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Problem & Motivation
Current deepfake detectors, particularly those based on reconstruction 
learning, suffer from critical generalization limitations. They overfit to 
the semantic features of a specific training category (e.g., faces) and fail 
to transfer to others (e.g., cars). Furthermore, their performance degrades 
significantly across generation domains (e.g., from GANs to Diffusion 
Models). A primary cause is the widespread use of Global Average 
Pooling (GAP), which discards crucial local forgery artifacts by 
compressing spatial features into a single vector.

 Proposed Method
Our approach introduces a Local Focus Mechanism to enhance 
generalization in deepfake detection by focusing on discriminative local 
forgery patterns. The framework consists of three core components:
Neighboring Pixel Relationships Feature Extraction: Input images are 
processed using a down-up-sampling reconstruction module to extract 
NPR features, which highlight subtle forgery artifacts by computing the 
residual.
Salience Network: A lightweight CNN with five convolutional layers 
and three max-pooling layers processes the absolute NPR values to 
generate salience maps, preserving critical local forgery cues while 
minimizing semantic overfitting.
Top-K Pooling with Regularization: Replaces Global Average Pooling 
by selecting the top-K most salient local features per channel, enhancing 
sensitivity to sparse yet discriminative patterns.  

Regularization  
Rank-Based Linear Dropout: Applies linearly increasing dropout 
probabilities to top-ranked activations to prevent over-reliance on 
dominant features.  
Random-K Sampling: Introduces stochasticity by randomly sampling K 
features during training, improving robustness.

Experimental Results 
Evaluation of Cross-Domain Generalization -- GAN

Evaluation of Cross-Domain Generalization -- Diffusion Model

Comparison with State-of-the-art Methods

Visualization

To qualitatively validate the efficacy of our Local Focus Mechanism, we 
employed two visualization techniques: Grad-CAM and T-SNE.
Localization with Grad-CAM: Grad-CAM visualizations confirm 
LFM's precise focus on localized forgery artifacts versus the NPR's 
attention to broader, less discriminative regions.
Feature Separability with T-SNE: T-SNE projections show TKP 
enables superior feature separability with enhanced intra-class 
compactness and inter-class separation across multiple datasets, 
validating its generalization strength.
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Code: https://github.com/lmlpy/LFM.git
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