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1. Implementation Details
Reconstruction quality is assessed using standard met-

rics, including Structural Similarity Index Measure (SSIM)
[6], Peak Signal-to-Noise Ratio (PSNR) [1], and Learned
Perceptual Image Patch Similarity (LPIPS) [9].

1.1. Spatio–Temporal Resolution Sampling

• Spatial scales. We uniformly sample one of ten reso-
lutions1 at every step:

256×256 512×512 768×512 1024×512

1024×1024 1024×2048 2048×2048

1280×720 (720p) 1920×1080 (1080p) 3840×2160 (4K)

Uniform sampling prevents the codebook from col-
lapsing to square crops.

• Temporal scales. Clips are truncated (or zero-padded)
to {16, 32, 48, 96} consecutive frames.

1.2. Mixed-Precision Optimisation

We employ PyTorch AMP with bfloat16 for activa-
tions/weights and float32 master gradients; all loss re-
ductions occur in float32 to avoid numerical drift.

1.3. Optimiser and LR Schedule

• Adam: β1=0.9, β2=0.95, ϵ=1×10−8.

• Initial LR: 1×10−5; 10k warm-up steps, then linear
decay to 0 over the remaining 790k steps.

• EMA: exponential moving average of all parameters
with decay 0.999; EMA weights are used for valida-
tion.

1W×H in pixels.

1.4. Batching and Gradient Accumulation

Each of the 8× 8=64 A100 80 GB GPUs processes a lo-
cal batch of 4 clips; gradients are accumulated for 4 forward
passes before an optimiser step. Hence, EffectiveBatch =
64× 4× 4 = 1024.

We train for 800k optimiser steps, totalling ∼ 8.2×108

clip presentations.

1.5. Distributed Training Stack

• Hardware: 8 HGX-A100 nodes (dual AMD EPYC
7763 + 8×A100 80GB), NVSwitch + InfiniBand
NDR.

• Software: DeepSpeed 0.14.0, ZeRO-3 with 5 GiB re-
duce buckets, full parameter/optimizer sharding, and
activation checkpointing.

1.6. Reproducibility

• RNG seeds (PyTorch, CUDA, NumPy) fixed at 42.

• Gradients clipped to L2-norm 1.0.

• We will release the DeepSpeed config, data-sampling
script, and commit hash with the camera-ready code.

2. Block Diagram
2.1. PVQ-VAE Architecture

Figure 3 illustrates the internal architecture of the pro-
posed PVQ-VAE. The encoder consists of a sequence of five
convolutional blocks, each progressively downsampling the
input video volume along the temporal and spatial dimen-
sions. Each block is followed by a pyramidal vector quan-
tization module, which discretizes the latent features at the
bottleneck stage. The input of size T × H × W × 3 is
mapped through intermediate representations to a compact

1



Table 1. Ablation Study Based on Quantization Techniques

VQ Technique / Codebook Size / Dim COCO-Val WebVid-Val
PSNR(↑) SSIM(↑) LPIPS(↓) PSNR(↑) SSIM(↑) LPIPS(↓)

VQ / 4096 / 256 31.45 0.825 0.093 32.91 0.838 0.092
GVQ / 4096 / 256 32.25 0.836 0.089 33.34 0.842 0.089
LFQ / 32800 / 16 34.22 0.842 0.084 33.92 0.855 0.085
RVQ / 8000 / 512 33.92 0.849 0.078 34.22 0.865 0.079
PSVQ / 8000 / 512 34.45 0.855 0.073 34.98 0.871 0.076
RVQ + LFQ / 32800 / 16 34.78 0.869 0.076 35.27 0.879 0.074

PVQ (Default) / 32800 / 16 35.12 0.877 0.067 36.01 0.881 0.072
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Figure 1. PSNR and SSIM progression during training for different ablations of the PVQ-VAE model.
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Figure 2. Training loss convergence for PVQ-VAE and its ablated
variants.

latent tensor of shape T/16 × H/32 × W/32 × d. This
quantized representation is then upsampled through three
decoder blocks, aided by projection layers to match the
original resolution and channel dimensions. The architec-
ture ensures temporal consistency and multi-scale feature

learning via hierarchical compression.

2.2. Discriminator Architecture

Figure 4 presents the internal architecture of the spa-
tiotemporal discriminator used to evaluate the realism of
generated video samples. It comprises a stack of 3D
convolutional layers with SiLU activations and Batch-
Norm3D, interleaved with max-pooling layers for hierarchi-
cal temporal-spatial feature extraction. Each convolutional
stage increases the representational capacity while reducing
the resolution, enabling effective discrimination across both
motion and appearance. The architecture ends in a compact
latent embedding, which is processed by a linear head (not
shown in the block) to produce the final real/fake classifica-
tion score.

3. Additional Experimental Results

In this section we will provide the extra ablation study
and additional visual results.



EncoderBlock1

EncoderBlock2

EncoderBlock3

EncoderBlock4

EncoderBlock5

Pyramidal Vector Quantization

X 2

X 2

X 2

X 2

X 2

Conv_Proj_in X 1

DecoderBlock1

Conv_Proj_Out

DecoderBlock2

DecoderBlock3

X 2

X 1

X 1

T x H x W x 3

T/2 x H/2 x W/2 x 32

T/2 x H/4 x W/4 x 64

T/4 x H/8 x W/8 x 128

T/8 x H/16 x W/16 x 256

T/16 x H/32 x W/32 x 512

T/16 x H/32 x W/32 x d T/16 x H/32 x W/32 x d

T/2 x H/4 x W/4 x 512

T/2 x H/4 x W/4 x 256

T/2 x H/2 x W/2 x 128

T x H x W x 3

Figure 3. Internal block diagram of the PVQ-VAE architecture.
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Figure 4. Block diagram of the 3D CNN-based discriminator.

3.1. Effect of various VQ-Techniques

Table 1 presents an ablation comparing various quantiza-
tion strategies. Standard VQ [5] and GVQ [2] underperform
due to limited codebook capacity, restricting their ability to
capture diverse patterns. LFQ [8] improves token compact-
ness through lookup-free binarization but lacks multi-scale
adaptability. RVQ [3] introduces residual refinement, yet
struggles to retain fine-grained details in high-frequency re-
gions.

Replacing LFQ with standard VQ in our PVQ frame-
work (PSVQ) degrades performance, as the smaller code-
book limits expressivity. In contrast, PVQ achieves supe-
rior results by leveraging hierarchical residual modeling and
pyramidal token fusion. This design enables efficient code
allocation across scales, combining coarse global structure
with fine detail preservation. Our default PVQ configu-
ration achieves the best scores, demonstrating that multi-
resolution quantization with binarized, lookup-free tokens
support both compression efficiency and rich representa-
tional fidelity.

3.2. Effect of FFT and DWT on Training

The experimental results, as illustrated in Fig. 1 and
Fig. 2, demonstrate the efficacy of the proposed PVQ-VAE
model and highlight the importance of incorporating both
FFT and wavelet (DWT) components. As shown in Fig. 1,
PVQ-VAE consistently outperforms its ablated variants in
terms of PSNR and SSIM throughout the training process,
indicating superior reconstruction quality. Moreover, Fig. 2
shows that the full model exhibits faster and more stable
loss convergence, reflecting improved training dynamics.
The ablation study further reveals a significant drop in both
reconstruction performance and convergence speed when
either the FFT or wavelet modules are removed, with the
greatest decline observed when both are omitted. These
findings validate the complementary benefits of combin-
ing frequency-domain (FFT) and multi-resolution (wavelet)
representations, establishing PVQ-VAE as a robust and ef-
fective framework for high-fidelity image modeling.

3.3. Visual Results on the Effect of Frequency
(FFT/DWT) Branches

Fig.5–12 present qualitative ablation results demonstrat-
ing the role of the frequency-aware branches—namely Fast
Fourier Transform (FFT) and Discrete Wavelet Transform
(DWT)—in PVQ-VAE. These components are designed to
capture complementary frequency information: FFT en-
codes global structural patterns, while DWT preserves fine-
grained local details.

When both branches are removed (w/o FFT +
w/o DWT ), the model fails to capture essential spatiotem-
poral features, resulting in severe blurring across all frames.
The reconstructed outputs lose both global coherence and
local texture, leading to perceptually degraded results with
missing motion boundaries and faded scene layouts. This
highlights the critical role of frequency-aware encoding in
preserving motion dynamics and scene fidelity.

Removing only the FFT branch (w/o FFT ) leads to the
degradation of large-scale spatial structures. The absence
of global frequency encoding causes inconsistencies in the
scene’s geometry and layout, especially in dynamic scenar-
ios where maintaining object position and structure is criti-
cal. This is evident in cases such as the moving car in Fig.6
sequence or aerial views in Fig. 10, where the horizon lines
and object outlines become distorted or unstable.

Conversely, removing only the Wavelet branch
(w/o DWT ) suppresses high-frequency components,
resulting in the loss of fine details and texture sharpness.
For instance, the fur textures in the dog sequence in Fig.
9 or the foliage in the coastline sequence in Fig. 12
appear overly smoothed, and object boundaries become
less distinct. While the overall scene structure remains, the
perceptual quality is diminished due to missing details.

In contrast, PVQ-VAE with both FFT and Wavelet



branches preserves both global coherence and local details
across diverse scenarios, including complex motions, light-
ing variations, and dynamic environments. These results
confirm the complementary nature of frequency-aware pro-
cessing: FFT ensures structural consistency at large scales,
while Wavelet encoding sharpens textures and captures lo-
cal variations crucial for high-fidelity video reconstruction.

3.4. Reconstruction Quality Comparison of PVQ-
VAE Against State-of-the-Art Video VAEs

Fig. 13-18 present a comprehensive frame reconstruc-
tion comparison between our proposed PVQ-VAE and
state-of-the-art video VAEs, namely 3D-MBQ-VAE [4],
CV-VAE [10], and CogVideoX VAE [7]. Across diverse
scenes including underwater motion, fast-action flying,
high-speed driving, urban occlusions, and complex sci-fi
environments, PVQ-VAE consistently reconstructs sharper
and more structurally coherent frames. This improve-
ment stems from both architectural innovations and training
strategies designed to overcome the limitations of existing
methods.

First, PVQ-VAE integrates frequency-aware branches
(FFT and DWT) into its encoder, allowing it to preserve
both global structural information and fine-grained local
textures. Whereas, models like CV-VAE and 3D-MBQ-
VAE lack this spectral decomposition, leading to blurred
textures and loss of high-frequency details. For instance,
in the underwater sequence Fig. 13, the coral textures and
diver contours remain crisp in PVQ-VAE, while they appear
smoothed and washed out in CV-VAE and 3D-MBQ-VAE
reconstructions.

Second, the use of Pyramidal Vector Quantization (PVQ)
allows PVQ-VAE to hierarchically fuse multiscale discrete
tokens, achieving finer detail recovery without inflating la-
tent size. In contrast, 3D-MBQ-VAE employs a single-level
quantization, which cannot balance coarse motion consis-
tency with texture fidelity. This leads to frame degradation
under motion, as seen in the fast-motion flying sequence
Fig. 14, where PVQ-VAE maintains the bird structures with
minimal artifacts, unlike the competing models that produce
ghosting or blending effects.

Third, PVQ-VAE avoids the blurring artifacts associated
with continuous latent spaces, which affect models like CV-
VAE that prioritize diffusion model compatibility over re-
construction sharpness. This is particularly evident in the
motorcycle sequences (Fig. 15 and 18), where PVQ-VAE
reconstructs crisp road markings and object boundaries,
whereas CV-VAE outputs lack fine spatial detail, resulting
in texture loss and temporal smearing.

Moreover, while CogVideoX VAE employs a 3D causal
latent model, its focus on text-video alignment over re-
construction fidelity leads to degraded visual quality un-
der complex motion. For example, in the urban traffic se-

quence (Fig. 16) and dynamic sci-fi scene (Fig. 17), PVQ-
VAE successfully reconstructs occluded objects, intricate
mechanical structures, and background textures, whereas
CogVideoX outputs exhibit visible distortions and loss of
structural coherence.

Finally, PVQ-VAE leverages cross-modal alignment
with a high-resolution 2D VAE (FLUX) to further en-
hance perceptual quality. This contrastive supervision en-
courages the model to retain image-level sharpness in the
video domain. By aligning frame-wise representations with
high-fidelity image priors, the model learns to reconstruct
sharper textures and cleaner motion boundaries. As a re-
sult, PVQ-VAE maintains both temporal consistency and
high-frequency detail, even in challenging scenarios.

Overall, these results demonstrate that PVQ-VAE
achieves a superior rate-distortion trade-off, producing
compact latents while preserving rich visual details across
diverse motion sequences, as consistently validated by Fig.
13-18.
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Figure 5. Ablation on a moving aircraft sequence. See Video Comparison
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Figure 6. Ablation of frequency-aware branches on a car motion sequence.See Video Comparison
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Figure 7. Ablation of frequency-aware branches on a car motion sequence in natural scenery.See Video Comparison
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Figure 8. Ablation of frequency-aware branches on a night city sequence. See Video Comparison

tion, pages 586–595, 2018.
[10] Sijie Zhao, Yong Zhang, Xiaodong Cun, Shaoshu Yang,

Muyao Niu, Xiaoyu Li, Wenbo Hu, and Ying Shan. Cv-
vae: A compatible video vae for latent generative video mod-

els. Advances in Neural Information Processing Systems,
37:12847–12871, 2024.

https://drive.google.com/file/d/1DxBpw9Jqe3qfWD7OU-dudRpTVrnCpsgn/view?usp=sharing
https://drive.google.com/file/d/1DxJqe3qfWD7OU-dudRpTVrnCpsgn/view?usp=sharing


 w
\o

 D
W

T
 w

\o
 F

FT
 w

\o
 F

FT
 w

\o
 D

W
T

P
V

Q
-V

A
E

Figure 9. Frequency-aware branch ablation on a dynamic dog sequence.See Video Comparison
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Figure 10. Frequency-aware branch ablation on a sunset cityscape sequence. See Video Comparison
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Figure 11. Frequency-aware branch ablation on an industrial walkthrough sequence.See Video Comparison
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Figure 12. Frequency-aware branch ablation on an aerial coastline sequence.See Video Comparison
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Figure 13. Qualitative comparison of frame reconstruction against state-of-the-art methods on an underwater sequence.See Video Compar-
ison
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Figure 14. Qualitative comparison of frame reconstruction on a fast-motion flying sequence.See Video Comparison
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Figure 15. Qualitative comparison of frame reconstruction on a high-speed motorcycle motion sequence.See Video Comparison
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Figure 16. Qualitative comparison of frame reconstruction on an urban traffic sequence with complex motion and occlusions.See Video
Comparison
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Figure 17. Qualitative comparison of frame reconstruction on a dynamic sci-fi scene with complex object motion and fine structural
details.See Video Comparison

https://drive.google.com/file/d/1M3Kcu0GHjfqnklEgmeJKd8v_pJoGw0gm/view?usp=sharing
https://drive.google.com/file/d/1M3Kcu0GHjfqnklEgmeJKd8v_pJoGw0gm/view?usp=sharing
https://drive.google.com/file/d/1ZPeA2i8nYTw95izad010ls-tbxTpsyHE/view?usp=sharing


C
o
gV
id
eo
X-
V
A
E

C
V
-V
A
E

3D
-M

B
Q
-V
A
E

P
V
Q
-V
A
E

Figure 18. Qualitative comparison of frame reconstruction on a high-speed motorcycle riding sequence.See Video Comparison
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