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Abstract

Text-to-Image (T2I) generation models have achieved signifi-
cant advancements. Correspondingly, many automated meth-
ods emerge to evaluate the image-text alignment capabili-
ties of generative models. However, the performance com-
parison among these automated methods is constrained by
the limited scale of existing datasets. Additionally, existing
datasets lack the capacity to assess the performance of au-
tomated methods at a fine-grained level. In this study, we
contribute an EvalMuse-40K dataset, gathering 40K image-
text pairs with fine-grained human annotations for image-text
alignment-related tasks. In the construction process, we em-
ploy various strategies such as balanced prompt sampling and
data re-annotation to ensure the diversity and reliability of our
dataset. This allows us to comprehensively evaluate the per-
formance of image-text alignment methods for T2I models.
Based on this dataset, we introduce an efficient automated
evaluation method termed FGA-BLIP2, which enables Fine-
Grained Alignment evaluation solely by inputting images and
text leveraging BLIP2, without visual question answering
for each fine-grained element. Experimental results show the
proposed FGA-BLIP?2 efficiently achieves good performance
on multiple image-text alignment datasets. Meanwhile, bene-
fiting from the high efficiency and fine-grained evaluation ca-
pability of FGA-BLIP2, we apply it as a reward model to im-
prove text-to-image models, which effectively enhances the
image-text alignment ability of text-to-image models.

Code — https://github.com/DYEval.ab/EvalMuse

Introduction

Recently, advanced Text-to-Image (T2I) models (Li et al.
2024d; Peebles and Xie 2023; Esser et al. 2024; Podell et al.
2024; Rombach et al. 2022; Saharia et al. 2022; Yu et al.
2022) are capable of generating numerous impressive im-
ages. However, these models may still generate images that
fail to accurately match the input text, such as inconsistency
in quantities (Kirstain et al. 2023; Xu et al. 2023; Wu et al.
2023). Given the high cost and inefficiency of manual evalu-
ation, developing a reliable automatic evaluation metric and
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corresponding benchmark is vital. They can effectively eval-
uate the performance of existing models and provide guid-
ance for improvements in future models.

Since traditional evaluation metrics, such as FID (Heusel
et al. 2017) and CLIPScore (Hessel et al. 2021), are not
well-suited for assessing the consistency of T2I models. Re-
cent works (Kirstain et al. 2023; Hu et al. 2023; Wiles et al.
2024) have explored the construction of new evaluation met-
rics. PickScore (Kirstain et al. 2023) fine-tunes CLIP with
annotated preference data to enhance image-text alignment
evaluation. VQAScore (Li et al. 2024b) queries VQA mod-
els to obtain alignment scores based on logit values. How-
ever, these methods are failed when we need to evaluate
whether a specific fine-grained element within the text is
accurately depicted in the corresponding image. TIFA (Hu
et al. 2023), VQ2 (Yarom et al. 2023) and Gecko (Wiles
et al. 2024) decompose the prompt into multiple elements,
formulate related questions for each, and then average the
answers to generate a final alignment score. These methods
allow for fine-grained evaluation. However, due to the lack
of fine-grained annotation data, the performance compari-
son of these methods is still conducted at the overall level
of image-text pairs, with little consideration of accuracy at
the element level. Therefore, to better explore the perfor-
mance of existing T2I evaluation methods, we contribute a
new benchmark, EvalMuse-40K, featuring fine-grained hu-
man annotations of image-text pairs.

EvalMuse-40K includes 4K prompts, 40K image-text
pairs, and more than 1M fine-grained human annotations. To
ensure the diversity of prompts, EvalMuse-40K includes 2K
real prompts and 2K synthetic prompts. To evaluate various
skills, current benchmarks typically adopt relatively sim-
ple prompt designs when assessing specific skills, such as
”a photo of three bags” for counting skill evaluation. For
prompts that involve multiple skills, categories like ’com-
plex” are usually used for representation. With the devel-
opment of T2I models, they have achieved good perfor-
mance on simple single-skill prompts. Therefore, we aim to
explore the performance of generative models in terms of
each skill when using prompts that contain multiple skills.
When prompts have multiple categories, simple downsam-
pling of majority-class samples is insufficient to achieve
sample balance. So, we propose a MILP-based sampling



Benchmark Dataset Size Alignment Faithfulness | T2I Models
Prompt Image Ann. | Likert Ele.-Ann. Ele.-Category Structure Num.

PartiPrompt (Yu et al. 2022) 1.6K - - X X X X -
DrawBench (Saharia et al. 2022) 200 - - X X X X

T2I-CompBench (Huang et al. 2023) 6K - - X X v X -
TIFA160 (Hu et al. 2023) 160 800 1.6K v X v X 5
GenAl-Bench (Li et al. 2024a) 1.6K 9.6K 28.8K v X X X 6
Gecko (Wiles et al. 2024) 2K 8K 108K v v X X 4
EVALALIGN (Tan et al. 2024) 3K 21K 132K 4 X v v 8
EvalMuse-40K (ours) 4K 40K M v v v v 20

Table 1: In comparison to existing T2I model evaluation benchmarks, EvalMuse-40K collects a large number of human an-
notations (Ann.). Furthermore, EvalMuse-40K offers fine-grained annotations at the element (Ele.) level and categorizes these
elements into different skills in image-text alignment. Additionally, EvalMuse-40K includes annotations for structural problems
in generated images. To ensure reliable evaluation of automated metrics, we also randomly generate image-text pairs from 20

different T2I models.

method (Vonikakis, Subramanian, and Winkler 2016) that
minimizes the difference between the sampled distribution
and a uniform distribution, ensuring a more balanced dis-
tribution of prompts after sampling. This strategy allows
sampling prompts with multiple dimensions and categories.
Using this method, we sampled 2,000 real prompts. And
the synthesized prompts are then constructed for specific
skills in image-text alignment, such as quantity and loca-
tion. By synthesizing specific prompts and sampling from
real prompts, EvalMuse-40K can be used to compare the
evaluation capabilities of models on specific skills, while
also providing a more comprehensive comparison of evalu-
ation model in real-world scenarios. For fine-grained evalu-
ation, we use a large language model for the elemental split-
ting of prompts and question generation, and to increase the
diversity of the generated images, we generate images us-
ing a variety of T2I models. Compared with the previous
benchmark (see Tab. 1 for details), EvalMuse-40K not only
scores image-text alignment but also performs more fine-
grained annotations for elements split from the prompts. Us-
ing EvalMuse-40K, we evaluated the performance of current
alignment evaluation methods.

For fine-grained evaluation of image-text alignment, most
of the current methods are implemented using Multi-modal
Large Language Models (MLLMs) with visual question-
answering for each element. This makes it very redundant
that each image-text pair needs to be evaluated multiple
times to achieve a complete evaluation. Therefore to achieve
efficient fine-grained evaluation, we introduce a new eval-
uation method termed FGA-BLIP2, which uses a visual
language pre-training model to jointly fine-tune image-text
alignment scores and element-level annotations. Given a sin-
gle image-text pair, FGA-BLIP2 enables both overall and
fine-grained image-text alignment evaluation at once with-
out the need for additional visual question-answering. Ben-
efiting from the efficiency and fine-grained evaluation ca-
pability of FGA-BLIP2, we utilize it as a reward model to
fine-tune the T2I model, thereby improving the image-text
alignment ability of the T2I model. Our data, models, code,
and results serve as valuable resources to support further re-
search.

To summarize, our contributions are listed as follows.
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* EvalMuse-40K adopts a MILP-based sampling strategy
to ensure the balance and diversity of multi-category
complex prompts.

* EvalMuse-40K collects a large-scale dataset with cate-
gorical fine-grained annotations, enabling a more com-
prehensive evaluation of existing fine-grained alignment
evaluation methods.

* We propose an efficient fine-grained alignment evalu-
ation method termed FGA-BLIP2, which can perform
both overall and fine-grained image-text alignment eval-
uation at once.

» Experiments show FGA-BLIP2 is efficient and performs
well in image-text alignment evaluation, while offering
better guidance for T2I model improvement.

Related Work

Image-Text Alignment Benchmarks. Many different
benchmarks have been proposed to evaluate the image-text
alignment of T2I models. Early benchmarks are small-scale
and mostly rely on captions from existing datasets like
COCO (Cho, Zala, and Bansal 2023; Hu et al. 2023; Lin
et al. 2014; Ramesh et al. 2022), focusing on limited sam-
ple skills. Other benchmarks (e.g., HPDv2 (Wu et al. 2023)
and Pick-a-pic (Kirstain et al. 2023)) use side-by-side model
comparisons to evaluate the quality of the generated images.
Recently, benchmarks like DrawBench (Saharia et al. 2022),
PartiPrompt (Yu et al. 2022), and T2I-CompBench (Huang
et al. 2023) have introduced a set of prompts and focused
on evaluating specific skills of generative models, includ-
ing counting, spatial relationships, and attribute binding.
Moreover, some benchmarks (e.g., GenAl-Bench (Li et al.
2024a) and RichHF-18K (Liang et al. 2024)) provide hu-
man annotations on image-text align scores to validate the
relevance of automated metrics with human preference. For
fine-grained evaluation, benchmarks like TIFA (Hu et al.
2023), SeeTRUE (Yarom et al. 2023) and DSG (Cho et al.
2024) extract elements from prompts and generate corre-
sponding questions. However, prompts in current bench-
marks are mostly designed for specific skills or are sim-
ply sampled from multiple prompt sets, which leads to an
imbalanced distribution. Moreover, when comparing fine-
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Figure 1: Overview construction of EvalMuse-40K, consisting of (a) data collection, (b) data annotation, and (c) evaluation
methods. (a) We collect 2K real-world prompts and 2K synthetic prompts, using the MILP (Vonikakis, Subramanian, and
Winkler 2016) sampling strategy to ensure category balance and diversity. Prompts are further divided into elements, and
corresponding questions are generated. We also use various T2I models to generate images. (b) During data annotation, we label
the fine-grained alignment levels of image-text pairs, structural problems of the generated images, and some extra information.
For annotated data with large differences in overall alignment scores, we perform re-annotation to ensure the reliability of
the benchmark. (c) Leveraging annotated data, we propose FGA-BLIP2 for fine-grained alignment evaluation, which is more
efficient compared to using Large Multimodal Models (LMMs) for visual question answering.

grained evaluation methods, these benchmarks still average
the scores into a single overall score for comparison, lacking
a detailed assessment of fine-grained evaluation capabilities.
EvalMuse-40K adopts a new prompt collection process to
ensure diversity and balance. Additionally, it provides large-
scale human annotations on both overall and fine-grained as-
pects of image-text alignment, allowing deeper analysis of
how well evaluation metrics align with human preference.

Automated Metrics for Image-Text Alignment. Early
metrics such as FID (Heusel et al. 2017), IS (Salimans
et al. 2016), and LPIPS (Zhang et al. 2018) focus on
image quality or distribution similarity but fail to assess
image-text alignment. Recent works primarily adopt CLIP-
Score (Hessel et al. 2021) (measuring text-image feature
cosine similarity) and BLIP2Score (leveraging BLIP2’s (Li
et al. 2023b) strong performance) as alignment metrics.
Human preference models (e.g., ImageReward (Xu et al.
2023), PickScore (Kirstain et al. 2023), HPSv2 (Wu et al.
2023)) fine-tune vision-language models like CLIP on large-
scale human ratings, but their reliance on side-by-side image
comparisons hinders accurate alignment scoring and fine-
grained evaluation. For fine-grained tasks, TIFA (Hu et al.
2023), VQ2 (Yarom et al. 2023), and Gecko (Wiles et al.
2024) split prompts into elements and use VQA models for
evaluation, which increases the evaluation time of image-
text pairs.. To address these limitations, we directly predict
both overall and fine-grained alignment scores via a vision-
language model, achieving one-step output of the overall and
fine-grained element scores.
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EvalMuse-40K Benchmark

In this section, we detail EvalMuse-40K, a reliable and fine-
grained benchmark with comprehensive human annotations
for T2I evaluation. We present the overview construction of
EvalMuse-40K in Fig. 1. In the construction process, we em-
ploy various strategies to ensure the diversity and reliability
of our benchmark. Next, we introduce the construction pro-
cess of EvalMuse-40K from two aspects: data construction
and data annotation followed by a statistical analysis.

Data Construction

To better evaluate the T2I task, we collect 2K real prompts
for broader category coverage and 2K synthetic prompts for
specific skills. Below, we outline the process of collecting
real and synthetic prompts, generating images, and perform-
ing element splitting and question generation.

Real Prompts Collection. Prompts in current benchmark
typically belong to a single category, but real user prompts
are often more complex, involving multiple attributes such
as quantity and color. However, existing benchmarks usu-
ally label such complex prompts uniformly with tags like
”complex”, resulting in an unbalanced distribution of these
complex prompts. Prompts in current benchmarks (Hu et al.
2023; Cho et al. 2024) are typically imbalanced across cate-
gories, even when Gecko (Wiles et al. 2024) assigns higher
sampling weights to under-represented skills during resam-
pling. To address the above issues, we collect a large num-
ber of prompts to ensure sufficient quantities across different
categories and design a comprehensive categorization sys-
tem. Each prompt is classified across three dimensions: sub-
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Figure 2: Statistical Charts. (a) Distribution of annotated alignment scores in real prompt samples and synthetic prompt samples.
(b) Distribution of maximum score differences between different annotators for the same image-text pair. (c) Distribution of
element counts and scores across different skills in fine-grained annotations.

ject category, logical relationship, and image style. All di-
mensions allow multiple labels, with logical relationship and
image style including a “None” label. To better capture the
semantic characteristics of prompts, we added a fourth di-
mension by calculating BERT (Kenton and Toutanova 2019)
embeddings and clustering prompts based on their semantic
features. Then using the MILP strategy to sample the data
ensures uniformity of each category across the four dimen-
sions.

Specifically, we first randomly sample 100K prompts
from DiffusionDB (Wang et al. 2023b), and then use GPT-
4 (Achiam et al. 2023) to label each prompt across the
three dimensions mentioned above. The three dimensions
cover 24 categories, including most common types. Spe-
cific classifications and examples are in the supplementary
materials. We then calculate the semantic features using
BERT and cluster them into seven categories using the K-
means algorithm. Finally, we employ the MILP strategy to
sample 2,000 prompts according to a specific distribution
D = {D,}M_,, where D,, € RHm represents the dis-
tribution ratio of each category in the m-th dimension of
the sampled data and H,, denotes the total number of cat-
egories in dimension m. Our optimization goal is to set
D,, = R,,/Hp,,, where R,, represents the average num-
ber of categories per prompt in dimension m. Compared
to (Vonikakis, Subramanian, and Winkler 2016), by setting
R,,, we allow each dimension to have multiple category la-
bels. The specific sampling strategy and the distribution of
the sampled data are shown in the supplementary material.

Synthetic Prompts for Various Skills. To evaluate gen-
erative models comprehensively, we use GPT-4 with spe-
cific templates and a rich corpus to generate 2K synthetic
prompts, divided into six categories: Object Count; Object
Color and Material; Environment and Time Setting; Ob-
ject Activity and Perspective Attributes; Text Rendering; and
Spatial Composition Attributes, with different templates for
each. Details are in the supplementary material.

Images Generation. To ensure image diversity, we select
20 diffusion-based generative models (given diffusion mod-
els’ strong performance), classified into four groups: basic
stable diffusion models; advanced open-source models; ef-
ficient models; and proprietary models. For each prompt, a
subset of models is randomly sampled for image generation
with default parameters, resulting in 40K image-text pairs
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from 4K prompts, ensuring a diverse dataset for annotation.

Element Splitting and Question Generation. For fine-
grained annotation and evaluation, we split 4K collected
prompts into fine-grained elements (unlike word-level an-
notation in RichHF and Gecko). In addition, categorizing
each element allows us to examine the model’s capabilities
in various aspects at a fine-grained level. We then generate
yes/no judgment questions, enhancing controllability and in-
terpretability. Generated questions are filtered to ensure each
element has a corresponding one, with templates in the sup-
plementary material.

Data Annotation

In this section, we describe how we perform the data anno-
tation. We first define the content and templates of the anno-
tations and then detail the entire annotation process.

Annotation Content and Templates. The annotation in-
cludes image-text alignment, structural problems, and ex-
tra information (see Fig. 1(b)). In terms of image-text align-
ment, annotators score the alignment using a 5-point Likert
scale and label whether fine-grained elements in the prompt
are aligned with the image. Structural issues in generated
images are marked and categorized into humans, animals,
and objects, with human figures further subdivided by re-
gions like face, hands, and limbs. To address potential in-
accuracies, we introduce a splitting confidence label to flag
incorrect element splitting by GPT-4. Moreover, we add a
label to indicate whether a prompt is meaningful, especially
for prompts originating from real users that may contain un-
clear meanings.

Annotation Process. To improve annotation quality, our
process has three stages. 1) Pre-annotation: We train an-
notators using clear standards and a small pre-annotation
dataset, then refine evaluation criteria based on review feed-
back. 2) Formal annotation: During formal annotation, each
image-text pair is labeled by three annotators, with an ad-
ditional annotator assigned for quality control. Annotators
also identify and flag any NSFW content in the generated
images. 3) Re-annotation: For image-text pairs where align-
ment scores from the three annotators show significant dis-
crepancies (range > 2), we conduct re-annotation to reduce
subjective bias. Ultimately, each pair is annotated by 3 to 6
annotators, and the average score is used as the final label.



Data Statistics and Reliability Analysis

We statistics the image-text alignment scores from annota-
tions and the histogram of the alignment scores is shown
in Fig. 2a. The alignment scores are distributed across all
ranges, with a higher concentration in the middle range. This
distribution provides a sufficient number of both positive and
negative samples, enabling a robust evaluation of the consis-
tency between existing image alignment metrics and human
preferences and facilitating the training of a scoring model
aligned with human preferences.

To analyze annotator agreement on scoring data, we cal-
culate the maximum score difference for each image-text
pair and plot it as a histogram in Fig. 2b. 75% samples show
a score difference < 2. For score differences > 2, we obtain
double annotations (from 3 to 6) by re-annotating, further
reducing the inter-annotator disagreement.

For fine-grained annotation ,we conduct statistics on the
quantity and alignment scores of elements by category. As
shown in Fig. 2c¢, the overall alignment scores for most cat-
egories are around 50%, ensuring a balanced distribution
of positive and negative samples. Additionally, the images
generated by T2I models exhibit relatively poor consistency
with the text in aspects of counting, shape, and activity.

Methods for Alignment Evaluation

Existing fine-grained image-text alignment evaluation meth-
ods predominantly rely on element-wise prompt decompo-
sition and question generation, requiring multiple rounds of
visual question answering (VQA) via Multi-Modal Large
Language Models (MLLMs) for each element in the image-
text pair. This iterative VQA process leads to substantial
computational overhead when conducting comprehensive
fine-grained evaluation for a single image-text pair. To ad-
dress this inefficiency, we propose a novel fine-grained eval-
uation method termed FGA-BLIP2, which enables one-step
inference to simultaneously output both the overall align-
ment score of the image-text pair and the fine-grained align-
ment scores for each token in the text.

A straightforward approach to achieving fine-grained
evaluation using Vision-Language pre-training Models
(VLMs) is to adopt the Image-Text Contrastive (ITC) learn-
ing setup from models like CLIP or BLIP2. After aligning
image and text features, cosine similarity calculations be-
tween image features and features of specific tokens from
text and are directly used to obtain fine-grained alignment
scores. However, this method fails to fuse image and text
features, making it difficult to output more accurate align-
ment scores. Thus, in our FGA-BLIP2, we leverage cross-
attention operation to fuse image information into text fea-
tures, ensuring that the text features are enriched with vi-
sual details from the image. Based on the positions of el-
ements in the text, we extract the features of specific ele-
ments. By feeding these position-specific, image-fused el-
ements features into the classification head, we can accu-
rately output fine-grained alignment scores for each specific
element, thereby achieving fine-grained evaluation.

Specifically,, we adopt the setting of Image-Text Match-
ing (ITM) in BLIP2 (Li et al. 2023b), where the query and
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overall and element scores, respectively; Lo represents the
overall alignment score loss, L¢s is the element alignment
score loss, and Ly, is the loss for predicting valid elements.
FGA-BLIP2 jointly optimizes these losses to achieve fine-
grained evaluation.

text after embedding are concatenated and then employed
self-attention to aggregate the information. After that, these
embeddings are processed through cross-attention with the
image and yields query embedding and text embedding out-
puts. The final alignment score is obtained by a two-class
linear classifier, where the query part is averaged to produce
the overall alignment score, while the text part at each cor-
responding position provides the element-specific alignment
scores. Since not all tokens in the text are highly relevant to
the alignment task, we introduce an additional operation to
predict valid tokens. The text is first fed to a self-attention
layer to extract text features, which then are passed to an
MLP to predict a mask that represents the validity of each
text token. In summary, when given an image-text pair as
input, FGA-BLIP2 not only outputs an overall alignment
score (0s) but also provides element-level alignment scores
(es) and generates a mask to judge the validity of text to-
kens.

We observe that some prompts in the dataset are either
too simple or overly complex, resulting in minimal differ-
ences in alignment scores across images generated by dif-
ferent models. Such data may lead the evaluation model to
focus more on prompt complexity than on the actual align-
ment level of the image-text pairs during training. We there-
fore design a variance-weighted optimization strategy for
the image-text alignment task. We calculate the variance
o(p) of the alignment scores across different images gen-
erated using the same prompt and use this to adjust the loss
weights of different prompts during training.

The final loss objective function is as follows:

Liotar = ea(p)

: (Los + >\Les + 7)Lmask)7 (1)

where weighting parameters are setto A = 1 and n = 0.1.
L,s denotes the L1 loss between the predicted overall align-
ment score and human annotation. L., denotes the L1 loss



| EvalMuse-40K (ours) | TIFA \ AIGCIQA [ AGIQA3K | CompBench
Method SRCC PLCC SRCC PLCC | SRCC PLCC | SRCC PLCC | SRCC PLCC
& CLIPScore (Hessel et al. 2021) 02993 02933 | 03003 03086 | 0.2337 0.6839 | 05972 0.6839 | 0.2044 0.1944
& BLIPy2Score (Hessel et al. 2021) 03583 03348 | 0.4287 04543 | 03784 0.2576 | 0.6230 0.7380 | 0.3967 0.3940
¢ ImageReward (Xu et al. 2023) 04655  0.4585 | 0.6211 0.6336 | 0.5870 0.5911 | 0.7298 0.7298 | 0.4367 0.4307
¢ PickScore (Kirstain et al. 2023) 04399 04328 | 0.4279 04342 | 0.5045 0.4998 | 0.6977 0.7633 | 0.1115 0.0955
& HPSV2 (Wu et al. 2023) 03745 03657 | 03647 03804 | 0.6068 0.5989 | 0.6349 0.7000 | 0.2844 0.2761
& VQAScore (Li et al. 2024b) 04877 04841 | 0.6951 0.6585 | 0.6394 0.5869 | 0.6273 0.6677 | 0.5832 0.5328
& TnternVL2.5 (1B) (Chen et al. 2024) | 0.3489 03456 | 0.5765 0.5681 | 0.5383 0.5308 | 0.5568 0.5858 | 0.4960 0.4756
& InternVL2.5 (2B) (Chen et al. 2024) | 0.4392 04347 | 0.6210 0.6262 | 0.5346  0.5307 | 0.5480 0.6159 | 0.5194 0.5011
& InternVL2.5 (4B) (Chen et al. 2024) | 0.4249 04347 | 0.6746 0.6744 | 0.5587 0.5628 | 0.6797 0.7232 | 0.4004 0.4554
& InternVL2.5 (8B) (Chen et al. 2024) | 0.5057 04659 | 07141  0.7012 | 0.5682 0.5655 | 0.7171 0.7885 | 0.5034 0.5196
& LLaVA-NeXT (8B) (Lietal. 2024c) | 0.4554 04732 | 0.6045 0.6244 | 0.5046 0.5254 | 0.6797 0.6877 | 0.5001 0.5333
& InternVL2 (8B) (Chen et al. 2024) | 0.4165 04014 | 0.5717 0.5817 | 04681 04309 | 0.6332 0.7006 | 0.4960 0.5272
& Qwen2-VL (7B) (Wang etal. 2024) | 04715 0.4417 | 0.6391 0.6672 | 0.6263 0.5646 | 0.6920 0.7815 | 0.4776 0.4872
& TnternVL2.5% (1B) (Chen et al. 2024) | 07679 0.7588 | 0.7296 _0.7154 | 0.6590 0.6474 | 0.7338 0.8024 | 05713 0.5545
& InternVL2* (2B) (Chen et al. 2024) | 0.7591 07507 | 0.7109 0.7034 | 0.6227 0.6166 | 0.7538 0.8427 | 0.5611 0.5641
& InternVL2.5% (2B) (Chen et al. 2024) | 07712 07594 | 0.7285 0.6810 | 0.6840  0.6736 | 0.7651  0.8429 | 0.5757 0.5622
& Qwen2.5-VL* 3B) (Baietal. 2025) | 0.7710  0.7624 | 07311  0.7273 | 0.6541 0.6568 | 0.7706 0.8427 | 0.5995 0.5813
FGA-BLIP2 (1B) (Ours) 0.7780 07727 | 07577 0.7523 | 0.7257 0.7172 | 0.7713 0.8668 | 0.6164  0.6063

Table 2: Quantitative comparison between our methods and the state-of-the-art methods which output overall alignment score
on multiple benchmarks. <) vision-language pre-training models, & LMM-based models. *Refers to finetuned models.

between the predicted element score and human fine-grained
annotation. L,, sk denotes the L1 loss between the predicted
valid text token and the real elements.

To our knowledge, few existing Vision-Language Pre-
trained Models (VLMs) are used for fine-grained alignment
evaluation, as they typically only consider overall prompt-
image consistency during pre-training, neglecting the con-
sistency of fine-grained elements within prompts. Bene-
fiting from the extensive fine-grained annotation data in
EvalMuse-40K, our proposed FGA-BLIP2 fine-tunes exist-
ing VLMs, significantly enhancing their fine-grained eval-
uation capabilities. Meanwhile, compared to LMM-based
methods, FGA-BLIP2 eliminates the need for element-
wise decomposition of prompts and multiple rounds of
visual question answering, thereby improving the effi-
ciency of fine-grained evaluation. Additionally, FGA-BLIP2
achieves favorable performance when compared to LMM-
based methods with the same scale of parameters.

Experiments
Experimental Setup

Datasets. We use one-quarter of the samples from
EvalMuse-40K as test set, ensuring no overlap in prompts
between the training and test sets. The test set includes 500
real prompts and 500 synthetic prompts. We train FGA-
BLIP2 and other methods on the training set and then test
all evaluation methods on the test set.

Training Settings. We initialize FGA-BLIP2 using BLIP-
2 (Li et al. 2023Db) fine-tuned on COCO (Lin et al. 2014). We
train it for 5 epochs on an A100 GPU with a max learning
rate of 1e~® and a min learning rate of 0, following BLIP-2’s
setup. For LMM-based models, we transform both holistic
alignment evaluation and fine-grained alignment evaluation
into visual question answering (VQA) formats, and perform
fine-tuning via LoRA (Hu et al. 2022). For different LMM-
based models, we use the same set of questions.
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Evaluation Settings. To evaluate the correlation between
predicted alignment scores and annotated scores, we em-
ploy two metrics: Spearman’s Rank Correlation Coeffi-
cient (SRCC) and Pearson’s Linear Correlation Coefficient
(PLCC). For assessing the performance of fine-grained
methods, we use F1-Score and Accuracy (ACC) to mea-
sure the accuracy of each fine-grained element. Additionally,
SRCC is utilized to quantify the correlation between the av-
erage score of fine-grained elements for each image-text pair
and the annotated alignment score.

Overall Alignment Evaluation

In Tab. 2, we report the results of FGA-BLIP2, along
with existing VLM-based and LLM-based methods, on our
EvalMuse-40K and four other benchmarks that contain an-
notated image-text overall alignment scores for generative
models, namely TIFA (Hu et al. 2023), AIGCIQA (Wang
et al. 2023a), AGIQA3K (Li et al. 2023a), and Comp-
Bench (Huang et al. 2023). It can be observed that FGA-
BLIP2 achieves superior performance across all datasets.
Additionally, we find that for LLM-based methods, as the
number of model parameters increases, their performance
on multiple datasets improves. Meanwhile, using EvalMuse-
40K, we fine-tuned some LLM-based models with simi-
lar numbers of parameters to FGA-BLIP2. It is evident
that compared to the original model, the fine-tuned version
achieves significant performance gains across all bench-
marks. Notably, prompts in EvalMuse-40K don’t overlap
with other benchmarks. This good generalization demon-
strates the balance and diversity of our sampled prompts and
the reliability of our annotation data.

Fine-Grained Evaluation

Current fine-grained evaluation methods for image-text
alignment primarily rely on LLM-based models to perform
visual question answering (VQA) for each element in an
image-text pair. They then derive alignment scores from the



] ] Overall | Real | Synth
Method Time Complexity
SRCC F1 ACC | SRCC F1 ACC | SRCC F1 ACC

Blipv2Score (ITC) (Li et al. 2023b) o(1) 0.3666 0.7417 0.6163 | 0.3547 0.7480 0.6197 | 0.4000 0.7209 0.6059
InternVL2.5 (1B) (Chen et al. 2024) o(n) 0.3937 0.7221 0.6381 | 0.3597 0.7221 0.6307 | 0.4659 0.7220 0.6609
InternVL2.5 (2B) (Chen et al. 2024) o(n) 0.3916 0.7220 0.6373 | 0.3307 0.7222 0.6284 | 0.5287 0.7210 0.6649
InternVL2.5 (4B) (Chen et al. 2024) o(n) 0.4182 0.7366 0.6589 | 0.3733 0.7335 0.6467 | 0.5187 0.7470 0.6964
InternVL2.5 (8B) (Chen et al. 2024) o(n) 0.4702 0.7377 0.6668 | 0.4249 0.7384 0.6595 | 0.5727 0.7357 0.6890
LLaVA-NeXT (8B) (Li et al. 2024c) o(n) 0.4842 0.7478 0.6669 | 0.4413 0.7513 0.6659 | 0.5673 0.7359 0.6702
Qwen2-VL (7B) (Wang et al. 2024) o(n) 0.4473 0.7495 0.6621 | 0.3768 0.7506 0.6565 | 0.5885 0.7458 0.6793
Qwen2.5-VL (7B) (Bai et al. 2025) o(n) 0.5159 0.7399 0.6817 | 0.4643 0.7369 0.6711 | 0.6143 0.7500 0.7143
Ovis2 (8B) (Lu et al. 2024) o(n) 0.4276  0.7550 0.6669 | 0.3879 0.7560 0.6624 | 0.5084 0.7519 0.6809
InternVL2 (8B) (Chen et al. 2024) o(n) 0.4301 0.7210 0.6474 | 0.3783 0.7220 0.6409 | 0.5447 0.7174 0.6672
InternVL2.5% (1B) (Chen et al. 2024) o(n) 0.6164 0.8080 0.7626 | 0.6166 0.8053 0.7537 | 0.6082 0.8172 0.7900
InternVL2* (2B) (Chen et al. 2024) o(n) 0.6246  0.7477 0.7664 | 0.6087 0.7328 0.7563 | 0.6501 0.7896 0.7973
InternVL2.5% (2B) (Chen et al. 2024) o(n) 0.6190 0.8093 0.7642 | 0.6154 0.8051 0.7538 | 0.6180 0.8236 0.7962
Qwen2.5-VL* (3B) (Chen et al. 2024) o(n) 0.6503 0.8128 0.7689 | 0.6402 0.8089 0.7591 | 0.6646 0.8257 0.7992
Blipv2Score* (ITC) (Li et al. 2023b) o(1) 0.5593 0.7751 0.7164 | 0.5328 0.7768 0.7127 | 0.5968 0.7693  0.7277
FGA-BLIP2 (1B) (Ours) o(1) 0.6876 0.8190 0.7699 | 0.6355 0.8162 0.7598 | 0.7767 0.8287 0.8008

Table 3: Quantitative comparison between FGA-BLIP2 and other methods for fine-grained evaluation on EvalMuse-40K. Time
complexity denotes the number of times required to perform a complete fine-grained evaluation on an image-text pair, where
n is the number of fine-grained elements in the prompt. Here, SRCC represents the correlation between the average of fine-
grained evaluation scores in the image-text pair and the overall annotated alignment score.

. TIFA AGIQA3K
Setting SRCC PLCC KRCC | PLCC SRCC KRCC
cs.avg, womask | 0.630 0.621 0464 | 0545 0591  0.386
es.avg, with mask 0717 0711  0.553 | 0.612  0.664  0.436
os, wlo var [0751 0742 058 | 0760 0864 0.581
os, with var 0754 0.748 0589 | 0771 0.865  0.583

Table 4: Ablation study for FGA-BLIP2.

answers and calculate the correlation between these scores
and the overall annotated scores. However, due to limitations
in annotation data, these methods cannot directly measure
the accuracy of each VQA response from LLM-based mod-
els. Benefiting from fine-grained annotation in EvalMuse-
40K, we are able to evaluate the VQA capabilities of LLM-
based models. We also report the fine-grained evaluation
performance of the ITC setting in BLIP2.

From Tab. 3, the results show that, when compared to
LLM-based methods with a comparable number of param-
eters, FGA-BLIP2 achieves superior performance in fine-
grained alignment evaluation. Furthermore, as it eliminates
the need for multiple rounds of visual question answering,
FGA-BLIP2 enables more efficient fine-grained assessment.

Ablation Study

The ablation study for FGA-BLIP2 is shown in Tab. 4. When
evaluating using the overall alignment scores (0s) output by
FGA-BLIP2, our model achieves better correlation across
four datasets compared to the method without the variance
optimization strategy (w/o var). We also report the fine-
grained element scores (es) output by FGA-BLIP2 and take
the average (avg) as the image-text alignment score for eval-
uating the model’s performance on the datasets. Averaging
valid tokens with masks during output can significantly en-
hance the performance of fine-grained evaluation.
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Reward Model ImageReward PickScore Qwen2.5-VL (8B) InternVL2.5 (8B)
None 0.036 0.2211 56.07 51.26
Blipv2Score 1.321 0.2264 7191 70.09
LLlaVA-Bert 1.541 0.2234 78.58 78.18
FGA-BLIP2 1.643 0.2375 81.42 81.55

Table 5: Using the DDPO setting optimized for image-text
alignment, with Stable Diffusion v1.4 as the baseline.

Application as A Reward Model

We applied FGA-BLIP2 as a reward model to the
DDPO (Black et al. 2024) algorithm (see Fig. ?? and Tab. 5).
Compared with the original SD 1.4 (Luo et al. 2023) and the
LLaVA-Bert method used in DDPO for optimizing image-
text alignment, using FGA-BLIP2 achieved favorable results
in multiple metrics.

Conclusion

In this work, we contribute EvalMuse-40K, which contains
a large number of manually annotated alignment scores and
fine-grained element scores, enabling a comprehensive eval-
uation of the correlation between automated metrics and hu-
man judgments in image-text alignment-related tasks. We
also propose FGA-BLIP2, an efficient fine-grained align-
ment evaluation method. Unlike LLM-based approaches
needing multiple VQA rounds, it does overall and fine-
grained alignment evaluation in one pass by joint fine-
tuning. Extensive experiments demonstrate that FGA-BLIP2
achieves state-of-the-art performance on EvalMuse-40K and
manifests strong zero-shot generalization ability on the other
benchmarks.
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