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Supplementary Material001

1. Dataset and Implementation Details002

The data preprocessing pipeline employed in this study relies003
primarily on the standardized framework provided by Deep-004
fakeBench [7]. Utilizing this established benchmark ensures005
that our face extraction, alignment, and normalization proce-006
dures remain consistent with state-of-the-art methodologies,007
thereby facilitating fair comparison.008

1.1. Data Augmentation Protocols009

To ensure robust generalization, we implemented a diverse010
augmentation pipeline using the Albumentations framework.011
Standard transformations include spatial perturbations (ran-012
dom flips, rotations) and visual degradations (image com-013
pression, Gaussian blur, color jittering) to simulate real-014
world variability. Crucially, to prevent the model from over-015
fitting to specific sampling artifacts, we employed a random-016
ized Isotropic Resize strategy that stochastically alternates017
between Bicubic, Bilinear, and Area interpolation kernels018
during training.019

1.2. Dataset Selection and Configuration020

We constructed our training and evaluation corpora using021
the latest iterations of deepfake datasets as curated in Yan022
et al. [7, 8], in conjunction with the DF40 dataset. To023
maintain temporal consistency across input samples, we024
enforced a fixed frame sampling strategy. Specifically, the025
hyperparameter defining the input sequence length was set026
to num frames = 32. This configuration ensures that the027
model captures sufficient temporal artifacts without incurring028
excessive computational overhead.029

1.3. Integration with TSRL Architecture030

To facilitate the specific state-tracking requirements of the031
Tutor-Student Reinforcement Learning (TSRL) framework,032
we developed a custom data interface adapter. While the stan-033
dard benchmarking loaders provide robust image retrieval,034
they do not inherently preserve sample identifiers following035
the stochastic shuffling inherent to training pipelines. This036
limitation prevents the RL agent from accurately mapping037
rewards or curriculum adjustments back to specific training038
instances.039

The implemented adapter resolves this by introducing a040
non-destructive metadata layer that ensures sample traceabil-041
ity through two primary mechanisms:042

• Sample Indexing: The interface intercepts individual data043
samples retrieved from the underlying dataset and injects044
a unique global identifier into the sample structure. This045
ensures that every input instance retains a distinct tag046
regardless of its position in the training queue.047

• Batch-Level Aggregation: During the construction of 048
training batches, the adapter extracts these identifiers and 049
aggregates them into a dedicated tracking vector. This 050
vector is appended to the final batch output, allowing the 051
TSRL algorithm to maintain a deterministic correspon- 052
dence between the randomly sampled tensor data and the 053
global training environment. 054

2. Further Results 055

In the primary analysis, the Area Under the Receiver Operat- 056
ing Characteristic Curve (AUC) was utilized to benchmark 057
ranking performance independent of threshold selection. 058
However, for practical deployment, the Accuracy (ACC) 059
metric provides a vital complementary perspective by evalu- 060
ating the model’s decision-making precision under a fixed 061
classification boundary.Table 1 details the comparative per- 062
formance across extensive cross-dataset and cross-method 063
experimental settings. A holistic examination of these re- 064
sults reveals that the Tutor-Student Reinforcement Learning 065
(TSRL) framework consistently enhances the discrimination 066
capability of various baseline architectures. 067

In the cross-dataset evaluation, which challenges the mod- 068
els with unseen domain distributions, the TSRL-augmented 069
detectors demonstrate notable stability, suggesting that the 070
dynamic curriculum effectively prevents the learning of 071
dataset-specific biases. Collectively, these accuracy met- 072
rics corroborate the AUC findings presented in the main text, 073
confirming that the performance gains attributed to the adap- 074
tive curriculum are robust, metric-agnostic, and beneficial 075
across varying testing conditions. 076

3. Formal Algorithmic Procedures 077

To facilitate reproducibility, we provide the formal procedu- 078
ral definitions for the Tutor-Student Reinforcement Learning 079
(TSRL) training loop and the reward shaping mechanism. 080

Algorithm 1 Dense State-Change Reward Calculation
1: function CALCREWARD(pold, cold, pnew, cnew)
2: ∆conf ← pnew[target]− pold[target]
3: Initialize reward r ← 0
4: if cold == False and cnew == True then
5: r ← 1.0 ▷ Success
6: else if cold == True and cnew == False then
7: r ← −1.0 ▷ Forgetting
8: else if cold == True and cnew == True then
9: r ← 0.5×∆conf ▷ Gain/Loss

10: else
11: r ← −0.5×∆conf ▷ Penalty
12: end if

return r
13: end function
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Table 1. Cross-dataset and cross-type generalization performance (Accuracy) All models are trained on FF++ (c23) [5] and evaluated on
the other datasets/fake data. Results from models trained with our TSRL are highlighted. † denotes models retrained by us;

Methods Cross-dataset Evaluation Cross-method Evaluation

CDF-v2 DFD DFDC DFDCP Avg. UniFace BleFace MobSwap e4s FaceDan FSGAN InSwap SimSwap Avg.

IID† [2] 0.670 0.832 0.673 0.622 0.699 0.717 0.678 0.814 0.610 0.695 0.815 0.689 0.605 0.703
IID [2] + TSRL 0.639 0.792 0.625 0.642 0.675 0.679 0.621 0.833 0.563 0.681 0.756 0.672 0.627 0.679

CLIP† [4] 0.662 0.692 0.673 0.622 0.662 0.554 0.558 0.752 0.534 0.580 0.582 0.564 0.502 0.578
CLIP [4] + TSRL 0.764 0.884 0.650 0.696 0.749 0.554 0.590 0.752 0.560 0.660 0.707 0.608 0.521 0.619

CORE† [3] 0.689 0.860 0.621 0.713 0.721 0.725 0.713 0.825 0.600 0.648 0.837 0.718 0.580 0.706
CORE [3] + TSRL 0.720 0.813 0.629 0.673 0.709 0.815 0.752 0.844 0.562 0.764 0.817 0.833 0.750 0.767

UCF† [6] 0.663 0.754 0.655 0.594 0.667 0.691 0.670 0.784 0.638 0.715 0.811 0.687 0.632 0.704
UCF [6] + TSRL 0.632 0.756 0.622 0.652 0.666 0.699 0.680 0.799 0.679 0.693 0.774 0.718 0.662 0.713

ProDet† [1] 0.783 0.877 0.639 0.726 0.756 0.767 0.792 0.914 0.676 0.626 0.794 0.716 0.717 0.750
ProDet [1] + TSRL 0.804 0.856 0.622 0.760 0.761 0.757 0.774 0.925 0.668 0.634 0.803 0.735 0.705 0.750

Effort† [9] 0.783 0.902 0.714 0.777 0.794 0.843 0.729 0.827 0.827 0.800 0.818 0.806 0.771 0.803
Effort [9] + TSRL 0.764 0.884 0.743 0.797 0.797 0.882 0.779 0.854 0.906 0.854 0.875 0.849 0.796 0.849

Algorithm 2 TSRL Training Procedure
Require: Student MS , Tutor Tπ , State ManagerM, Dataset D, Epochs

N , Warmup Nwarm
1: Init: Pre-train Tπ via BC
2: for epoch e = 1 to N do
3: Init batch buffer B ← ∅
4: for batch (x, y) in D do
5: // 1: Pre-Update Obs.
6: MS .eval(); Get zold, pold, f, cold
7: Retrieve history ℓema, cforget fromM
8: st ← [f, pold, cold, ℓema, cforget]
9: // 2: Tutor Action

10: if e < Nwarm then
11: wt ← 1 ▷ Supervision
12: else
13: Sample wt ∼ Tπ(st)
14: end if
15: // 3: Weighted Update
16: MS .train(); L = CE(MS(x), y)
17: Update θS ← θS − η∇(wt · L)
18: // 4: Post-Update & Reward
19: MS .eval(); Get pnew, cnew
20: rt ← CALCREWARD(. . . )
21: UpdateM; Store (st, wt, rt)
22: end for
23: // 5: Tutor Update
24: if e ≥ Nwarm then
25: Update Tπ (PPO) on B
26: Clear buffer B
27: end if
28: end for

082

3.1. TSRL Training Procedure Details083

Algorithm 2 outlines the complete interaction loop between084
the Student detector (MS), the Tutor agent (Tπ), and the085
State Manager (M). A critical implementation detail is the086
two-pass evaluation performed at every step.087

3.2. Reward Calculation Logic 088

The dense reward signal is computed for each sample indi- 089
vidually. Algorithm 1 formalizes the logic used to quantify 090
the ”value” of a teaching action based on the immediate shift 091
in the Student’s decision boundary. 092
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