Type-Token Ratio
(MATTR) with a window size of 50 for both our proposed dataset and the LLaVA-Instruct-150k
dataset for comparison.

Our dataset achieves a MATTR score of 0.7393 and LLaVA-Instruct-150k scores 0.7834. These
quantitative results demonstrate that our instructions exhibit rich lexical diversity and low redundancy
in phrasing, which is a notable characteristic for a Visual Question Answering (VQA) dataset.

G Additional Analysis on CLIP-Score Threshold Selection

To determine the optimal CLIP-score threshold for constructing our MED dataset, we conducted an
ablation study evaluating the trade-off between data quality and scale. This analysis complements
our approach for MED-Bench, where we follow [54] in using a 95% similarity threshold.
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We trained identical Qwen2.5-VL-7B models on MED subsets filtered using different CLIP-similarity
thresholds (δ), with comprehensive evaluation across 12 reasoning categories. As shown in Table G,
our analysis reveals several key findings:

Higher thresholds (δ ≥ 0.8) produced better per-sample alignment, with δ = 0.8 achieving 78.6%
accuracy on universal tasks. However, this came at the cost of significantly reduced data size
(36k samples), leading to performance degradation in compositional reasoning tasks such as spatial
reasoning (-21.2% versus δ = 0.7) and part (-12.5%).

Conversely, thresholds below δ < 0.7 introduced noisy image-text pairs that degraded performance
across all categories.

The optimal threshold of δ = 0.7 with 50k samples achieved the highest average accuracy (51.5%)
by balancing two critical factors: (1) preserving sufficient diversity for complex reasoning tasks,
evidenced by an 18.8% improvement in attribute binding compared to δ = 0.8; and (2) maintaining
scale advantages, as demonstrated by the 10.3% performance gap between the full 50k dataset and a
random 12k subset at the same threshold.

This systematic analysis confirms that δ = 0.7 optimally balances data quality and quantity for robust
model training.

Table 8: Performance comparison across different CLIP-similarity thresholds (δ)

Model (δ) Data Size Avg Object Attr. Scene Spatial Action Part Count Differ. Compar. Neg. Univ.
δ = 0.7 50k 51.51 57.14 56.25 53.84 42.86 46.67 43.75 55.56 50.00 47.37 50.00 64.29
δ = 0.7 random-12k 41.21 53.85 43.75 53.85 42.86 62.50 18.75 22.22 33.33 31.58 50.00 50.00
δ = 0.8 36k 46.67 53.84 37.50 46.15 21.43 43.75 31.25 61.11 50.00 42.11 50.00 78.57
δ = 0.8 random-12k 42.42 61.54 31.25 53.85 28.57 37.50 37.50 33.33 41.67 36.84 64.86 50.00
δ = 0.9 12k 44.85 46.15 50.00 46.15 35.71 43.75 43.75 38.89 50.00 31.58 57.14 57.14

H Extended Evaluation on BLIP Model Family

To further demonstrate the broad applicability of our approach across different model architectures,
we extended our MED benchmark evaluation to include the BLIP series, specifically the newest
BLIP-3o model. This evaluation covers all 11 semantic edit types and compares performance both
before and after fine-tuning on our dataset.

As shown in Table 9, After fine-tuning with our method, BLIP-3o-8B demonstrates improved
performance on the MED benchmark, with average accuracy increasing from 44.24% to 50.90%.
These results validate that our fine-tuning approach generalizes effectively beyond the Qwen and
LLaVA families, providing consistent performance improvements across diverse model architectures
and establishing the broad applicability of our methodology.

Table 9: Performance comparison of BLIP-3o-8B on MED benchmark before and after fine-tuning

Model Avg Obj Attr Scene Spatial Action Part Count Differ Compar Neg Univ
BLIP-3o-8B 44.24 46.15 50.00 69.23 50.00 37.50 31.25 44.44 41.67 31.58 50.00 42.86
BLIP-3o-8B (Ours) 50.90 38.46 62.50 46.15 42.86 62.50 37.50 66.67 50.00 52.63 35.71 57.14

I Backbone Scaling Ablation Study

To evaluate the general applicability of our approach across different model scales, we conducted an
ablation study by fine-tuning Qwen2.5-VL models of varying sizes (3B and 7B parameters) on the
same MED dataset. The performance results, measured across 12 reasoning categories, are presented
in Table 10.

Table 10: Performance comparison of Qwen2.5-VL models at different scales before and after
fine-tuning on MED

Model Avg Obj Attr Scene Spatial Action Part Count Differ Compar Neg Univ
Qwen2.5-VL-3B 33.94 38.46 37.50 53.85 21.43 25.00 43.75 27.78 16.67 26.32 35.71 50.00
Qwen2.5-VL-3B (Ours) 38.79 46.15 43.75 38.46 35.71 43.75 43.75 38.89 16.67 42.11 28.57 42.86
Qwen2.5-VL-7B 39.74 53.85 50.00 38.46 42.86 12.50 18.75 44.44 50.00 26.32 42.86 57.14
Qwen2.5-VL-7B (Ours) 51.61 57.14 56.25 53.84 42.86 46.67 43.75 55.56 50.00 47.37 50.00 64.29
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Our experimental results demonstrate that both model variants benefit substantially from our super-
vised fine-tuning strategy. The 3B parameter model shows an average accuracy improvement from
33.94% to 38.79%, while the 7B parameter model achieves a more pronounced gain from 39.74% to
51.61%. These consistent improvements across different model scales confirm that the effectiveness
of our MED approach is robust and scalable, independent of the backbone model size. This ablation
study validates our core design choice and highlights the general applicability of our method.

J Efficiency of LoRA Fine-tuning

In our experiments, we employed LoRA (Low-Rank Adaptation) for all models due to its favorable
efficiency-performance trade-off. As summarized in Table 11, LoRA significantly reduces training
time while achieving performance comparable to full-parameter fine-tuning across different model
architectures.

Table 11: Comparison of LoRA and full-parameter fine-tuning

Model Fine-tuning Method Training Time (50k data)

Qwen2.5-VL-7B LoRA 6 hours
Full 29 hours

LLaVA-1.6-7B LoRA 13 hours
Full 57 hours

LLaMA3.2-11B-VL LoRA 8 hours
Full 70+ hours

These results indicate that for fine-grained visual understanding tasks, the necessary model adaptations
can be effectively achieved through low-rank updates without requiring full retraining of the model
backbone. This suggests that such tasks primarily require adjustments in higher-layer representations
rather than fundamental changes to the base model parameters.

K Analysis of Image Quality Filtering and Metric Selection

To ensure the quality and semantic consistency of edited images in our MED dataset, we implemented
a comprehensive image filtering pipeline. Our primary approach adopts CLIP-based embedding
similarity, following the methodology established by [54], to maintain high-level semantic alignment
between edited images and their originals.

We complemented this CLIP-based analysis with Structural Similarity Index (SSIM) measurements
to evaluate low-level visual consistency across our 50K image pairs. The mean SSIM score is
0.5011 (std: 0.2028, max: -0.0134, min 0.9839) confirm that most edits introduce structurally subtle
modifications while preserving overall image integrity, aligning with our objective of fine-grained
semantic editing.

Our selection of CLIP over SSIM as the primary filtering metric was based on several considerations.
SSIM is known to struggle with localized edits on uniform backgrounds [17], whereas CLIP demon-
strates superior robustness to superficial visual changes while focusing on semantic-level alignment.
This characteristic makes CLIP particularly suitable for our task of ensuring conceptual consistency
in fine-grained image editing.

For instruction-image alignment validation, we employed a dual approach: instructions were directly
used as generation inputs to the Gemini model, followed by manual verification on over 1,000 samples.
This comprehensive validation ensures strong semantic alignment between textual instructions and
their corresponding visual edits through both procedural enforcement and human evaluation.

L Broader Impact

This work aims to improve fine-grained visual understanding in multimodal large language models
(MLLMs), which can positively impact applications requiring visual precision, such as robotics,
assistive technologies, and industrial inspection. However, enhanced sensitivity to subtle visual
differences could also increase risks of misuse, such as generating more convincing disinformation or
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enabling deceptive visual narratives. While our dataset is based on synthetic edits over public images
and does not introduce direct privacy concerns, models fine-tuned on it may still inherit underlying
biases from pretraining. We recommend responsible deployment, especially in safety-critical settings,
and see our benchmark as a tool to help identify and mitigate hallucination risks in future systems.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: Our motivation, contribution, and scope are clearly described in both the
abstract and the introduction.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We describe our limitations in Sec. 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification:

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper includes all necessary details for reproducing the main experimental
results in Section5.1 and C. This includes a thorough description of the model architecture,
training procedures (e.g., optimizer settings, batch size, learning rate schedules, number of
training epochs), dataset splits, and evaluation metrics in . We also provide hyperparameter
settings and implementation details that influence performance. To further support repro-
ducibility, we will release the source code and datasets for training and evaluation upon
publication.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The code and data are in supplementary materials.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: We present our experimental setting and details in Appendix. C.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Since our work focus on inference of language models, the results are provided
as evaluation scores on validation/test set. And we have explained how they are calculated
in Section 5.1.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We show the experiments compute resources in C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have reviewed the NeurIPS Code of Ethics, and strictly followed it in this
work.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Yes, we talk about boarder impacts in Appendix L.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: Our paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use two public datasets and strictly follow their usage license. Besides, we
cite their original paper to express our gratitude for their work. The details of the dataset
source used in this paper are described in 3.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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• For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We includes the anonymized URL as well as details about dataset and code in
supplementary material.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: Our research does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: Our research does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: We utilize LLMs as one of the key components for generating the instruction
data, and we have provided ALL the prompts used in our experiments.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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