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Focus Your Distribution: Coarse-to-Fine Non-Contrastive Learning for Anomaly
Detection and Localization

https://arxiv.org/abs/2110.04538
(ICME 2020)
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Figure 1: The whole architecture of the proposed approach. The coarse alignment module standardizes the image-wise and

feature-wise correspondence among pixels, while the fine alignment module densely maximizes the similarity of these pixels in a
batch. We train these two modules with non-contrastive learnine method in an end-to-end manner.
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Figure 4: The architecture of Image-level Coarse Alignment module. ICA, supervised by similarity loss, learns the rotation
transformation parameters from input images and then applies the affine matrix to them to get batch images in same pose.
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LoRA: Low-Rank Adaptation of Large Language Models
https://arxiv.org/abs/2106.09685
(ICLR 2022)
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Figure 1: Our reparametriza-
tion. We only train A and B.
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D4: Detection of Adversarial Diffusion Deepfakes Using Disjoint Ensembles

https://arxiv.org/abs/2202.05687
(WACV2024)

Adversarial Deep Detection
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Figure 3. The processing pipeline of D4. It partitions the DCT
spectrum of an image into disjoint partitions using a saliency-
based approach. Each frequency partition is fed to a separate
model that is adversarially trained. A voting mechanism over the
ensemble decides the output.
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Enhanced Quantified Local Implicit Neural Representation for Image
Compression

https://ieeexplore.ieee.org/document/10323534
(IEEE Signal Processing Letters vol. 30)
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Fig. 1. Part (a) is the framework of EQLINR. y is a learnable latent representation. EQS is the enhanced quantization scheme. ¢ is the quantified y. UP means
upsample. g, is the upsampled §. MLP means multilayer perceptrons. LEM is the local enhancement module. & is the reconstructed image from LEM. Part (b)
is the autoregressive context model. § is the input latent representation. g is the context. (u, o) is the output parameters for Gaussian distribution.

Fig. 2.  Different utilization of local relationships by CNN and MLP.
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