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A Detailed Implementation

Network Architecture The latent diffusion model employs an autoencoder architecture consisting of
an encoder and a decoder. The encoder maps the original video frames into a compact latent space,
while the decoder reconstructs the video frames from these latent representations. To ensure coherent
reconstructions across frames, we introduce additional temporal layers in the decoder, following the
approach of [2]]. Importantly, the encoder remains unchanged from its original image-based training,
enabling direct reuse of the image diffusion model to process video frames in the latent space.

We build upon Stable Diffusion v1-5 as our core denoising backbone. The U-Net is conditioned on
text embeddings derived from CLIP via cross-attention mechanisms. To extend its applicability to the
spatiotemporal domain of video, we adapt the architecture by inflating its 2D convolutions and 2D
group normalization layers into pseudo-3D convolutions and 3D group normalizations, respectively.
Specifically, each spatial 2D convolutional layer is followed by a temporal 1D convolution to model
temporal dynamics. Our 3D U-Net consists of four downsampling and four upsampling stages, with
each stage outputting feature channels of [320, 640, 1280, 1280], following the design in [3].

Shadow-aware Instance Prediction Module The image encoder is a convolutional neural network

responsible for extracting high-level semantic features from each padded input frame It. We adopt a
modified ResNet-50 backbone with the first convolutional layer using a 5 x 5 kernel, stride 2, and 64
output channels, followed by a 3 x 3 max pooling with stride 2. The encoder includes four residual
stages with output channel sizes of 256, 512, 1024, and 2048 respectively. To reduce the feature
dimensionality and align with downstream modules, an additional 1 x 1 convolution is appended
after the final stage to produce a uniform 256-dimensional feature map.

The mask encoder is a lightweight convolutional network designed to extract features from binary
instance masks, such as the visible object mask M ;. and shadow mask M/ .. It consists of three
convolutional layers. The first layer has a 3 x 3 kernel, stride 1, and 64 output channels; the second
layer uses a 3 x 3 kernel with stride 2 and 128 output channels; and the third layer uses a 3 x 3 kernel
with stride 2 and 256 output channels. Each convolution is followed by a ReLU activation and batch

normalization. The final output feature is a 256-dimensional mask embedding.

The feature encoder is used to generate the spatiotemporal token representation z! at each timestep
by fusing the corresponding image, object, and shadow features. This module is composed of a
three-layer convolutional network. The first layer uses a 3 x 3 kernel with stride 1 and 512 output
channels; the second layer also uses a 3 x 3 kernel with stride 2 and 512 output channels; and the
third layer uses a 1 x 1 kernel with stride 1 and 256 output channels to produce the final embedding.
The input to this encoder is a channel-wise concatenation of the three feature maps Fit, ng, and Fst
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The inter-frame fusion module is a Transformer encoder that models temporal dependencies across
frames for each shadow-object pair. The input sequence consists of 7" + 1 tokens: one learnable
global token z° and 7' frame-wise tokens z! to zZ". This module contains 4 transformer blocks,
each composed of multi-head self-attention with 8 heads, an embedding dimension of 256, and a
feedforward network with a hidden dimension of 1024. Residual connections and layer normalization
are applied after each sub-layer. Learnable positional encodings [4]] are added to the tokens to inject
temporal information.

The inter-pair fusion module is another Transformer encoder, designed to fuse information spatially
across N shadow-object pairs within the same frame. For each timestep ¢, the inter-frame fused
features h"™ serve as input tokens. This module uses 2 transformer layers, each with 4 attention
heads, a hidden size of 256, and a feedforward layer with 1024 hidden latent. Relative positional
encoding [8] is used to better capture the spatial relationships between different object pairs.

The mask decoder is a convolutional network responsible for predicting the object and shadow

masks from the fused features A", It consists of three convolutional layers: the first uses a 3 x 3
kernel with stride 1 and 128 output channels; the second is a 3 x 3 convolution with stride 1 and 64
output channels; and the final prediction layer uses a 1 x 1 convolution to produce two channels,
corresponding to the object and shadow mask logits respectively. The output logits are upsampled
using bilinear interpolation to match the spatial resolution of the input masks.

The learnable global Token 2z is a trainable embedding vector initialized randomly and jointly
optimized during training. It shares the same embedding dimension (256) as other tokens and is used
to aggregate temporal information across frames for each shadow-object pair. The output global
token h® serves as a compact representation for each pair and is later used to guide video outpainting
and temporal flow completion modules.

Inference Details The input video resolution is set to 256 x 256 x 3. During testing, we perform
inference with a batch size of 4 using a 48GB RTX A6000 GPU. For the instance adapter and flow
adapter, we set the weighting parameters to y; = 1 and v = 0.7, as empirical results indicate that
these values yield high-quality outpainting performance. In terms of inference time at 256 x 256
resolution, M3DDM requires 48 seconds, MOTIA takes approximately 8 minutes, while our method
completes the task in 55 seconds.

B Benchmark Details

B.1 Evaluation Metrics

We employ the popular metrics including Peak Signal to Noise Ratio (PSNR), Structural Similarity
Index Measure (SSIM) [11]], Learned Perceptual Image Patch Similarity (LPIPS) [14]], and Frechet
Video Distance (FVD) [9]], similar to previous works [3}|10]. Note that PSNR measures pixel-wise
differences between two videos, and SSIM measures the similarity between two videos in brightness,
contrast, and structure, and then Perceptual similarity has been recently demonstrated to be an
effective method for comparing the similarity of videos based on the convolutional feature distance
between the prediction and the ground-truth. We use the same FVD evaluation metric with 16 frames
for each video.

Shadow Statistics We perform a statistical analysis on the DAVIS and YouTube-VOS datasets using
ViShadow to detect shadow pairs. Specifically, we compute the average number of frame pairs per
video and the average duration (in frames) that the target object is present in the video. We also report
the same statistics for our SOBA-VID dataset for comparison, shown as Fig. [I]

Table 1: Statistics of shadow pairs detected by ViShadow across different datasets. We report the
average number of frame pairs per video and the average duration (in frames) during which the target
object is present.

Dataset Avg. Pairs per Video  Avg. pair Presence Duration (frames)
DAVIS [7] 0.9 385
YouTube-VOS [13] 1.2 242
SOBA-VID [12] 22 204




C Additional Comparison Results

Our supplementary materials provide additional experimental results and comparisons with other
inpainting and outpainting methods to better evaluate our approach. Specifically, we compare with
ProPainter [15] and Infinite-Canvas [3]], two recent works in the domain of video content generation
and editing.

ProPainter is a state-of-the-art (SOTA) video inpainting method. Its core idea is to first perform
flow completion to recover the optical flow information in the video. Then, guided by the completed
optical flow, it propagates information to inpaint the occluded or missing regions in the video frames.
Compared to directly generating missing content, this two-stage approach better preserves temporal
consistency and structural coherence, leading to higher-quality video inpainting results. We further
evaluate ProPainter in an outpainting setting, where horizontal masks are applied to the left and
right 25% of the frame, as well as a setting with 66% of the frame masked, and report the average
performance, shown as Tab. 2] This demonstrates that inpainting methods struggle when large
portions of the frame are masked.

Infinite-Canvas, on the other hand, targets high-resolution video outpainting, incorporating global
layout awareness and relative positional information between image regions. However, a fair com-
parison with Infinite-Canvas is challenging for two main reasons. First, while both our method and
MOTIA use BLIP [6] to automatically generate prompts based on video content, Infinite-Canvas
adopts a different visual-language model, Qwen-VL [1]], for prompt generation. Second, Infinite-
Canvas is trained on a randomly selected subset (approximately 1M samples) of the Panda-70M
dataset, which is not commonly used in other approaches. Despite these differences, we adapt
our method to match the settings of Infinite-Canvas as closely as possible to enable a meaningful
comparison, as shown in Tab. 3| For Infinite-Canvas, we directly report the results as provided in
their original paper. Note that due to differences in experimental settings, our quantitative results
here may differ from those reported in the main paper.

Table 2: Quantitative comparison with the SOTA inpainting method (ProPainter) under outpainting
settings, where the left and right 25% and 66% of each frame are masked. Results are reported on
DAVIS [7] and YouTube-VOS [13]. 1 indicates higher is better, while | indicates lower is better.

\ DAVIS \ YouTube-VOS
| PSNRT  SSIM{ LPIPS| FVD| | PSNRf SSIMt LPIPS| FVD|
ProPainter [[15] | 1835 07103 02435 3521 | 2007 07021 0.1870 71.23

Method

Ours 20.81  0.7254  0.1842 2347 2032 0.7719  0.1793  40.78

Table 3: Comparison with Infinite-Canvas under its video outpainting settings on DAVIS [7]]. Results
for Infinite-Canvas are taken directly from their paper.

Method | PSNRf  SSIMt  LPIPS|  FVD|

Infinite-Canvas [3|] 20.80 0.726 0.160 242.8
Ours 20.83 0.730 0.181 232.8

D Outpainting on in-the-wild scene videos

To evaluate the temporal and spatial consistency of our method in more complex and unconstrained
settings, we conduct outpainting on in-the-wild scene videos. As shown in Fig. |l our approach
generates extended regions that are not only visually coherent with the original frames but also exhibit
smooth temporal transitions across consecutive frames.
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Figure 1: Outpainting results on in-the-wild scene videos. Our method produces visually coherent
extensions of the original frames while maintaining smooth temporal consistency across sequences,
demonstrating robustness in complex, unconstrained environments.
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Figure 2: Outpainting results on in-the-wild scene videos. Our method produces visually coherent
extensions of the original frames while maintaining smooth temporal consistency across sequences,
demonstrating robustness in complex, unconstrained environments.
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Figure 3: Outpainting results on in-the-wild scene videos. Our method produces visually coherent
extensions of the original frames while maintaining smooth temporal consistency across sequences,
demonstrating robustness in complex, unconstrained environments.
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