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Motivation

® Feature extraction by foundation models vyields high SID
performance with minimal training requirements (Ojha et al.
2023), although these last layer features capture high-level
semantics.

® Low-level features from intermediate layers, known to be relevant
for SID (Bayar & Stamm 2018, Corvi et al. 2023), have not been
explored to date, despite their performance-boosting potential.

Ojha et al. (2023). Towards universal fake image detectors that generalize across generative models. CVPR (pp. 24480-24489).
Bayar & Stamm (2018). Constrained convolutional neural networks: A new approach towards general purpose image manipulation
detection. IEEE Trans. Inf. Forensics Secur., 13(11), 2691-2706.

Corvi et al. (2023). On the detection of synthetic images generated by diffusion models. ICASSP (pp. 1-5).
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We define the Representations from Intermediate Encoder-blocks
K, as the concatenation of CLS tokens from the corresponding n
blocks of CLIP’s image encoder:

K = {ZEO]};;l = be'nxd



Methodology
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Feed-forward projection networks process K, appling ReLU and
dropout after each layer:

K,, = RGLU<K7-,-L 1 W,, + bm) c Rb Xxnxd'
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The Trainable Importance Estimator (TIE) module A, estimates the
importance of feature k at processing stage / and applies the
weights accordingly:

K(LA) _ ZS K(zlk)
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Contrastive Learning (Khosla
et al. 2020).

qE( () aE/l(i) exp(z; - Za/T)
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Khosla et al. (2020). Supervised contrastive learning. NeurlPS (pp. 18661-18673).
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