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Background & Motivation

In light of reported detection accuracies exceeding 95%, a critical question emerges:

Fig 1. The AIGI Detection Pipeline.

We decided to re-examine the entire AIGI detection process, including the training set and data augmentation 

during training, and the unknown data source and data preprocessing operations during testing.

Moivation

Is Artificial Intelligence Generated Image detection a solved problem? 



Method & Evaluation

A novel and comprehensive dataset and benchmark: AIGIBench

Benchmark Four core tasks that mirror practical challenges often overlooked in idealized test environments.

Dataset 23 subsets covering both advanced and widely adopted image generation techniques.

i) Generalization Assessment Multi-source

ii) Robustness Assessment Multi-degradation

iii) Data Augmentation Variation Assessment Identifying the most effective augmentation

iv) Test Data Pre-processing Assessment Identifying the most effective pre-processing

a) GAN-based noise-to-image generation

b) Diffusion for text-to-image generation

c) GANs for deepfake

d) Diffusion for personalized generation 

e) Collected from social media platforms

Fig 2. Visualizations of our datasets of AIGIBench.



Experiments & Discussion

Training Setting-II Training on 144K images generated by both SD-v1.4 and ProGAN, covering

the same four object categories.

Evaluation Four tasks above.

Table 1. Comparison with existing benchmarks on dataset

Table 2. Comparison with existing benchmarks on evaluation.



Experiments & Discussion

Task 1: Generalization Assessment

• Suffer notable performance degradation on real-

world manipulations such as DeepFakes and in-

the-wild content.

• No single method consistently outperforms others

across all generative scenarios, underscoring the

difficulty of developing generalizable detectors.

Table 2. Comparison with existing benchmarks on evaluation.



Experiments & Discussion

Task 2: Robustness Assessment

Table 3. The robust performance of AI-generated image detectors.

Table 4. Evaluating the impact of different data augmentation on AIGI detectors.

Table 5. Evaluating the impact of different data pre-processing strategies on AIGI detectors.

Task 3: Data Augmentation Variation 

Assessment

Task 4: Test Data Pre-processing 

Assessment

• While maintaining high R.Acc. under 

perturbations, their F.Acc. drops sharply, 

indicating reduced detection reliability in 

practical settings.

• Large pre-trained models or frequency-domain 

representations perform better.

• Common data augmentation provide limited

benefits in improving detector performance and

may even introduce performance trade-offs.

• F.Acc. often remains unaffected or even degrades.



Thank you for listening!

All resources are open-source.

Paper: https://openreview.net/forum?id=N52U2h9k9o

Code : https://github.com/HorizonTEL/AIGIBench

Datasets: https://huggingface.co/datasets/HorizonTEL/AIGIBench

Email: 247918horizon@gmail.com

Welcome for any good discussion and cooperation.
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