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Abstract

Existing cross-modal image-text retrieval mod-
els often retrieve samples with inconsistent de-
tails. To evaluate fine-grained discriminability,
we introduce MSCOCO-CCD and Flickr30k-
CCD, with three key features: (1) a two-level
image content taxonomy for contrastive sam-
ple generation and fine-grained evaluation; (2)
annotation of numerous contrastive samples,
where each sample differs from the anchor by
a controlled contrastive difference (CCD), with
the specific type of difference labeled; (3) a
fine-grained contrastive discrimination metric
to assess the ability to distinguish fine-grained
nuances. Extensive experiments demonstrate
that contrastive samples can significantly de-
grade retrieval performance. Furthermore, fine-
grained evaluation reveals that current models
still struggle to effectively produce discrimi-
native representations on certain feature types,
such as entity emotion and scene attribute. Our
datasets and related codes will be publicly re-
leased '.

1 Introduction

Cross-modal image-text retrieval (Wang et al.,
2024b) aims to retrieve cross-modal target samples
using text or image queries, which could be used in
search engines and recommendation systems. With
advancements in multimodal learning (Zeng et al.,
2022; Li et al., 2023), particularly the multimodal
large language models (MLLMs, Yin et al., 2023),
retrieval models like VLM2VEC (Jiang et al., 2025)
have demonstrated remarkable performance. How-
ever, as illustrated in Figure 1, they often retrieve
samples with inconsistent details. Common bench-
marks, such as MSCOCO (Lin et al., 2014) and
Flickr30k (Young et al., 2014) primarily assess
coarse-grained retrieval performance. Using a re-
trieval model, Chen et al. (2023a) augments the
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Query: Areal everyday photo: on a green lawn, a light-yellow golden
retriever happily chases a dark British Shorthair cat.
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Figure 1: Fine-grained retrieval across samples with
controlled contrastive differences and our taxonomy.

candidate pool with overall similar samples, still
unable to assess the discriminability across various
types of fine-grained nuances.

To address this gap, we introduce MSCOCO-CCD
and Flickr30k-CCD, designed to evaluate fine-
grained retrieval and the discriminability on subtle
differences. Our contributions are threefold: (1) A
two-level image content taxonomy to guide con-
trastive sample generation and enable fine-grained
evaluation by category, encompassing four primary
dimensions: entity, scene, event/action, and style
& presentation. (2) Using a Human-LLM col-
laborative annotation method, we annotate two
large-scale datasets comprising contrastive sam-
ples, where each sample differs from the anchor by
one controlled contrastive difference, with the spe-
cific type of difference labeled. (3) A fine-grained
contrastive discrimination metric to evaluate the
ability to capture subtle feature variations.
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Step 1: Contrastive Strategy

Dog is chasing cat. Two-level Taxonomy

Identify key details
Design contrastive
strategies
Key Details: 1. dog’s color is light yellow; ...
Contrastive Strategies:
Entity Attribute: Change the dog's color to black;
Scene Type: Use a winter snowy background;

Event Element: Change the chaser to the cat;
S&P: Change it to cartoon style.

&

Filter out hallucinated
or insignificant details;
Select feasible strategy.

o |§:

Step 2: Contrastive Image
Generation

(2) Image Editing
d

Filter out low-quality images;
Filter out images that differ L%

in many aspects.

Step 3: Caption Refinement

Intra-group Images

'

Key Differences:

The dog is a light yellow golden retriever.
The cat is a dark-colored British Shorthair.
The dog is chasing the cat from behind.
The environment is a green, flat grassland.
The image is a real everyday photo.
Refined Captions:

A real everyday photo: on a green lawn, a
light-yellow golden retriever chases a dark
British Shorthair cat.

1. Revise problematic captions;
2. Add contrastive details to
highlight the differences.

Figure 2: Illustration of the construction pipeline of our datasets.

Extensive experiments demonstrate the effective-
ness of our datasets and that the introduction of
contrastive samples leads to a notable decline in
retrieval performance. Furthermore, fine-grained
analysis reveals that existing models exhibit signif-
icant performance variations across feature types,
showing a pronounced deficiency in more subtle
features, such as entity emotion and scene attribute.

2 Method

Similar to existing benchmarks, CCDs encom-
pass two sub-tasks: Text-to-Image (T2I) retrieval
and Image-to-Text (I2T) retrieval. The dataset
D = {d;}Y, comprises N samples, each with one
image I; and five captions 7; = {ti }5 v Notably,
several challenging candidates with controlled con-
trastive differences in both modalities are incor-
porated. To facilitate a fine-grained evaluation,
following a two-level taxonomy, each contrastive
sample is annotated with a specific contrastive type.

2.1 Two-level Image Content Taxonomy

To establish a comprehensive evaluation frame-
work, we develop a two-level taxonomy of image
content, ensuring high coverage of common daily
images. As illustrated in Figure 1 and Table 5, the
taxonomy comprises four categories: Entity, Scene,
Event/Action, and Style & Presentation. Each cat-
egory is further subdivided into several secondary
categories, such as entity type and emotion.

2.2 Dataset Creation

As illustrated in Figure 2, based on two widely-
used benchmarks, Flickr30k and MSCOCO, we
propose a Human-LLM collaborative annotation
method to reduce annotation costs, which employs
MLLMs to perform initial annotation, followed by
rigorous human filtration and refinement.

Step 1: Contrastive Strategy. Given an image-
caption pair, we input it into a powerful MLLM
(Qwen3-VL-32B, Bai et al., 2025). Guided by our
taxonomy and a few examples, the MLLM identi-
fies key visual details and formulates several strate-
gies for creating contrastive images. Each strategy
includes a caption of the contrastive image, an im-
age editing instruction, and a corresponding con-
trastive type. Subsequently, two human annotators
verify the contrastive types, removing hallucinated
details and infeasible strategies.

Step2: Contrastive Image Generation. We im-
plement two image generation strategies: image
search and image editing. Image search utilizes the
captions of contrastive images as queries, retriev-
ing relevant images via the Google Image Search
APIL. A retrieval model is then employed to select
the most similar images as potential candidates.
The API’s as_rights parameter is configured to
ensure that only publicly available images are re-
trieved. Additionally, recent advances in image
editing models enable the high-precision and con-
trollable modifications. Therefore, image editing
takes the anchor image and editing instructions as
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Dim MSCOCO F'lickr30k
Ori Our Ori Our
Images 5000 19590 1000 3560
Avg.tokens 14.03 30.18 11.78 30.53
Avg.Simimage 0449  0.631 0395 0.631
Avg.Simiesr 0513 0.568 0.356 0.560

Table 1: Comparison of the original and our datasets.
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Figure 3: The distribution of the contrastive samples.

input to open-source Qwen-Image-Edit (Bai et al.,
2025), yielding contrastive images that differ only
in controlled details. Furthermore, as detailed in
Appendix A.2 A.3, human annotators filter out low-
quality images and those that deviate significantly
from the anchor image.

Step3: Caption Refinement. The captions for
each image must accurately reflect its visual con-
tent and highlight the differences from other im-
ages, incorporating at least one contrastive detail.
As illustrated in Figure 1, a coarse-grained caption
such as “A dog is chasing a cat” fails to distinguish
subtle visual variations among similar candidates.
These coarse-grained texts in existing benchmarks
could lead to ambiguity problems where different
non-target images all match the text, which is also
proved in prior work "Rethinking Benchmarks for
Cross-modal Image-text Retrieval". We prompt
an MLLM with the same-group images to gener-
ate fine-grained captions adhering to these require-
ments. To ensure high-quality captions, annotators
carefully review each image group and rectify any
suboptimal captions.

Dataset Statistics. As shown in Table 1, our
datasets are approximately four times larger than
the original dataset. Additionally, the average token
length of the captions is 2-3 times greater, provid-
ing more detailed descriptions. We further compute
the mean cosine similarity between each sample
and its top-5 noisy candidates. The results demon-
strate that the top-5 candidates in our datasets ex-
hibit higher similarity, thereby offering more chal-

lenging negative interference. As shown in Figure
3, Entity and Scene are the most prevalent cate-
gories, as most images contain these elements. In
contrast, attributes such as "Emotion" are context-
dependent and often absent in landscape or archi-
tectural photography. Despite the imbalance in
category distribution, each category contains a suf-
ficient number of samples to enable the evaluation
of fine-grained discriminability. As demonstrated
in Appendix 3, our datasets have been validated as
high-quality, achieving an accuracy exceeding 95%
in human evaluation.

2.3 Evaluation Metric

Following previous studies, we report Recall@ 1K
(K € {1,5}) for all models, which measures the ra-
tio of positive candidates being ranked in the top-K
positions for all queries. Furthermore, we intro-
duce a Fine-Grained Contrastive Discrimination
Accuracy (FG-CDA) to evaluate the discriminabil-
ity on subtle differences. Taking T2I as an example,
given a pair of contrastive images I; and /; and a
text query Tf (any caption of I; and I}), the testing
model obtains their embeddings and computes their
similarities. A retrieval is deemed successful only
if the similarity with the target image S(TF, I;) ex-
ceeds that of the contrastive image S(T}, I;). The
formula of FG-CDA is:

i Znmt L(S(TF, 1) > S(TF, 1))

FG=CDArar = 5 x Count((i,))

3 Experiments and Results

Models. To thoroughly assess the fine-grained re-
trieval performance of existing models, we con-
duct experiments on 11 CLIP-series models and
14 MLLM-based models. Specifically, CLIP-series
models encompasses the original CLIP (Radford
et al., 2021) and its variants: BLIP (Li et al., 2022),
SigLIP (Zhai et al., 2023), AItCLIP (Chen et al.,
2023b), and BGE (Zhou et al., 2025). For MLLM-
based models, we include the VLM2Vec (Jiang
et al., 2025), GME (Zhang et al., 2024), Ops-MM-
embedding, UniME (Gu et al., 2025), BGE and
RzenEmbed-v2 (Jian et al., 2025) families. More
details are provided in Appendix B.2.

The Effectiveness of Our Benchmarks. We evalu-
ate four models from different families across both
T2I and I2T tasks, using the following dataset set-
tings: (1) Ori: the original MSCOCO and Flickr30k
(with coarse-grained captions and without con-
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Figure 4: Comparison of R@1 between four different
dataset settings on MSCOCO and Flickr30k.

trastive images); (2) + fine-grained captions: us-
ing our captions, but without contrastive images;
(3) + contrastive images: adding contrastive im-
ages while retaining coarse-grained captions; (4)
Our: MSCOCO-CCD and Flickr30k-CCD. As il-
lustrated in Figure 4, when contrastive samples are
added, a notable decline in R@1 is observed and
the performance rankings across models are less
consistent, with weaker CLIP-series models even
surpassing SOTA MLLM-based models. Further-
more, applying fine-grained captions to the origi-
nal datasets results in a significant improvement in
R@1 for all models, particularly for the MLLM-
based model, where R@1 approaches nearly 100%.
In original datasets, coarse-grained captions often
match multiple non-target images and underesti-
mate retrieval performance. Therefore, to bench-
mark the actual retrieval preformance of retrieval
models, caption refinement by incorporating at
least one contrastive detail to reduce ambiguity
in the text is necessary especially for the evalua-
tion of fine-grained discriminability. Furthermore,
when contrastive samples are added (from settings
1 to 3 and from 2 to 4), a notable decline in R@1
is observed, indicating a suboptimal ability to dis-
tinguish fine-grained differences. These results
demonstrate that our CCDs are effective in evaluat-
ing fine-grained retrieval.

Overall Evaluation on CCDs. The experimen-
tal results for various models on MSCOCO-CCD
are summarized in Table 2, where original sam-
ples serve as queries and both original and con-
trastive samples serve as candidates. Additional
results on Flickr30k-CCD are provided in Table 4.
We observe that all models exhibit relatively low

T21 2T
Model Backbone RI R5 RI RS
CLIP-series embedding models
ALIGN-base EfficientNet |46.7 83.6 50.3 83.0
CLIP ViT-B(149M) | 33.4 67.2 41.0 75.2
BGE-VL-base | ViT-B(149M) | 56.2 88.8 40.4 69.9
BLIP-coco ViT-B(149M) | 65.8 94.7 64.0 92.5
BLIP-flickr30k | ViT-B(149M) |53.9 859 54.0 86.4
CLIP VIiT-L(307M) |41.1 75.6 454 79.9
BGE-VL-large | ViT-L(307M) | 63.9 92.3 423 71.5
BLIP-coco ViT-L(307M) | 67.1 95.8 66.0 934
BLIP-flickr30k | ViT-L(307M) |59.7 98.7 61.9 96.6
SigLIP SoViT(428M) | 43.8 84.9 54.3 89.1
AItCLIP VIiT-H(632M) | 43.5 81.2 47.6 80.0
MLLM-based embedding models

GME Qwen2-VL-2B | 57.0 90.9 583 94.5
VLM2Vec Qwen2-VL-2B | 13.5 59.1 52.8 85.5
Ops-MM-E | Qwen2-VL-2B | 64.2 96.2 68.2 93.8
UniME Phi3.5-V-4.2B | 64.7 939 649 91.6
VLM2Vec LlaVA-1.6-7B | 67.1 945 65.5 92.8
UniME LlaVA-1.6-7B | 69.6 94.4 68.1 94.4
UniME-OneV | LlaVA-1.6-7B | 61.2 93.6 70.5 95.3
BGE-VL-S1 | LlaVA-1.6-7B | 62.6 94.1 65.4 90.9
BGE-VL-mmeb | LlaVA-1.6-7B | 70.8 97.0 73.3 96.4
BGE-VL-S2 | LlaVA-1.6-7B | 73.3 97.1 69.8 94.7
VLM2Vec Qwen2-VL-7B | 31.4 829 63.1 913
GME Qwen2-VL-7B | 77.7 95.8 52.8 84.9
Ops-MM-E | Qwen2-VL-7B | 70.5 97.2 71.7 95.0
Rzen-E Qwen2-VL-7B | 75.9 97.9 75.0 96.9

Table 2: Overall retrieval performance of various models
on MSCOCO-CCD.

R@]1 alongside higher R@5, especially the MLLM-
based models, indicating that their retrieval per-
formance is severely hindered by contrastive sam-
ples (averaging 2-3 for each anchor). Furthermore,
MLLM-based models consistently outperform the
CLIP series, with methods employing larger back-
bones demonstrating better performance. Notably,
the Rzen-embed-v2-7b achieves the highest perfor-
mance, likely due to its hardness-weighted mecha-
nism for enhancing retrieval ability on challenging
samples.

Evaluation on Fine-Grained Difference Discrim-
ination. For each model, we compute the co-
sine similarities between embeddings of contrastive
pairs from MSCOCO-CCD and Flickr30k-CCD
and categorize the results using our taxonomy. As
illustrated in Figure 5, certain categories, such as
entity attribute and emotion, exhibit higher cosine
similarities than scene types and S&P. Furthermore,
the FG-CDA results for various models across dif-
ferent categories are depicted in Figure 6. Most
models achieved high discrimination accuracies in
scene types and S&P, even exceeding 95% accu-
racy in scene type. However, performance declines
significantly on categories with more subtle fea-
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Figure 5: Comparison of cosine similarities between
contrastive image pairs across 9 fine-grained categories.

tures, such as event attribute, entity emotion, and
scene attribute. For example, 12T accuracy falls
below 70% on entity emotion. This performance
gap likely stems from the fact that emotions and
attributes typically occupy smaller image regions.
These findings shed light on future research: en-
hancing the feature capture and discriminability for
more subtle aspects, such as attributes and emo-
tions. Additionally, models with strong overall
retrieval performance, such as Ezen-embed-v2-7b,
also exhibit superior fine-grained discriminability.

4 Related Works

Benchmarks. MSCOCO (Lin et al., 2014) and
Flickr30k (Young et al., 2014) are two well-known
image-text retrieval benchmarks, comprising large-
scale image pool, each with five human-generated
captions. Chen et al. (2023a) argue that the candi-
date pool and captions in MSCOCO an Flickr30k
are coarse-grained, thereby introducing more over-
all similar images. Chen et al. (2023a) propose
WIT, which is collected from Wikipedia and facili-
tates multilingual retrieval evaluation across 100+
languages. For the natural world domain, Vendrow
et al. (2024) propose INQUIRE, which includes nat-
ural world images and expert-level retrieval queries.
However, these datasets primarily assess overall
retrieval performance and cannot systematically
assess fine-grained retrieval and the ability to dis-
tinguish subtle differences.

Image-Text Retrieval Models Cross-modal image-
text retrieval models primarily facilitate retrieval
by leveraging unified representations of image and
text features. CLIP ( Radford et al., 2021) employs
separate image and text encoders to extract features,
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Figure 6: Comparison of FG-CDA across different fine-
grained categories on nine LLMs.

followed by alignment through contrastive learn-
ing. CLIP-series models also include SigL.IP (Zhai
etal., 2023), BLIP (Li et al., 2022), AItCLIP (Chen
et al., 2023b), etc. However, these models rely on
late fusion of image and text features, thereby fail
to capture deep relationships between them. In con-
trast, VLM2VEC (Jiang et al., 2025) introduces
an MLLM-based framework that facilitates deep
feature integration within a transformer architec-
ture. Likewise, GME (Zhang et al., 2024), UniME
(Gu et al., 2025) further improve it through multi-
modal data synthesis and hard negative sampling
strategies.

5 Conclusion

We introduce MSCOCO-CCD and Flickr30k-CCD,
two challenging fine-grained image-text retrieval
benchmarks that incorporate extensive contrastive
samples, each with one controlled contrastive dif-
ference from its anchor. Based on our taxonomy,
these benchmarks evaluate the ability to discrim-
inate subtle semantic nuances across diverse fea-
ture types. Experimental results demonstrate that
even SOoTA models exhibit significant performance
degradation, showing there is room for develop-
ing fine-grained retrieval systems to capture subtle
features and enhance fine-grained discriminability.
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Limitations

In this section, we discuss several limitations in
our work. First, the construction of the dataset re-
lies on high-performance image editing models and
meticulous human annotation, which necessitates
significant computational resources and human ef-
fort. Second, there is an absence of methods to
enhance fine-grained discriminability. To address
this, future work will explore strategies for automat-
ically generating high-quality contrastive pairs and
enhancing the capability to capture local features.

Ethics Statement

In this paper, we introduce two novel image-text re-
trieval datasets designed to assess fine-grained dis-
criminability. First, image-text retrieval is an objec-
tive feature-matching task. Second, our CCDs are
derived from two widely-used datasets, MSCOCO
and Flickr30k, which contain verified everyday im-
ages. The augmented contrastive samples exhibit
only fine-grained subtle differences from the an-
chor samples, ensuring no ethical violation. Note
that we only used an Al assistant for writing polish-
ing in the paper. Al was not involved in any other
aspects of this research. In conclusion, our datasets
avoid any ethical concerns.

License

To ensure copyright compliance and mitigate
the risk of license infringement during dataset
curation, we select images under licenses that
permit open utilization and redistribution. The
Google Search API is configured to filter for
images either in the public domain or licensed
under Creative Commons terms, with rights con-
figured with "cc_publicdomain," "cc_attribute,"
"cc_sharealike,” and  "cc_noncommercial."
Furthermore, we exclude images marked as
"cc_nonderived".  This method ensures that
our data collection adheres to legal and ethical
standards, respecting intellectual property rights
while facilitating reproducible research.
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Tester T2I 12T

A 96.5 97.8
B 95.8 975

Table 3: The human evaluation accuracies on two tasks.

A Dataset

A.1 Taxonomy

The definitions of the proposed two-level image
content taxonomy are presented in Table 5 and are
incorporated into the prompt template shown in
Table 10 to support contrastive strategy generation.

A.2 Details in MLLM-based Annotation

As illustrated in Figure 2, the construction pipeline
for our dataset consists of three distinct steps. In
Step 1, we utilize Qwen-VL-32B-thinking-FP8
to extract key details from the provided images
and implement several contrastive strategies. The
associated prompt template is presented in Table
10, with a decoding temperature set to 0.0 to en-
sure consistency and reproducibility. To optimize
computational efficiency, images are resized while
maintaining their original aspect ratio, with pixel
counts constrained between 256*784 and 840*504
pixels. In the step 2, the API’s as_rights parame-
ter of the Google Image Search API is configured
to ensure that only publicly available images are
retrieved. After the image search, the top five re-
trieved images corresponding to the query are em-
bedded using Ops-MM-embedding-7B, with cosine
similarity scores employed to identify the most sim-
ilar images as potential candidates. Additionally, to
keep a balance between computational cost and per-
formance, the inference steps for Qwen-Image-Edit
are set to 28. In Step 3, using the prompt template
outlined in Table 10, Qwen-VL-32B-thinking-FP8
is employed to refine the captions of images with
the decoding temperature of 0.0.

A.3 Human Annotator

Our annotation team consists of two graduate stu-
dents engaged in multimodal image-text retrieval.
They are trained and required to annotate the data
according to the predefined guidelines in Section
2.2. Another annotator reviews their annotation
results and eliminates their discrepancies in the
annotation of contrastive category. Any discrepan-
cies during the review process are discussed and
resolved to ensure high-quality and reliable annota-

T21 2T
Model Backbone RI R5 RI RS
CLIP-series embedding models
CLIP VIiT-B(149M) [ 46.9 86.4 48.0 89.3
BGE-VL-base | ViT-B(149M) | 66.0 97.7 45.5 81.6
BLIP-coco VIiT-B(149M) | 58.1 944 58.7 93.6
BLIP-flickr30k | ViT-B(149M) | 62.1 96.5 56.3 92.2
ALIGN-base EfficientNet |53.9 95.0 54.8 92.2
CLIP ViT-L(307M) |53.9 91.4 499 899
BGE-VL-large | ViT-L(307M) | 61.7 95.8 49.8 84.4
BLIP-coco ViT-L(307M) | 63.0 98.3 60.7 94.2
BLIP-flickr30k | ViT-L(307M) | 63.5 94.7 63.5 93.1
SigLIP SoViT(428M) | 49.2 94.4 57.1 94.7
AItCLIP VIiT-H(632M) | 49.1 934 51.0 90.2
MLLM-based embedding models

GME Qwen2-VL-2B | 41.9 939 583 94.5
VLM2Vec Qwen2-VL-2B | 11.2 76.1 51.6 92.7
Ops-MM-E | Qwen2-VL-2B | 55.9 98.6 66.7 96.3
UniME Phi3.5-V-4.2B | 63.5 97.8 629 954
VLM2Vec LlaVA-1.6-7B | 66.4 98.3 60.6 96.1
UniME LlaVA-1.6-7B | 71.0 98.1 64.1 96.5
UniME-OneV | LlaVA-1.6-7B | 59.4 98.5 67.9 97.0
BGE-VL-S1 | LlaVA-1.6-7B | 62.2 97.6 64.4 94.6
BGE-VL-mmeb | LlaVA-1.6-7B | 69.0 99.2 67.7 97.8
BGE-VL-S2 | LlaVA-1.6-7B | 73.6 99.4 65.4 96.6
VLM2Vec Qwen2-VL-7B | 32.1 93.0 61.6 97.1
GME Qwen2-VL-7B | 65.8 97.7 55.1 95.3
Ops-MM-E | Qwen2-VL-7B | 70.6 99.4 66.5 97.7
Rzen-E Qwen2-VL-7B | 74.7 99.5 70.6 97.1

Table 4: Overall retrieval performances of various re-
trieval models on Flickr30k-CCD.

tions.

A4 The Quality of the Annotation

To further assess the quality of the datasets, we
conducted a human evaluation involving two inde-
pendent testers who were not involved in the data
annotation. Specifically, we merged two datasets
and randomly selected 400 samples, along with
their top-5 most similar non-target samples (Ops-
MM-embedding-v1-7B) to serve as noise candi-
dates. In the I2T task, the testers were asked to
select the target caption from six text candidates
based on the provided image. For the T2I task, the
testers were asked to select the target image from
six image candidates based on the provided cap-
tion. As shown in Table 3, both testers achieved
over 95% accuracy in both tasks, thereby validating
the effectiveness of the dataset’s annotations.

B Experiments

B.1 Implementation Details

Experiments are conducted on four NVIDIA Tesla
A100 GPUs with 80GB of RAM each. To ensure a
fair comparison, the models are assessed using their
default configuration. Additionally, MLLM-based
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Type Definition

Entity The' specific fine-grained category of the

Type entity, such as Donald Trump, Labrador,
Husky, Boeing 747, etc.

. The specific visual or intrinsic characteris-
Entity tics of an entity, encompassing aspects, such
Attribute 5 color, pattern, material, shape, occupa-

tion, etc.
Spatial, interactive, or relational dynamics
Entity among entities, such as on top of, riding,
Relation  shaking hands, husband and wife, friends,
etc.
Entity Emotions of the entity, such as positive, neg-
Emotion ative, sad, and happy.
Scene The fine-grained categqrization Qf the scene,
such as market, lakeside, seaside, church
Type S
interior, etc.
Scene Visual features or the state of the scene, such
Attribute  as crowded market, tranquil lakeside, clear
blue sky, etc.
Event/ Specific types of actions or events, such as
Action chasing, dancing, and caressing.
Type
Event/ Participants and characters that constitute
Action

‘ the action or event, such as subject and ob-
Attribute  ject.

Specific mode of visual representation and

Style & S .
Prz sen- artistic expression, such as photograph,
tation painting, illustration, comic, ink painting,

impressionism, realism, etc.

Table 5: The definitions of our two-level image content
taxonomy.

models, such as VLM2VEQC, utilize the prompts
specified in their papers. For example, the I2T and
T2I tasks for VLM2VEC emplot the instructions
Find an image caption describing the given every-
day image. and Find me an everyday image that
matches the given caption., respectively.

B.2 Models in Experiments

In this study, we conduct a comprehensive eval-
uation of the fine-grained retrieval capabilities
across a diverse set of models. These models
leverage backbones with varying parameter sizes,
including ViT (base, large, and huge, Dosovit-
skiy et al., 2021), SoViT (Alabdulmohsin et al.,
2023), Qwen2-VL (2B and 7B, Wang et al., 2024a),
Phi3.5-V-4.2B (Abdin et al., 2024), and Ll1aVA-1.6-
7B (Liu et al., 2023). The specific models utilized
in our experiments are outlined below:

s CLIP? employs a Vision Transformer (ViT) for
encoding images and utilizes a Transformer
model (Vaswani et al., 2017) for processing text.
Zhttps://huggingface.co/openai/

clip-vit-base-patch32, https://huggingface.co/
openai/clip-vit-large-patch14

The alignment between the two modalities is
then achieved through contrastive learning on
extensive image-text datasets.

* BLIP? introduces a captioning model designed to
generate synthetic captions for web data, as well
as a filtering method to eliminate noisy captions.

» ALIGN* employ EfficientNet (Tan and Le, 2019)
as its vision encoder and BERT (Devlin et al.,
2019) as its text encoder, employing contrastive
learning on a vast noisy dataset.

* SigLIP> replace softmax normalization with sig-
moid loss in contrastive learning, enabling larger
batch size and improving training efficiency.

* AltCLIP® is developed on Stable Diffusiosn and
trained on parallel corpus, providing an enhanced
bilingual CLIP model.

e VLM2VEC introduces a unified MLLM-based
framework that facilitates deep feature integra-
tion within a transformer architecture, which is
suitable for a wide range of tasks.

* BGE-VL? introduce a novel data synthesis
method, MegaPairs, which leads to significant
improvements in performance.

» GME® develop a pipeline for synthesizing train-
ing data and creates a large-scale, fused-modal
dataset to address the modality imbalance.

» UniME"" develop a novel two-stage framework

3https://huggingface.co/Salesforce/
blip-itm-base-coco, https://huggingface.
co/Salesforce/blip-itm-base-flickr, https:
//huggingface.co/Salesforce/blip-itm-large-coco
https://huggingface.co/Salesforce/
blip-itm-large-flickr
4https://huggingface.co/kakaobrain/align—base
5https://huggingface.co/google/
siglip-so400m-patch14-384
https://huggingface.co/BAAI/ALtCLIP
"https://huggingface.co/TIGER-Lab/
VLM2Vec-Qwen2VL-2B, https://huggingface.co/
TIGER-Lab/VLM2Vec-Qwen2VL-7B, https://huggingface.
co/TIGER-Lab/VLM2Vec-LLaVa-Next
8https://huggingface.co/BAAI/BGE—VL—base
https://huggingface.co/BAAI/BGE-VL-1arge,
https://huggingface.co/BAAI/BGE-VL-MLLM-S1
https://huggingface.co/BAAI/BGE-VL-v1.5-mmeb
https://huggingface.co/BAAI/BGE-VL-MLLM-S2
https://huggingface.co/Alibaba-NLP/
gme-Qwen2-VL-7B-Instruct, https://huggingface.
co/Alibaba-NLP/gme-Qwen2-VL-2B-Instruct
Yhttps://huggingface.co/DeepGlint-AIl/
UniME-Phi3.5-V-4.2B, https://huggingface.
co/DeepGlint-AI/UniME-LLaVA-1.6-7B
https://huggingface.co/DeepGlint-Al/
UniME-LLaVA-OneVision-7B
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https://huggingface.co/DeepGlint-AI/UniME-Phi3.5-V-4.2B
https://huggingface.co/DeepGlint-AI/UniME-LLaVA-1.6-7B
https://huggingface.co/DeepGlint-AI/UniME-LLaVA-1.6-7B
https://huggingface.co/DeepGlint-AI/UniME-LLaVA-OneVision-7B
https://huggingface.co/DeepGlint-AI/UniME-LLaVA-OneVision-7B

that leverages MLLMs to learn discriminative
representations, which performs textual discrim-
inative knowledge distillation from a powerful
LLM-based teacher and introduces a hard neg-
ative enhanced instruction tuning to further ad-
vance discriminative representation learning.

* Ops-MM-embedding-vI'' is fine-tuned from
Qwen2-VL, which encodes text, images, text-
image pairs, visual documents, and videos into
a unified embedding space for cross-modal re-
trieval.

o RzenEmbed-v2-7B'? learn embeddings across
a diverse set of modalities, including text, im-
ages, videos, and visual documents, and employ
a novel two-stage training strategy to learn dis-
criminative representations.

"https://huggingface.co/OpenSearch-AI/
Ops-MM-embedding-v1-2B, https://huggingface.
co/OpenSearch-AI/Ops-MM-embedding-v1-7B

2https://huggingface.co/qihoo360/RzenEmbed
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Text to Image

Model Backbone Entity Scene Event S&P
Type Attr Rel Emo Avg |Type Attr Avg|Event Event Avg

CLIP-series embedding models
CLIP ViT-B(149M) 18.6 29.4 30.2 319 27.1|12.0 24.8 20.0| 279 30.7 283|143
BGE-VL-base ViT-B(149M) 10.7 15.8 194 134 149| 25 103 7.3 | 169 194 173\ 4.7
BLIP-coco ViT-B(149M) 109 16.6 16.7 198 154| 24 127 88 | 11.9 17.0 12.6| 6.8
BLIP-flickr30k ViT-B(149M) 149 21.3 250 23.6 20.2| 58 19.1 14.0| 20.6 253 21.3|10.3
ALIGN-base EfficientNet+BERT | 13.8 23.7 23.8 21.0 21.3| 7.1 20.0 15.1| 19.1 227 19.7|10.7
CLIP ViT-L(307M) 16.0 29.2 28.5 254 26.0|123 253 203|242 295 250|133
BGE-VL-large ViT-L(307M) 90 146 169 113 134| 1.6 9.1 63| 147 146 14.7| 39
BLIP-coco ViT-L(307M) 9.6 154 172 213 14419 11.1 7.6 | 11.2 169 12.0]| 6.0
BLIP-flickr30k ViT-L(307M) 10.6 163 183 23.7 154| 22 121 84 | 13.7 184 144 6.8
SigLIP SoViT(428M) 11.3 195 229 187 179| 7.3 204 155| 156 253 17.1]10.0
AItCLIP ViT-H(632M) 139 254 242 215 225| 82 21.6 165|205 250 21.2] 9.7

MLLM-based embedding models
GME Qwen2-VL-2B 10.7 243 17.6 254 20.6| 47 20.7 146| 144 17.1 14.8]10.6
VLM2Vec Qwen2-VL-2B 20.8 364 28.1 41.6 32.3|14.0 356 274 | 283 312 287|188
Ops-MM-E Qwen2-VL-2B 7.8 195 16.7 19.7 16.6| 3.3 16.7 11.7| 11.3 157 12.0| 8.0
UniME Phi3.5-V-4.2B 99 190 158 144 165| 2.7 140 9.7 | 106 141 11.1| 6.8
VLM2Vec LlaVA-1.6-7B 89 195 16.0 187 16.8| 34 154 10.8| 12.1 128 122 8.2
UniME LlaVA-1.6-7B 9.6 189 16.8 183 16.6| 49 16.1 119| 119 137 12.2] 9.6
UniME-OneVision LlaVA-1.6-7B 89 198 165 21.1 17.1| 3.0 140 98 | 13.4 143 135] 6.7
BGE-VL-MLLM-S1 LlaVA-1.6-7B 94 162 203 157 150| 25 120 84 | 140 185 14.7| 6.0
BGE-VL-v1.5-mmeb LlaVA-1.6-7B 75 144 145 149 129| 1.7 101 69| 9.6 122 10.0| 5.2
BGE-VL-MLLM-S2 LlaVA-1.6-7B 6.7 140 139 130 123 13 89 6.1 | 85 108 89| 4.1
VLM2Vec Qwen2-VL-7B 15.4 324 235 33.0 27.8| 69 251 183|209 21.6 21.0|11.6
GME Qwen2-VL-7B 120 252 195 275 21.7| 47 223 156] 139 184 14.6|129
Ops-MM-E Qwen2-VL-7B 80 194 15.7 205 16.5| 29 165 113] 11.6 136 11.9] 8.1
Rzen-E Qwen2-VL-7B 6.8 169 141 20.8 145| 1.8 127 86| 9.0 104 93| 58

Table 6: The Fine-Grained Contrastive Discrimination Error (FG-CDE) results for various models on the Text-to-

Image (T2I) task of MSCOCO-CCD. Note that the sum of FG-CDE and FG-CDA equals 100%.

Text to Image

Model Backbone Entity Scene Event S&P
Type Attr Rel Emo Avg |Type Attr Avg|Event Event Avg

CLIP-series embedding models
CLIP ViT-B(149M) 17.1 28.7 28.1 309 26.0| 88 234 17.8| 263 285 26.7]|10.1
BGE-VL-base ViT-B(149M) 185 27.2 273 28.1 252| 7.6 205 15.6| 25.6 27.0 25.8| 9.7
BLIP-coco ViT-B(149M) 124 21.7 19.6 285 19.6| 34 159 11.1| 151 19.7 158]| 7.4
BLIP-flickr30k ViT-B(149M) 139 23.6 237 304 21.6| 53 194 14.1| 193 237 20.0| 9.5
ALIGN-base EfficientNet+BERT | 14.0 26.3 23.5 263 23.2| 6.1 212 155] 20.0 23.4 20.5]10.0
CLIP ViT-L(307M) 149 29.0 264 27.0 25.5| 9.3 237 182|229 278 23.7|10.1
BGE-VL-large ViT-L(307M) 17.5 245 269 268 25.1| 7.1 205 154|245 26.0 248|104
BLIP-coco ViT-L(307M) 122 21.1 202 31.8 193| 32 150 105| 145 197 153] 69
BLIP-flickr30k ViT-L(307M) 119 209 21.1 32.0 19.2| 32 153 10.7| 16.0 21.1 16.7| 7.3
SigLIP SoViT(428M) 13.1 24.6 254 286 22.1| 7.7 224 16.8| 19.6 268 20.7|10.0
AItCLIP ViT-H(632M) 13.6 27.5 235 27.1 239| 80 22.1 16.7| 203 253 21.0| 8.6

MLLM-based embedding models
GME Qwen2-VL-2B 17.0 33.1 23.1 38.1 28.7|13.3 31.1 244| 21.8 265 22.5|20.8
VLM2Vec Qwen2-VL-2B 134 279 225 304 242| 75 249 183|179 23.1 187|112
Ops-MM-E Qwen2-VL-2B 10.2 243 185 26.7 20.6| 54 209 15.0| 16.1 185 16.4| 9.1
UniME Phi3.5-V-4.2B 10.8 233 17.6 25.1 20.0| 40 182 129| 126 155 13.1| 79
VLM2Vec LlaVA-1.6-7B 11.3 24.6 18.7 281 21.1| 5.2 209 15.0| 141 173 14.6| 95
UniME LlaVA-1.6-7B 102 233 16.7 245 19.7| 44 17.7 127| 122 157 127| 84
UniME-OneVision LlaVA-1.6-7B 84 21.1 147 214 17.6| 3.3 16.1 11.3| 103 142 109| 6.7
BGE-VL-MLLM-S1 LlaVA-1.6-7B 13.3 239 222 273 214\ 37 159 11.3| 182 221 188]| 7.7
BGE-VL-v1.5-mmeb LlaVA-1.6-7B 86 19.8 15.6 223 169| 3.0 154 10.7| 11.1 145 11.6| 7.3
BGE-VL-MLLM-S2 LlaVA-1.6-7B 9.1 206 164 224 17.7| 34 160 11.3| 114 143 119] 6.8
VLM2Vec Qwen2-VL-7B 11.0 255 18.1 269 21.6| 49 202 144|137 179 143| 8.6
GME Qwen2-VL-7B 184 35.6 239 40.6 30.8|16.6 353 28.2| 228 27.0 235|259
Ops-MM-E Qwen2-VL-7B 8.8 223 169 232 18.8| 34 184 12.7| 135 167 14.0| 8.2
Rzen-E Qwen2-VL-7B 86 194 143 257 16.6| 32 157 11.0| 103 133 10.8]| 7.6

Table 7: The FG-CDE results for various models on the Image-to-Text (I2T) task of MSCOCO-CCD.
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Model

Backbone

Entity

Text to Image
Scene

Event

Type Attr Rel Emo Avg |Type Attr Avg |Event Event Avg S&P

CLIP-series embedding models
CLIP ViT-B(149M) 224 321 303 343 30.7| 97 295 228|329 33.7 33.0|16.1
BGE-VL-base ViT-B(149M) 137 20.8 23.1 17.7 19.8| 1.9 15.1 10.6| 243 213 23.7| 7.3
BLIP-coco ViT-B(149M) 155 219 238 252 214 28 186 132] 198 20.0 19.8|12.0
BLIP-flickr30k ViT-B(149M) 15.1 21.7 254 264 21.5| 5.6 239 17.6| 22.1 237 224]|15.6
Align-base EfficientNet+BERT | 15.4 27.0 249 258 25.0| 52 249 18.1| 240 324 258|169
CLIP ViT-L(307M) 18.7 33.6 32.3 289 309|12.6 29.0 23.4| 282 305 287|173
BGE-VL-large ViT-L(307M) 11.2 193 21.2 14.0 179| 1.7 139 19.7| 20.5 16.8 19.7| 7.5
BLIP-coco ViT-L(307M) 122 199 222 264 195| 2.1 160 11.2| 17.0 20.8 17.8|10.8
BLIP-flickr30k ViT-L(307M) 119 19.0 23.6 273 19.1| 24 169 12.0| 183 22.1 19.1]13.1
SigLIP SoViT(428M) 120 223 25.7 221 21.1| 7.2 247 187| 19.7 21.3 20.0| 14.1
AItCLIP ViT-H(632M) 14.7 30.1 279 25.1 27.2| 82 253 195|257 276 26.1|144

MLLM-based embedding models
GME Qwen2-VL-2B 15.6 329 15.6 31.2 29.6| 63 31.0 22.6| 22.0 20.8 21.7|17.9
VLM2Vec Qwen2-VL-2B 28.3 419 343 40.1 39.0| 163 41.6 329 359 33.7 355|253
Ops-MM-E Qwen2-VL-2B 102 269 232 240 239| 48 245 17.8| 184 195 18.6|13.7
UniME Phi3.5-V-4.2B 13.6 249 22.1 184 225| 41 224 162| 19.0 19.0 19.0]12.0
VLM2Vec LlaVA-1.6-7B 112 248 214 20.1 22.1| 52 222 164|166 205 17.5|12.8
UniME LlaVA-1.6-7B 12.1 24.1 203 18.8 21.5| 6.0 22.0 16.6| 156 21.6 169|172
UniME-OneVision LlaVA-1.6-7B 109 247 20.7 225 22.1| 45 205 15.0| 175 203 18.1]|10.2
BGE-VL-MLLM-S1 LlaVA-1.6-7B 12.7 20.5 27.0 17.6 19.7| 23 163 11.5| 17.6 203 182| 9.7
BGE-VL-v1.5-mmeb LlaVA-1.6-7B 82 186 195 197 17.3] 20 140 99 | 123 126 124 6.6
BGE-VL-MLLM-S2 LlaVA-1.6-7B 7.6 173 183 136 157| 1.7 140 98 | 126 105 122] 53
VLM2Vec Qwen2-VL-7B 21.6 385 32.1 39.0 355|11.1 319 248|255 313 26.7|19.6
GME Qwen2-VL-7B 13.9 30.0 21.7 26.6 26.5| 51 28.0 202| 18.0 19.7 183|144
Ops-MM-E Qwen2-VL-7B 11.3 26.8 23.7 233 240| 48 249 18.0| 17.1 16.6 17.0|13.1
Rzen-E Qwen2-VL-7B 9.7 244 209 279 222| 33 19.7 14.1| 160 145 157]|11.6

Table 8: The FG-CDE results for various models on the Text-to-Image (T2I) task of Flickr30k-CCD.
Text to Image
Model Backbone Entity Scene Event S&P
Type Attr Rel Emo Avg |Type Attr Avg |Event Event Avg

CLIP-series embedding models
CLIP ViT-B(149M) 21.7 34.1 333 34.1 322 89 289 221|325 345 329|143
BGE-VL-base ViT-B(149M) 243 335 322 319 319| 7.7 275 20.7| 34.6 355 34.8]|149
BLIP-coco ViT-B(149M) 17.9 28.6 287 31.5 272| 50 235 17.2| 241 275 248|135
BLIP-flickr30k ViT-B(149M) 18.5 272 29.7 31.7 26.5| 86 28.1 21.5| 268 27.1 269|158
Align-base EfficientNet+BERT | 16.9 32.6 27.4 28.1 29.4| 7.3 283 21.1| 267 30.0 27.4]15.6
CLIP ViT-L(307M) 18.7 34.8 31.0 299 31.7|10.6 30.7 23.8| 283 312 289|155
BGE-VL-large ViT-L(307M) 24.1 343 32.6 312 324| 74 278 20.8| 31.1 34.1 317|147
BLIP-coco ViT-L(307M) 17.1 28.1 28.1 345 27.0| 51 23.0 169|237 27.0 244|123
BLIP-flickr30k ViT-L(307M) 159 254 26.6 338 24.8| 48 23.6 172|243 273 249|127
SigLIP SoViT(428M) 17.4 30.8 31.3 319 29.0|10.3 304 23.5| 265 29.8 272|164
AItCLIP ViT-H(632M) 17.1 33.4 283 29.1 30.2| 9.1 292 223|265 307 274]14.6

MLLM-based embedding models
GME Qwen2-VL-2B 15.8 343 25.7 33.8 30.7| 84 32.8 245|22.1 257 229]20.1
VLM2Vec Qwen2-VL-2B 179 34.6 299 312 31.4| 86 319 240|251 270 255|172
Ops-MM-E Qwen2-VL-2B 144 31.5 27.1 29.7 284| 777 299 223|240 254 243|155
UniME Phi3.5-V-4.2B 15.7 30.0 254 272 272| 6.7 269 200| 224 246 229]14.1
VLM2Vec LlaVA-1.6-7B 16.5 322 263 305 292 7.9 30.1 225|227 246 23.1|14.0
UniME LlaVA-1.6-7B 149 309 234 269 275| 59 268 19.7] 19.8 232 205|138
UniME-OneVision LlaVA-1.6-7B 11.0 283 219 24.0 248| 54 247 181|179 20.7 185|125
BGE-VL-MLLM-S1 LlaVA-1.6-7B 18.2 309 294 33.0 29.1| 43 24.0 173|247 289 256|11.6
BGE-VL-v1.5-mmeb LlaVA-1.6-7B 11.8 269 22.8 254 242| 48 240 174|197 20.7 19.9]12.8
BGE-VL-MLLM-S2 LlaVA-1.6-7B 134 28.1 233 249 252| 54 246 18.1| 208 243 215|123
VLM2Vec Qwen2-VL-7B 164 32.1 25.7 28.6 289| 7.8 285 21.4| 198 23.8 20.7|14.2
GME Qwen2-VL-7B 16.7 343 26.0 356 31.0| 9.1 332 250 21.7 24.1 222|215
Ops-MM-E Qwen2-VL-7B 132 299 263 251 26.7| 57 273 199| 21.0 244 217|148
Rzen-E Qwen2-VL-7B 12.6 27.4 224 287 248| 58 245 18.1| 17.1 192 17.6]|14.0

Table 9: The FG-CDE results for various models on the Image-to-Text (I2T) task of Flickr30k-CCD.

30502



Task

Prompt

Contrastive
Strategy
Generation

Given a source image, the objective is to generate several contrastive strategies and
corresponding information for contrastive images. Each contrastive image should
preserve most of the original visual features while diverging in one key detail, thereby
forming a contrastive pair with the source image. The contrastive aspects should be
selected from the following aspects.\n {Definition of Taxonomy }\n Instructions:\n
1. Identify Key Details: Based on the image, identify 3-4 key details in the image
and output their corresponding aspects. Ignore details that are difficult to obtain
contrastive images and less important details in the given detailed descriptions. These
key details should preferably span different dimensions and aspects. For example:\n
Event Element: two Labradors are chasing the cat; Scene Attribute: The color of
the lawn is green, hinting at summer.\n 2. Design Contrastive Strategies and Output
Key Information: For each key detail, execute the following steps:\n - Output current
contrastive detail.\n - Ouput aspect of current key detail from the above aspects.\n
- Design Contrastive Strategy: Based on the contrastive detail, propose a strategy
for generating the contrastive image. The strategy must perturb the source image by
changing current contrastive detail, such as shifting Entity Type from Labrador to
Husky, Event Element from dogs chasing cat to cat chasing dogs, Entity Attribute from
summer green lawn to land covered with snow in winter, or Style and Presentation
from normal to retro classic style. Note that the contrastive strategy should be realistic
and achievable.\n - Output Image Editing Instruction: For each strategy, generate a
clear, detailed editing instruction. An image editing tool will transform the original
image into a contrastive image according to the editing instruction.\n {examples}

Caption
Refinement

In the given images, there are both similarities and subtle differences. The text below
provides a coarse-grained caption for the first image, which does not capture the
fine-grained content, especially the differences from the other images. Your task is to
generate a fine-grained caption for each image, following the style of caption below.
\n Coarse-grained Caption of the First Image:\n { Caption }\n Instructions:\n 1. Identify
the most significant differences between the image pairs. Limit a maximum of two
key differences for each image pair. If one detail difference between two images
is significant, while the other is minor, then the less noticeable difference can be
ignored. Avoid noting minor discrepancies. Focus on the Entity (Type, Attribute,
Relationship), Scene (Type, Attribute, Spatial Relationship), Event/Action (Category,
Element, Attribute), Emotion and Mood, Style and Presentation. If the images depict
sports such as surfing, skiing, or skateboarding, describe the specific posture.\n 2.
Summarize all the key differences into key aspects of differences.\n 3. Based on
the key aspects summarized in above step, identify the specific key features of each
individual image.\n 4. For each image, following the style of the given coarse-grained
caption, provide a fine-grained and fluent caption. The caption to ensure compliance
with criteria below.\n Separating each caption with "" and adding a index (such as
1. or 2.) before each caption.\n {examples}\n The caption for image must meet the
following criteria:\n (1) Consistency with Content: The caption for each image should
reflect its content. While not every detail needs to be covered, it must accurately
represent the essential elements of the image.\n (2) Highlighting Differences: The
caption must emphasize the differences between this image and the others. At least one
distinguishing feature should be included, ensuring the caption reflects a divergence
from the other images.

Table 10: Prompt templates for the generation of contrastive strategies and refined captions.
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