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Motivation: The Generalization Gap & Dynamic Curricula

Suboptimal Uniform Weighting: Standard supervised 
training applies a uniform loss gradient across all samples, 
which is suboptimal for learning robust, generalizable 
features.
Persistent Hard Samples: Conventional baselines 
fundamentally struggle to reduce difficult instances over time, 
and this inability directly correlates with compromised 
generalization.
Static Curriculum Limits: Prior alternative approaches rely 
on static weightings based on predetermined properties or 
rigid pacing schedules that blindly ignore the real-time status 
of the model.
Dynamic Solution: Sample difficulty is not an intrinsic 
constant but is entirely relative to the detector's instantaneous 
learning state, requiring an actively adapting curriculum.

Figure1. Traditional baselines leave persistently high 
volumes of hard samples unresolved, whereas TSRL 
drives rapid mastery.
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Framework: Tutor-Student Reinforcement Learning (TSRL)

Our Tutor-Student Reinforcement Learning (TSRL) framework models detector training as a Markov Decision 
Process. A PPO-based "Tutor" observes each sample's history-aware state—including visual features, EMA loss, 
and forgetting counts—to assess long-term difficulty and instability. Based on this, the Tutor assigns a dynamic 
weight between 0 and 1 to reshape the Student's loss �������� = �� ∗ ���(��(��), ��)in real-time. Rather than using 
delayed validation metrics, the Tutor is driven by an immediate state-change reward that highly incentivizes 
correcting predictions. Stably initialized via Behavioral Cloning and Student warmup, the framework continuously 
optimizes data pacing to maximize generalization.
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Cross-dataset and Cross-method Evaluation:
Trained on FF++(HQ); Evaluated on CDF-v2, DFD, DFDC, DFDCP (Cross-dataset)
 Evaluated on DF40(Cross-method);
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Dynamic vs. Static: Our RL-based dynamic policy provides a 
+3.8% gain over static curriculum learning, proving the 
necessity of real-time adaptation.

Feature Disentanglement: TSRL effectively separates 
Real from Fake and isolates "Easy Fakes," forcing the 
student to master the critical decision boundary.
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Conclusion

Key Takeaways
Rethinking Optimization: Demonstrates that traditional 
static, uniform sample weighting is a primary bottleneck 
limiting the out-of-distribution generalization of deepfake 
detectors.
Dynamic Curriculum (TSRL): Proposes the novel TSRL 
framework, modeling curriculum generation as a Markov 
Decision Process (MDP). A PPO-based Tutor observes 
history-aware states (EMA loss and forgetting counts) to 
dynamically re-weight training batches in real-time.
Consistent SOTA Gains: Validates that TSRL acts as an 
orthogonal, highly effective module, delivering consistent 
improvements in cross-dataset and cross-method 
generalization across 6 diverse baseline architectures to 
establish a new SOTA.

Resources & Contact

Open-Source Code: 
https://github.com/wannac1/TSRL

Contact Email: zhanhelei@whu.edu.cn
CodePaper


