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Semantically Structured Image Compression via Irregular Group-Based Decoupling
(Iccv 2023)
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Swin Transformer: Hierarchical Vision Transformer using Shifted Windows
(Iccv 2021)
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Distribution Extrapolation Diffusion Model for Video Prediction

(CVPR 2024)
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Figure 3. Pipeline of ExtDM. ExtDM consists of three main components: Motion autoencoder constructs a bijection transform between
the pixel space and motion space via compression and reconstruction. The layered distribution adaptor extrapolates the features of future
frames as a shifted distribution derived from condition frames. Furthermore, the built STW U-Net takes the extrapolated feature as guidance
and conducts sparse and stride attention among spatiotemporal dimensions for encouraging feature interactions.
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Figure 4. Illustration of the detailed structure of (a) single layer
adaptor and (b) spatiotemporal window block. For more details
please refer to Alg. 1.
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GaussianDreamer: Fast Generation from Text to 3D Gaussians by Bridging 2D and 3D Diffusion Models
(CVPR 2024)
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Figure 2. Overall framework of GaussianDreamer. Firstly, we utilize a 3D diffusion model to generate the initialized point clouds. After
executing noisy point growing and color perturbation on the point clouds, we use them to initialize the 3D Gaussians. The initialized
3D Gaussians are further optimized using the SDS method [55] with a 2D diffusion model. Finally, we render the image using the 3D
Gaussians by employing 3D Gaussian Splatting [26]. We can use one of various 3D diffusion models to generate the initialized point
clouds. In this case, we take text-to-3D and text-to-motion diffusion models as examples.
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Figure 3. The process of noisy point growing and color pertur-
bation. “Grow&Pertb.” denotes noisy point growing and color
perturbation.

o fujinami

Suppress and Rebalance: Towards Generalized Multi-Modal Face Anti-Spoofing

(CVPR 2024)
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Figure 3. (al)-(a2) Illustration of fine-tuning ViT with proposed U-Adapters, showcasing the interaction between the RGB (R) and Depth
(D) modalities. Note that only parameters of U-Adapters are trainable. (b) Uncertainty Estimation Module (UEM) used for recognizing
unreliable tokens. (c) Detailed structure of U-Adapter, which adopts cross-modal fusion and suppresses the interference of unreliable
tokens on other modalities. After fusion, discriminative central difference information is integrated for fine-grained spoof representation.
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