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Abstract

This paper reports on the NTIRE 2025 challenge on Text
to Image (T2I) generation model quality assessment, which
will be held in conjunction with the New Trends in Im-
age Restoration and Enhancement Workshop (NTIRE) at
CVPR 2025. The aim of this challenge is to address the
fine-grained quality assessment of text-to-image generation
models. This challenge evaluates text-to-image models from
two aspects: image-text alignment and image structural dis-
tortion detection, and is divided into the alignment track
and the structural track. The alignment track uses the
EvalMuse-40K, which contains around 40K AI-Generated
Images (AIGIs) generated by 20 popular generative mod-
els. The alignment track has a total of 371 registered par-
ticipants. A total of 1,883 submissions are received in the
development phase, and 507 submissions are received in

*The organizers of the NTIRE 2025 challenge on Text to Image Gener-

ation Model Quality Assessment.

The NTIRE 2025 website: https://cvlai.net/ntire/2025/.

the test phase. Finally, 12 participating teams submitted
their models and fact sheets. The structure track uses the
EvalMuse-Structure, which contains 10,000 AI-Generated
Images (AIGIs) with corresponding structural distortion
mask. A total of 211 participants have registered in the
structure track. A total of 1155 submissions are received in
the development phase, and 487 submissions are received in
the test phase. Finally, 8 participating teams submitted their
models and fact sheets. Almost all methods have achieved
better results than baseline methods, and the winning meth-
ods in both tracks have demonstrated superior prediction
performance on T2I model quality assessment.

1. Introduction

With the rapid development of generative models, ad-

vanced text-to-image (T2I) models are capable of gener-

ating many impressive images. However, these generated

images still face challenges in terms of alignment with the

text and structural fidelity. Currently, widely used bench-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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marks [27, 28, 52, 75] and methods [47, 58, 73, 74] for eval-

uating the quality of generated images primarily focus on

annotating and predicting image quality using Mean Opin-

ion Scores (MOS). To provide a more comprehensive evalu-

ation, certain benchmarks, such as AIGCIAQ2023 [52], as-

sess images across multiple dimensions, including quality,

authenticity and correspondence. For images with low text

alignment scores, it is often difficult to identify which ele-

ments of the text are not reflected in the generated images.

Similarly, for images with low authenticity scores, pinpoint-

ing specific locations of structural distortion within the im-

age remains challenging. Thus, developing more effective

methods for assessing image-text alignment and detecting

structural degradation in generated images is important.

This NTIRE 2025 Text to Image Generation Model

Quality Assessment Challenge aims to promote the de-

velopment of the methods for predicting quality scores of

generated images while enabling fine-grained evaluation,

thereby guiding the performance improvement of gener-

ative models. This challenge is divided into the align-

ment track and structure track. For alignment track, we

use EvalMuse-40K [17], which consists of around 40K

image-text pairs with fine-grained alignment annotations.

For structure track, we construct a new dataset called

EvalMuse-Structure, which includes 10K generated images.

Each image is provided with a structure score about image

authenticity as well as a corresponding structural annota-

tion mask that indicates whether structural distortions occur

at specific locations within the image.

This is the first time that a fine-grained generated im-

age quality assessment challenge has been held at NTIRE

workshop. The challenge has a total 582 registered partic-

ipants, 371 in the alignment track and 211 in the structure

track. A total of 3038 submissions were received in the

development phase, while 994 prediction results were sub-

mitted during the final test phase. Finally, 16 valid partic-

ipating teams in the image track and 12 valid participating

teams in the video track submitted their final models and

fact sheets. They have provided detailed introductions to

their IQA methods for fine-grained alignment and structural

evaluation. We provide detailed results of the challenge in

Section 4, and describe the specific methods used by the

participating teams in Section 5. We hope that this chal-

lenge can promote the development of fine-grained quality

evaluation for generated images and guide improvements in

T2I models, particularly in terms of image-text alignment

and structural fidelity.

This challenge is one of the NTIRE 2025 1 Work-

shop associated challenges on: ambient lighting normaliza-

tion [50], reflection removal in the wild [66], shadow re-

moval [49], event-based image deblurring [45], image de-

noising [46], XGC quality assessment [37], UGC video en-

1https://www.cvlai.net/ntire/2025/

hancement [44], night photography rendering [13], image

super-resolution (x4) [8], real-world face restoration [10],

efficient super-resolution [42], HR depth estimation [72],

efficient burst HDR and restoration [24], cross-domain few-

shot object detection [15], short-form UGC video quality

assessment and enhancement [32, 33], text to image gen-

eration model quality assessment [18], day and night rain-

drop removal for dual-focused images [31], video quality

assessment for video conferencing [22], low light image

enhancement [38], light field super-resolution [53], restore

any image model (RAIM) in the wild [34], raw restoration

and super-resolution [11] and raw reconstruction from RGB

on smartphones [12].

2. Related Work

2.1. AIGI dataset
In recent years, several AI-Generated Images (AIGI)

datasets have been proposed. Benefiting from the suc-

cess of Stable Diffusion [19], DiffusionDB [55] has col-

lected 14 million images generated by Stable Diffusion

based on prompts and hyperparameters provided by real

users. HPS [59] and Pick-A-Pic [23] collect a large num-

ber of side-by-side image comparisons to evaluate the qual-

ity of the generated images. AGIQA-1K [75], AGIQA-

3K [27], AIGCIQA2023 [52] and AIGIQA-20K [28] anno-

tate the quality of the generated images with scores and get

MOSs to assess the quality of the generated images. GenAI-

Bench [25] provides score-based annotations to evaluate the

alignment between generated images and text for overall

image-text alignment. Gecko [56] and RichHF [35] en-

able fine-grained evaluation by annotating the inconsistent

words in the text relative to the generated images. Addi-

tionally, RichHF employs point annotations on the gener-

ated images to highlight regions of distortion. In this chal-

lenge, we utilize EvalMuse-40K [17] for image-text align-

ment evaluation, which splits the text in each image-text

pair and performs element-level annotations. Meanwhile,

we use EvalMuse-Structure to assess the structural fidelity

of generated images, which annotates structural distortions

in the images using bounding boxes.

2.2. IQA method
Traditional IQA methods [47, 73, 74] focus on various

image distortions such as noise, blur and semantic con-

tent. For generated images, consistency with the used

text is considered as an important part of generated im-

ages quality evaluation. HPS [59] and PickScore [23]

leverage the CLIP [41] model to simulate human prefer-

ences for generated images. ImageReward [63] and FGA-

BLIP2 [17] employ BLIP-based [29, 30] architectures to

predict scores. ”With the advancement of Multi-modal

Large Language Models (MLLMs), VQAScore [36] and Q-
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Align [58] evaluate image-text alignment and the quality of

generated images by employing visual question answering

on MLLMs. For fine-grained image-text alignment eval-

uation, TIFA [21] and Gecko [56] generate specific ques-

tions targeting different elements in the text to evaluate

the fine-grained alignment capabilities of the generated im-

ages. RAHF model [35] performs fine-grained alignment

evaluation by identifying inconsistent words and predicts

heatmaps to assess structural distortions.

3. NTIRE 2025 challenge on Text to Image
Generation Model Quality Assessment

This NTIRE 2025 Challenge on Text to Image Genera-

tion Model Quality Assessment is organized to improve

the fined-grained quality assessment of generated images.

The main goal of this challenge is to achieve fine-grained

alignment evaluation by predicting the alignment scores of

elements and fine-grained structural evaluation by predict-

ing structural distortion masks. To accomplish these goals,

the challenge is divided into alignment track and structure

track. The details of the whole challenge are described in

the following parts, including datasets, evaluation protocol

and challenge phases.

3.1. Datasets
In the alignment track, we use the EvalMuse-40K [17]

dataset for training and validation. This dataset consists

of around 40K image-text pairs with fine-grained align-

ment annotations, including 2K real prompts and 2K syn-

thetic prompts. Real prompts are selected using an Mixed

Integer Linear Programming (MILP) sampling strategy to

ensure diversity and category balance. Synthetic prompts

are generated by GPT-4 based on predefined templates tar-

geting specific aspects such as quantity and spatial rela-

tionships. Furthermore, prompts are split into elements to

achieve fine-grained annotations. During annotation, anno-

tators provide an overall alignment score for each image-

text pair and verify whether the split elements are repre-

sented in the generated images. Each pair is annotated by

three annotators, and pairs with significant disagreements in

alignment scores are re-annotated. During the testing phase,

additional image-text pairs are introduced and annotated us-

ing the same process, which are then combined with a por-

tion of the validation set as test dataset.

In the structure track, we create a new dataset,

EvalMuse-Structure, for training, validation, and testing.

This dataset includes 12K generated images with fine-

grained structural annotations, of which 10K are used for

training, 1K for validation, and 1K for testing. For each

generated image, annotators provide structural scores and

use bounding boxes to annotate regions with structural dis-

tortions. Each image is annotated by three annotators, and

for fine-grained annotations, structural distortion masks are

derived from the overlapping distorted regions identified by

at least two annotators.

3.2. Evaluation protocol
In both tracks, the main scores are utilized to determine the

rankings of participating teams. We evaluate the alignment

scores and structure scores predicted by the model in both

tracks using Spearman Rank-order Correlation Coefficient

(SRCC) and Person Linear Correlation Coefficient (PLCC).

SRCC measures the prediction monotonicity, while PLCC

measures the prediction accuracy. Better IQA methods

should have larger SRCC and PLCC values. Before calcu-

lating PLCC index, we perform the third-order polynomial

nonlinear regression.

In the alignment track, we use the accuracy (ACC) of the

model in determining whether elements in the prompt are

presented in the generated image to measure the model’s

fine-grained alignment evaluation capability. The primary

score computation method for the alignment track is as fol-

lows:

Main Score = 0.5 ∗ACC+0.25 ∗ (SRCC+PLCC) (1)

In the structure track, we evaluate the model’s fine-

grained structural assessment capability using the F1 Score

computed between the model-predicted structural distortion

mask and the human-annotated structural distortion mask.

The primary score computation method for the structure

track is as follows:

Main Score = 0.7 ∗ F1 + 0.15 ∗ (SRCC + PLCC) (2)

3.3. challenge phases
Both tracks consist of two phases: the development phase

and the testing phase.

Development phase: In this phase, participants have ac-

cess to the training dataset, which contains generated im-

ages, corresponding prompts, and relevant annotations. Par-

ticipants can learn about the structure of the dataset and

develop their own methods. We also release a validation

dataset that includes generated images and their correspond-

ing prompts but lacks annotations. Participants can use their

methods to predict annotations for the validation dataset and

upload the results to the server. Immediate feedback is pro-

vided, enabling participants to analyze the effectiveness of

their methods on the validation set. The validation leader-

board is available.

Testing phase: In this phase, participants have access to

the test dataset that contains generated images with the cor-

responding prompts, but without annotations. Participants

need to upload the final predicted annotations of the test set

before the challenge deadline. The leaderboard is not avail-

able at this stage and participants can only see their own

scores. At the same time, each team is required to submit
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Table 1. Quantitative results for NTIRE 2025 challenge on Text to Image Generation Model Quality Assessment: Track 1 Alignment.

Rank Team Leader Main Score SRCC PLCC ACC

1 IH-VQA Jianhui Sun 0.8551 0.8249 0.8485 0.8734

2 Evalthon Zijian Zhang 0.8426 0.8002 0.8321 0.8691

3 HCMUS Trong-Hieu Nguyen-Mau 0.8381 0.8101 0.8306 0.8559

4 MICV Jun Lan 0.8221 0.7864 0.8050 0.8485

5 SJTU-MMLab Zhichao Zhang 0.8158 0.7729 0.8029 0.8438

6 SJTUMM Zitong Xu 0.8062 0.7563 0.7993 0.8346

7 WT Zichuan Wang 0.7913 0.7413 0.7740 0.8249

8 YAG Fengbin Guan 0.7777 0.7143 0.7456 0.8255

9 SPRank Minhao Lin 0.7604 0.6899 0.7280 0.8119

10 AIIG Xuanxuan He 0.7386 0.6574 0.7073 0.7949

11 Joe1007 Bo-Cheng, Qiu 0.7359 0.6572 0.7041 0.7912

12 iCOST Bo Yu 0.7350 0.6630 0.7040 0.7865

Baseline FGA-BLIP2 [17] 0.7256 0.6491 0.6947 0.7792

Table 2. Quantitative results for NTIRE 2025 challenge on Text to Image Generation Model Quality Assessment: Track 2 Structure.

Rank Team Leader Main Score F1 Score SRCC PLCC

1 HNU-VPAI Zhiyu Wang 0.6927 0.6938 0.6716 0.7085

2 OPDAI Shuai He 0.6839 0.6709 0.6911 0.7374

3 MICV Jun Lan 0.6832 0.6764 0.6735 0.7250

4 out of memory Qiao Zhishan 0.6796 0.6652 0.6916 0.7352

5 I2 Group Zewen Chen 0.6716 0.6601 0.6731 0.7239

6 Brute Force Wins Zeming Liu 0.6674 0.6590 0.6644 0.7095

7 Wecan EvalAIG Jun Luo 0.6649 0.6535 0.6661 0.7165

8 Tenryu Babu Junfeng Yang 0.6161 0.5944 0.6423 0.6910

Baseline RAHF model [35] 0.6065 0.6021 0.5893 0.6444

source code/executable files and a fact sheet containing a

detailed description of the proposed methodology and cor-

responding team information. The final results and rankings

are then sent to the participants.

4. Challenge Results
In this challenge, 12 teams in the alignment track and

8 teams in the structure track have submitted their final

code/executables and fact sheets. Tab. 1 and 2 summarize

the key results and important information for the 20 valid

teams. These methods are briefly described in Section 5

and the team members are listed in Appendix B and C.

In the alignment track, FGA-BLIP2 is used as the base-

line, while RAHF model serves as the baseline for the

structure track. Tab. 1 and 2 reveal that all submit-

ted results from participating teams achieve better perfor-

mance than the baseline. In the alignment track, the top-

performing team, IH-VQA, achieves 0.1295 higher Main

Score than baseline, while six teams have Main Scores

higher than 0.8. In the structure track, the leading team,

HNU-VPAI, exceeds the baseline by 0.0862 in the Main

Score. These methods achieve better fine-grained evalua-

tions in both image-text alignment and structure distortion

detection, which significantly advancing the development

of fine-grained evaluation of generated images and facili-

tate better improvement of T2I generative models.

5. Challenge Methods

5.1. Image-Text Alignment Track

5.1.1. IH-VQA
Team IH-VQA [71] wins the championship in the image-

text alignment track with their proposed method, iMatch

(Instruction-augmented Multimodal Alignment for Image-

Text and Element Matching), as illustrated in Figure 1.

This method aims to precisely assess the alignment between

generated images and textual descriptions through several

key innovations. They fine-tune MLLMs using fine-grained

image-text matching annotations from the EvalMuse-40K

dataset to guide the model in learning nuanced correspon-
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Figure 1. Overview of team IH-VQA proposed iMatch.

Figure 2. Overview of team Evalthon proposed method.

dences. To further enhance performance, they propose four

augmentation strategies: (1) the QAlign strategy, which

maps textual rating levels to numerical scores and applies

a soft mapping of prediction probabilities for more accurate

score conversion; (2) the validation set augmentation strat-

egy, where the model generates high-quality pseudo-labels

on the validation set during training, which are then merged

back into the training set to improve generalization; (3) the

element augmentation strategy, which incorporates element

labels into the user query, enabling Chain-of-Thought-style

reasoning to derive better overall matching scores; and (4)

the image augmentation strategy, introducing three augmen-

tation techniques to increase the diversity of training images

and enhance robustness to visual variations.

In the element matching task, they further propose two

augmentation techniques: (1) prompt type augmentation,

which embeds the prompt type (real or synthetic) into the

query to help the model distinguish different source char-

acteristics; and (2) score perturbation augmentation, which

adds slight random noise to target labels to prevent overfit-

ting and improve the model’s generalization.

Finally, they adopt a model ensemble strategy. For

the image-text matching task, they average results from

several fine-tuned MLLMs: Qwen2.5-VL-7B-Instruct[2],

Ovis2-8B, Ovis2-16B, and Ovis2-34B[40]. For the ele-

ment matching task, the ensemble combines Ovis2-8B and

Ovis2-34B.
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Figure 3. Overview of team HCMUS proposed method.

5.1.2. Evalthon

Team Evalthon [76] win second place in the image-

text alignment track. They train multiple Large Vi-

sion Language Models(LVLMs) and integrate them us-

ing an XGBoost model. The baselines are Qwen2.5-VL-

7B,InternVL2.5-26B and InternVL2.5-38B[7].

As depicted in Figure 2, the training procedure consists

of three stages. Initially, they partition the dataset into five

folds,allocating 80% for training and 20% for validation

within each fold. The guiding principle is to eliminate du-

plicate prompts, while allowing image generation models

to overlap across folds, aligning with the testing data distri-

bution. Subsequently, they utilize a combination of image

and text, integrating certain statistical features directly as

textual inputs. During the training phase, a low rank[20]

training technique is employed. In the training step, they

directly extract the logits corresponding to token positions

from the hidden state, proceeding to apply a weighted sum-

mation leveraging the Mean Squared Error(MSE) loss to fit

the model against the label.

When testing, they utilize various models to predict the

test set by deploying checkpoints derived from training

across different folds. Finally, they employ XGBoost[3] to

integrate the predicted scores with selected statistical fea-

tures, consolidating them into the final score.

5.1.3. HCMUS
Team HCMUS wins third place in the image-text alignment

track. They propose an approach focusing on fine-tuning

the Qwen2-VL and Qwen2.5-VL models using Low-Rank

Adaptation (LoRA) techniques. They also apply ensemble

approaches, post-processing, and utilize external datasets to

further generalize and achieve better performance, aiming

to offer a more refined, human-aligned evaluation frame-

work that can assess image-text alignment with greater pre-

cision and sensitivity to fine-grained details.

Figure 3 illustrates the comprehensive pipeline of

their approach. Their baseline models are Qwen2-VL-

7B-Instruct, Qwen2.5-VL-7B-Instruct, Qwen2-VL-72B-

Instruct and Qwen2.5-VL-72B-Instruct. For training

datasets, they average the element-wise scores in origi-

nal dataset to produce a single score per field. The pro-

cessed dataset is formatted into instruction-based input-

output pairs suitable for VLM training. They also incor-

porate external datasets, TIFA[21] and GenAIBench[25], to

enhance model’s performance in text-to-image generation

quality assessment.

They first train Qwen2.5-VL-7B-Instruct with formatted

original dataset to directly output the results in a JSON

structure. For TIFA and GenAIBench, they filter out

incomplete or invalid samples from these two extra datasets

to ensure high-quality data. Items with non-JSON-parsable

or null-valued outputs are discarded. Then they use this

trained model to generate pseudo labels and merge the
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Figure 4. Overview of team MICV proposed method.

pseudo-labeled datasets with original EvalMuse dataset

for training Qwen2.5-VL-72B-Instruct. They denote this

dataset as External, while they also construct External

Private dataset by removing the type attribute. Specifically,

they train 6 models and simply average their results to

obtain final scores. The trained models are as following:

Qwen2-VL-7B-Instruct(Original), Qwen2.5-VL-7B-

Instruct(Original), Qwen2-VL-72B-Instruct(Original),

Qwen2.5-VL-72B-Instruct(Original), Qwen2.5-VL-72B-

Instruct(External), Qwen2.5-VL-72B-Instruct(External

Private).

5.1.4. MICV
Team MICV propose a prior information-guided multi-

modal approach. The main focus is to learn the generation

characteristics of different generative models from the train-

ing data, the alignment level of different elements in various

prompts, and to consider the multi-annotator process in the

quality assessment task. They utilize Qwen2.5-VL to model

and predict the global alignment score and local element

alignment score.

By leveraging the structure of the original data, they con-

struct global and local element question-answer templates.

Based on the generative model information from the train-

ing data and the relevant information from human annota-

tions, their model predicts the data distribution. Figure 4

shows the overview of their methods.

5.1.5. SJTU-MMLab

Team SJTU-MMLab propose a method similar to Q-

Align[58]. For the overall alignment score, they fine-

tune four powerful Multimodal Large Language Mod-

els (MLLMs)—InternVL-8B, InternVL-26B, QwenVL-7B,

and QwenVL-72B leveraging supervised fine-tuning (SFT)

and Low-Rank Adaptation (LoRA) to optimize the vision-

language components of the models. Figure 5 shows the

overview of their methods. Each model outputs a qual-

ity score in five categories: Excellent, Good, Fair, Poor,

and Bad. The corresponding probabilities for each cate-

gory are weighted according to predefined criteria, and the

final overall alignment score is calculated by averaging the

weighted probabilities across all models. To train the mod-

els, they use a combination of Cross-Entropy Loss (CE loss)

and Mean Squared Error (MSE loss), ensuring that the mod-

els classify the alignment correctly and predict the qual-

ity scores with high accuracy. For the fine-grained align-

ment score, they fine-tune three MLLMs—InternVL-8B,

QwenVL-7B, and QwenVL-72B—using the same SFT and

LoRA approach. The models perform binary classification,

outputting either ”Yes” or ”No” to indicate the presence of

the element in the image. The final fine-grained alignment

score is derived by averaging the probabilities of ”Yes/No”

decisions from all models. The novelty lies in the combina-

tion of MSE loss and CE loss, which allows for both precise
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Figure 5. Overview of team SJTU-MMLab proposed method.

classification of alignment quality and fine-tuning of align-

ment score values, leading to more accurate and reliable

measurements. Additionally, designing custom prompts for

each element category enables the model to focus on the

unique characteristics of each element, enhancing its ability

to reflect specific features in the generated image.

5.1.6. SJTUMM
Team SJTUMM propose a two-stage training stage for Mul-

timodal Large Language Models. Figure 6 is the overview

of training method. In the first training stage, they use

cross-entropy loss to adapt MLLMs to a fixed output for-

mat like ’The alignment score is a floating number.’ In

the second training stage, the last hidden state represent-

ing the token just before the score is decoded through a

quality score decoder(not the lm head), with the score num-

ber and mean squared error loss used for training. They

change the LLM backbone as InternVL2.5, Qwen2.5VL

and DeepSeekVL2[60] and average the total scores. The

element scores are obtained by that if one of the three mod-

els determines that there is the element, then this element

score is one.

5.1.7. WT
Team WT adopt the methods proposed in Q-Align and

DeQA-Score[69]. They choose InternVL2.5-8B as baseline

model. They design tailored instructions, with responses

for image-text alignment categorized into bad, poor, fair,

good, and excellent, while element presence is evaluated

with a yes/no response. To ensure robust and accurate scor-

ing, they employ a dual-method strategy:

• Weighted Probability-Based Scoring[58]. Image-text

alignment scores are computed by weighting the prob-

abilities of the five response categories. Element pres-

ence scqres are derived from the probability of a ”yes”

response.

• Score Distribution Alignment via KL Divergence[69].
Recognizing that discrete textual responses do not nat-

urally translate into continuous scores, they introduce a

score distribution modeling technique. They treat the

mean opinion score (MOS) as a Gaussian distribution,

computing probabilities across the five response levels.

By applying KL divergence, they align the predicted

probability distribution with the true distribution, ensur-

ing more precise and reliable scoring. KL divergence is

also applied to element presence evaluation, aligning the

probabilities of ”yes” and ”no” with true probabilities.

They model the MOS as a Gaussian distribution and use KL

divergence to align the predicted distribution with the actual

one, improving the accuracy of score prediction:

• Interval probability: They divided the MOS into 5 inter-

vals and used the mean and variance of each MOS label

to estimate the probability of it belonging to each interval.

The probability calculation formula is as follows:

pi =

∫ i+0.5

i−0.5

f(x) dx, i ∈ {1, 2, 3, 4, 5} (3)

where f(x) is the Gaussian probability density function

for each MOS.

• Probability adjustment: The sum of the five interval

probabilities modeled in this way does not equal to 1,

leading to MOS shift. Therefore, they apply a linear trans-

formation to ensure the accuracy of MOS. The formula is

as follows:

pnew
i = αpi + β (4)

By solving the following equations, they obtain the values

of α and β: {∑5
i=1 p

new
i = 1,∑5

i=1 p
new
i i = MOS.

(5)
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Figure 6. Overview of team SJTUMM proposed method.

• Loss function: They use KL divergence to align the pre-

dicted probabilities of the five tokens from the llm with

the interval probabilities above:

Lkl =

5∑
i=1

pnew
i log

(
ppred
i

pnew
i

)
(6)

During the testing phase, they fused the results from

three checkpoints. Specifically, during training, they saved

a checkpoint every 800 steps and selected the three best-

performing checkpoints on the validation set (3200 steps,

4000 steps, and 4800 steps) for testing on the test set. The

final results were obtained by averaging their outputs.

5.1.8. YAG
They propose a multi-granularity quality assessment frame-

work for AI-generated content (AIGC) by leveraging the

robust multimodal capabilities of foundation models such

as Qwen2.5-VL and LLAVA-onevision.[26] Figure 7 shows

the overview of their methods. To evaluate text-image

alignment and quality, they design model-specific question

answering templates that guide the models to assess both

element-level details and overall coherence. For Qwen, the

prompt instructs the model to evaluate the presence of pre-

defined elements in the image with binary responses and

judge the alignment between the generation prompt and

the image on a 1.0–5.0 scale. For LLAVA, following a

Unified Reward[54] inspired structure, the model evaluates

alignment with the caption, visual quality, and extracts el-

ement presence scores (0/1) using structured output for-

mats. To enhance cross-modal interactions, they integrate

the Qformer architecture from the FGA BLIP2[17] frame-

work, enabling joint analysis of element-level and holistic

scores. Critically, to address potential omissions in ele-

ment detection, they adopt an ensemble strategy where an

element is marked as ”present” if identified by any model,

ensuring comprehensive coverage while mitigating individ-

ual model biases. This approach combines structured scor-

ing with robust element detection to achieve reliable AIGC

quality assessment.

Additionally, they employ an ensemble of three distinct

multi-modal models: FGA-BLIP2, Qwen2.5-VL (3B and

7B variants), and Unified Reward (7B version). Specifi-

cally, Qwen Variants are the untrained base Qwen (serv-

ing as a control reference), a LoRA-adapted Qwen (for

parameter-efficient fine-tuning) and a fully fine-tuned Qwen

(with full parameter optimization). The outputs from

these Qwen variants are aggregated with the Inference re-

sults from Unified Reward (trained on the EvalMuse-40k

dataset), and trained FGA-BLIP2 outputs, to form the final

detection ensemble.

5.1.9. SPRank
Team SPRank propose Qwen-Assisted Image-Text Align-

ment Scoring. They leverages a finetuned Qwen2.5-VL-7B-

Instruct model to enhance both alignment and element scor-

ing for image-text assessment. First, they finetune on the

given data question-answer pairs and then generate custom

element questions for further specialized fine-tuning. For

alignment scoring, they use specifically designed prompts

to guide the model’s evaluation. Finally, they combine

the fine-tuned model scores with baseline scores through

weighted summation, optimizing both element existence

judgment and image-text alignment assessment.

During testing, they ensemble the results from fine-tuned

model and the baseline method using weighted summation

to produce the final results:

Sa = 0.5× Sabaseline
+ 0.5× Saqwen

Se = 0.7× Sebaseline
+ 0.3× Seqwen

(7)

Sa denotes the alignment score, while Se represents the

score generated by the fine-tuned Qwen2.5 model.

5.1.10. AIIG
Team AIIG selected the model FGA-BLIP2 as the baseline.

FGA-BLIP2 enables fine-grained alignment evaluation by
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Figure 7. Overview of team YAG proposed method.

Figure 8. Overview of team AIIG proposed method.

combining training of overall and element alignment scores.

They use the ITM setup of BLIP2[30] to concatenate the

query and embedded text, and then cross-focus with the im-

age. The final alignment score is obtained by a two-class

linear classifier, where the query sections are averaged to

produce an overall alignment score, while the text sections

in each corresponding position provide an alignment score

for a specific element. Text prompts are first fed to the

self-attention layer to extract text features, which are then

passed to the MLP. The MLP module captures the local con-

text pattern in the sequence through the Conv1d layer, and

maintains stable gradient flow while deepening the network

depth with residual connections. The multi-scale features

of its output are then fused with the fully connected layer.

The final MLP predicts the mask that represents the validity

of each text tag.

As show in Figure 8, N and M are the length of the

query and text prompt, respectively. SO and SE respec-

tively represent the overall and split element scores for

image-text alignment. lO represents the loss between the

predicted overall alignment score and the manual annota-

tion, lE represents the loss between the predicted element

alignment score and the manual fine-grained annotation,

and lM represents the loss between the predicted valid text

annotation and the real element. In addition, they use vari-

ance to weight the loss function. The greater the variance of

the image-text pair, the higher the loss. The final loss objec-

tive function is shown in formula (8). Where σ is the vari-

ance of the overall alignment score of different images gen-

erated under the same text prompt. The weight parameters

α and β are set to 0.1. This method makes the model pay

more attention to the samples with large alignment score
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difference in the training process, thus improving the accu-

racy and robustness of the evaluation.

L = eσ × (lO + αlE + βlM ) (8)

5.1.11. Joe1007
Team Joe1007 enhance FGA-BLIP2 by using a multi-

component loss function that combines the original ITM

(Image-Text Matching) loss with three specialized com-

ponents. During training, the model processes image-text

pairs through the visual encoder and Qformer[29] architec-

ture, generating embeddings and scores for both the over-

all match and individual elements within the prompt. The

training process utilizes:

• A base loss derived from the original FGA-BLIP2 model

(score difference, token score, and mask prediction)

• Distribution matching loss that guides the model toward

generating predictions with similar distribution character-

istics to the validation set

• Element type adaptive weighting based on statistical

properties of different element types

• Contrastive learning to ensure elements of the same type

have similar feature representations

Training uses a linear warmup followed by cosine learn-

ing rate scheduling, with image augmentation techniques

like random resizing and cropping. The model leverages

pre-trained weights from BLIP2 and fine-tunes on the fine-

grained evaluation dataset while keeping the vision encoder

frozen to prevent overfitting.

5.1.12. iCOST
Team iCOST utilizes the training policy used in DeepSeek-

R1[16] in this challenge scenario. They choose two base-

line models: Qwen2.5-VL-72B and Qwen2.5-VL-7B. First,

they transform the given dataset into image-text conversa-

tion. Second, they pick some of them according to the

attribute confidence, which higher confidence may reflect

higher quality. Then they let Qwen2.5-VL-7B output the

evaluation scores and fine-tune it to make the output con-

sistent with the ground truth by SFT. Then they pick other

high-quality image-text to continue to fine-tune the model

by GRPO.

5.2. Structure Distortion Detection
5.2.1. HNU-VPAI
Team HNU-VPAI wins the championship in the structure

distortion detection track.This team used separate models

for two subtasks. They use an Image Quality Assessment

(IQA) model to predict quality scores and an instance seg-

mentation model to identify structural issue regions in the

image.

For the image quality assessment sub-task, this team

adopt a CNN-Transformer hybrid architecture to leverage

the strengths of both models in detecting structural distor-

tions. Convolutional Neural Networks (CNNs) excel at cap-

turing fine-grained, local features, making them particularly

effective at identifying localized distortions in the image,

such as misalignments or local texture anomalies. On the

other hand, Transformers are highly capable of capturing

long-range dependencies and global context, which allows

them to understand the overall structure of the generated

image and detect distortions that might not be immediately

apparent in local regions but affect the image’s global co-

herence. By combining CNNs and Transformers, this ap-

proach benefits from the detailed local feature extraction

of CNNs and the global context modeling of Transform-

ers. This hybrid architecture is particularly effective for

structure distortion detection, as it enables precise identifi-

cation of both local and global distortions, leading to more

accurate and robust quality assessments of generated im-

ages. Inspired by LoDa [64], this team first employ a CNN

to extract local distortion features from input images, and

then inject the CNN-extracted multi-scale local distortion

features into the ViT using a cross-attention mechanism.

This allows the ViT to focus on the distortion-related fea-

tures while maintaining its strength in capturing global con-

text. By querying relevant multi-scale features from the

CNN and fusing them with the ViT’s image tokens, they

ensure that both local and global distortions are captured

simultaneously. To further optimize efficiency and reduce

computational overhead, they follow LoDa to down-project

the high-dimensional ViT tokens and multi-scale features

into a smaller dimension before performing cross-attention.

This ensures that the model remains computationally effi-

cient while leveraging the rich information from both the

CNN and ViT. It is important to note that both the CNN

and ViT are pretrained models, and their parameters remain

frozen during training. They only update the parameters of

the lightweight cross-attention module. This approach re-

tains the rich knowledge embedded in the pretrained mod-

els while focusing the training on the task-specific compo-

nents, ensuring efficient adaptation with minimal compu-

tational overhead. They conducted extensive experiments

with various variants of pretrained CNN and ViT models

and found that a simple ResNet architecture performed well

for the CNN, while the CLIP and DINOv2 pretrained mod-

els yielded the best results for the ViT.

For the structural distortion detection sub-task, this team

utilize the state-of-the-art instance segmentation model

(e.g., Co-DETR [78]) to identify regions with structural

distortions. Even though the baseline method frames this

task as a semantic segmentation problem, they found that

treating it as an instance segmentation task leads to better

results. Co-DETR is an advanced instance segmentation

model that enhances the performance of DETR-based de-

tectors by incorporating a collaborative hybrid assignments
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Figure 9. Overview of team out of memory proposed method.

training scheme. This approach utilizes versatile one-to-

many label assignments, such as ATSS and Faster RCNN,

to enrich the supervision provided to the encoder’s output,

thereby improving its discriminative capabilities. Addition-

ally, Co-DETR introduces customized positive queries by

extracting positive coordinates from auxiliary heads, which

enhances the training efficiency of the decoder. During in-

ference, these auxiliary heads are discarded, ensuring that

the method does not introduce extra parameters or compu-

tational costs to the original detector. In the context of struc-

tural distortion detection, Co-DETR’s architecture is partic-

ularly effective. Its encoder-decoder structure, combined

with the collaborative hybrid assignments training scheme,

allows for the precise identification of regions with struc-

tural distortions. By treating this task as an instance seg-

mentation problem, Co-DETR can distinguish individual

distorted regions, leading to more accurate detection com-

pared to semantic segmentation approaches.

5.2.2. OPDAI
Team OPDAI propose a multi-task architecture leveraging

Florence2’s foundation model [61] capabilities for simul-

taneous structural distortion localization (heatmap predic-

tion) and severity estimation (implausibility scoring). The

network employs:

• Florence2-large encoder (frozen weights initialized from

FLD-5B pretraining)

• U-Net style decoder [43] for heatmap prediction, opti-

mized using a combination of Mean Squared Error (MSE)

and Dice-IoU losses.

• Multi-layer perceptron head for regression scoring,

trained with a composite loss comprising MSE,PLCC loss

and SRCC loss.

They use a two-stage training strategy, heads-only training

for 20 epochs with and lr=1e-4, then full fine-tuning training

for another 50 epochs with lr=1e-5 for backbone and 1e-4

for heads. There are different losses for the two tasks:

• Heatmap:

Lhm = MSE + (1− Dice-IOU) (9)

• Score:

Lscore = MSE + 0.3(1− PLCC) + (1− SRCC) (10)

5.2.3. MICV
Team MICV propose SGL-SDD, a CLIP-based model tai-

lored for detecting the structure distortion in the images

generated by T2I models. To reduce the label noise intro-

duced by annotators, they adopt the study group learning

strategy for the detection learning.

This Team observe that it would be better to divide struc-

ture distortion detection task into two models for learning,

and design two models, one model for the score learning

and one model for the heatmap learning. For each learning,

they adopt the strategy of Study Learning Group(SLG [77]),

to reduce the label noise in the training set. Specifically, for

each learning, they randomly and averagely split the whole

training set (X,Y ) into K subsets {(Xk, Yk)}, where k ∈
[1,K]. They train totally K models {Mk}. For each model

Mk, they train it on (X \ Xk, Y \ Yk). After training the

model set, they infer the estimated score or heatmap label
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Figure 10. Overview of team I2 Group proposed method.

Ỹk of Xk as the pseudo label based on the model Mk. Fi-

nally, they take the average of the true label and the pseudo

label as the label for model training. Besides, they also

adopt the strategy of prompt rewriting to make text data

augmentation based on the GPT-4o. They adopt the pre-

trained model SigLip2 [48] in the model. The training time

for each model on 8 A100 GPUs is 17 hours. The parame-

ters on the models are 300+ millon.

They adopt the strategy of test-time augmentation in the

testing. For each test sample, they conduct the model pre-

diction six times for different prompts generated by prompt

rewriting, and take the average of these results as the final

prediction result.

5.2.4. out of memory
Team out of memory optimize baseline [17, 35] architecture

of structure distortion detection track with several key mod-

ifications and optimizations to improve performance. The

model is designed to jointly predict heatmaps and scores

from images and text.

They employ siglip2-so400m-patch16-512 [48] as the

backbone of model architecture. The last hidden states

from both the visual and textual encoders are concatenated

along the token dimension, yielding a unified multimodal

representation that seamlessly integrates information from

both modalities. They perform two key optimizations on

self-attention module, one is using the xformers library for

memory-efficient attention computation, another is replac-

ing the traditional LayerNorm with RMSNorm: A normal-

ization layer that stabilizes training by normalizing activa-

tions. The heatmap predictor also replaces LayerNorm with

RMSNorm, along with adjustments to the normalization di-

mension for improved efficiency. They simplify the score

prediction branch by replacing the baseline’s convolutional

and MLP-based approach with a more straightforward de-

sign. The new architecture computes a global score from

the refined multimodal embeddings by Mean Pooling and

Fully Connected Layers. This streamlined approach effec-

tively summarizes multimodal features into a single confi-

dence score while reducing complexity.

They utilize the AdamW Legacy optimizer with an initial

learning rate of 2.1× 10−5, combined with the Cosine An-

nealing LR learning rate scheduler to ensure stable conver-

gence. To accelerate training and optimize memory usage,

they employ automatic mixed precision (AMP). Addition-

ally, the optimizer is configured with a weight decay of 0.01

and the ‘caution‘ flag set to ‘True‘. The ‘caution‘ mecha-

nism skips updates for certain parameters when the update

direction conflicts with the current gradient direction, mit-

igating potential instability caused by noisy gradients and

ensuring more robust training under noisy conditions. The

loss function is based on Mean Squared Error (MSE) for

both components of objective. Specifically, the total loss is

computed as:

total loss = 16 · loss heatmap + 4 · loss score (11)

where loss heatmap corresponds to the MSE loss for the

heatmap prediction task, and loss score corresponds to the

MSE loss for the score prediction task.

The training process involves 3,000 iterations, with a

weight decay of 0.01, a batch size of 1, and gradient ac-

cumulation over 32 steps. All experiments are performed

on a single NVIDIA H100 GPU equipped with 80GB of

memory. The training dataset comprises all data provided

by the competition organizers, and the overall training pro-

cess takes approximately 5 hours to complete.

5.2.5. I2 Group
Team I2 Group propose the MF2M-IQA framework, which

leverages multi-level and multi-scale image and prompt fea-

tures to achieve accurate quality assessment and structure

distortion detection for AIGC images.

MF2M-IQA mainly consists of three components: 1) Im-

age and text encoders that extract multi-level visual and

textual features; 2) a Multi-scale Features Fusion Module

(MF2M) designed to extract multi-scale fusion features by

integrating these multi-level visual and textual features; and

3) decoders tailored for downstream tasks—specifically, up-

sampling (ConvTranspose2D) decoders for predicting dis-

torted region masks, and regression modules composed of
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(a) Score Prediction Pipeline (b) Heatmap Prediction Pipeline

Figure 11. Overview of team Brute Force Wins proposed method.

CNNs and fully connected layers to estimate corresponding

MOS scores. Next, they introduce these three components

in details.

Specifically, They adopt AltCLIP [4], pre-trained on

large-scale AIGC images, as image and text encoder. In-

spired by prior studies [5, 6, 9, 51, 67] demonstrating that

multi-level image features enhance image assessment per-

formance, and given that ViT extracts detailed information

at shallow layers and semantic information at deeper layers,

they select features from layers 8, 16, and 24 as our multi-

level image representations.

Then, they propose a Multi-scale Features Fusion Mod-

ule (MF2M) to effectively fuse visual and textual features.

Specifically, MF2M employs self-attention mechanisms in

both spatial and channel dimensions to model the relation-

ships between images and texts. The resulting features

are then integrated through efficient Swin Transformers and

patch merging blocks [39] to capture multi-scale semantic,

structural, and detailed information. These multi-scale fu-

sion features enhance the model’s capability for distortion

detection and quality assessment.

Lastly, they design task-specific decoders for structure

distortion detection and quality assessment. For structure

distortion detection, four Conv Transposed 2D layers are

employed to upsample multi-scale fusion features to the tar-

get mask resolution. For quality assessment, inspired by

MANIQA [67], they adopt a dual-branch approach to pre-

dict pixel-wise quality scores and corresponding weights.

The final quality score is computed as the weighted sum of

these predicted pixel scores.

The model trained with four RTX 3090 GPUs, keeping

both the image and text encoders frozen. Due to the GPU

devices limitation, they separately train this model on struc-

ture distortion detection and quality assessment tasks. They

repeatably train MF2M-IQA for each task several times, and

finally choose four models for masks prediction and three

models for score prediction. For score prediction, they ad-

ditionally train one model by replacing the MF2M with the

Figure 12. Overview of team Wecan EvalAIG proposed method.

MANIQA decoder part. The final results are the average of

these predictions.

5.2.6. Brute Force Wins
Brute Force Wins team use separate models for two sub-

tasks.

For the heatmap prediction task, they employ the

SAM2Unet[62] for fine-grained segmentation of distortion

regions. Subsequently, they utilize Qwen2.5VL[1] to filter

and refine the distortion heatmaps predicted by SAM2Unet.

In detail, they trained a specialized segmentation model to

predict and segment distortion regions. While the SAM

model provides fine-grained region predictions, it lacks ad-

vanced semantic understanding, making it unable to deter-

mine whether a region is distorted or not. For example,

the model can detect a human hand in an image but cannot

distinguish between a normal hand, a hand with an incor-

rect number of fingers, or a hand with correctly numbered

fingers but misplaced in an incorrect position. To address

this limitation, semantic understanding capabilities are re-

quired. To overcome this issue, this team cropped the re-

gions predicted by SAM and sequentially evaluated them

using MLLM. From a quantitative perspective, both stan-

dalone SAM and baseline models suffer from high recall

but low precision. By introducing MLLM as a discrimi-

nator, they achieved a significant improvement in precision

while maintaining a relatively high recall, thereby increas-

1117



Figure 13. Overview of team Tenryu Badu proposed method.

ing the F1-score.

For the scoring task, Brute Force Wins team adopt

a training strategy inspired by DeQA-Score[70] and Q-

Align[57] to fine-tune mplug-owl2-llama2[68] for evaluat-

ing the structral score of images. They prompting the model

with ”How would you rate the quality of the image?” and al-

lowing it to output a ¡LEVEL¿ token. The final score was

computed as a weighted sum of token probabilities and their

corresponding weights. With this new method, both training

and evaluation times were significantly shorter than those of

the baseline, and the final scores marginally outperformed

the baseline.

5.2.7. Wecan EvalAIG
Team Wecan EvalAIG have designed a two-tier parallel

training framework. In the first tier, a pre-trained EVA-

CLIP model[14] is employed for foundational classification

and semantic segmentation tasks, while high-frequency fea-

tures are extracted through a ResNet50 network and Dis-

crete Wavelet Transform (DWT)[65]. These features are

subsequently fused with those from EVA-CLIP. The sec-

ond tier implements instance segmentation tasks based on

the Mask2Former architecture. Ultimately, segmentation

results from both tiers are integrated to form comprehensive

outcomes.

The model trained on the official training set provided

by the competition, without using any additional data. The

training phase completed 2000 epochs with a batch size of

4*4. Color jitter data augmentation was applied. When

Testing, they use test time augumentation in mmsegmen-

tation.

5.2.8. Tenryu Babu
Team Tenryu Badu proposed a unified assessment frame-

work that integrates cross-modal semantic understanding

with spatial structural reasoning to enable fine-grained

structural quality assessment. Specifically, the framework

leverages CLIP’s dual encoders to extract visual and tex-

tual embeddings from the generated image and its cor-

responding prompt. These embeddings are subsequently

fused through a cross-modal self-attention module to iden-

tify semantic discrepancies related to structural content.

The fused representations are then passed into two task-

specific branches: 1) a distortion scoring branch, imple-

mented as an MLP-based regression module that predicts

scalar scores reflecting structural quality; and 2) a defect lo-

calization branch, designed as a U-Net-style decoder with

skip connections for pixel-level mask prediction of struc-

tural distortions. A key component of the architecture is

the Spatial Layout Attention Module (SLAM), which adap-

tively reweights channel-wise feature responses based on

their spatial activation patterns. By flattening feature maps

and processing them through a shared MLP, SLAM learns

to identify and enhance sensitivity to geometric anomalies

like hand distortions or facial collapse. Through the joint

optimization of structural score regression and defect mask

prediction, the proposed framework enables human-aligned

evaluation of structural realism while providing explicit lo-

calization of distortions. Experimental results demonstrate

the effectiveness of the proposed framework in accurately

assessing structural realism in T2I-generated images.

The model training process is divided into two phases,

totaling 50 epochs, to optimize performance and prevent

overfitting. In the first phase (initial training, 20 epochs),

the pre-trained ViT and text embedding modules are frozen,

and only the remaining parts of the model (such as image

and text token branches) are trained to focus on learning

task-related features while keeping the pre-trained compo-

nents stable. In the second phase (fine-tuning, 30 epochs),
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all modules are unfrozen, and the entire model is jointly

optimized to better perform structural distortion detection

and structural quality assessment. This two-stage training

strategy leverages pre-trained knowledge effectively, pro-

gressively refines the model and improves performance ef-

ficiently.

During the testing phase, the model receives unseen gen-

erated images and their corresponding text prompts as in-

put. The image is passed through the ViT to extract image

tokens, and the text prompt is passed through the text em-

bedding module to generate text tokens. After these tokens

are concatenated, they are sent to the image token branch

and the text token branch for processing respectively. The

image token branch generates a heat map for accurately lo-

cating areas of structural distortion in the image (such as the

incorrect number of limbs or facial collapse); the text token

branch calculates a score that reflects the structural quality

of the image. Finally, the model outputs a mask image for

locating structural distortions and a structural score, which

will be compared with the annotations of the EvalMuse Part

2 dataset to evaluate the accuracy and effectiveness of the

model in practical applications.
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