FlashDecoder: Real-Time Latent-to-Pixel Streaming Decoder with Transformers

Supplementary Material

This supplementary material provides training specifi-
cations (Section A), inference protocols (Section B), addi-
tional visual results (Section C), and limitations and future
directions (Section D).

A. Training Specifications
A.1. Dataset Details

Image Data. We utilize DataComp-small [5], compris-
ing 12.8M image-text pairs. During preprocessing, we ap-
ply probabilistic augmentation that randomly selects among
random cropping (40%), center cropping (30%), or resizing
(30%) to the target resolution. Images smaller than the tar-
get resolution are filtered to prevent upsampling artifacts.

Video Data. Our video corpus combines Kinetics-600 [2]
and an internal high-resolution collection of approximately
200K clips. From each video, we sample 17 consecutive
frames at native frame rate. Preprocessing employs a two-
stage spatial transformation: frames are first resized so that
the shorter side matches the target resolution (480p, 720p,
or 1080p depending on the training stage) while preserving
the original aspect ratio, then cropped to the target resolu-
tion using either center crop (60%) or random crop (40%).
Videos below the target resolution are filtered out. All re-
sizing uses anti-aliased PIL bicubic interpolation [10, 17].

A.2. Multi-Stage Training Protocol

FlashDecoder follows a sequential three-stage training pro-
tocol, with each stage building upon the previous one.
Training hyperparameters are summarized in Table A.

Stage 1: Low-Resolution Pre-training. This stage es-
tablishes fundamental reconstruction capabilities at reduced
computational cost. We train on 224 x224x 17 video clips
and 256x256 images with a 2:8 image-to-video sampling
ratio to balance temporal coherence with spatial fidelity.
Training proceeds for 200K iterations with batch size 16.
The reconstruction objective combines L1 loss and percep-
tual loss [21] with weights of 1.0 and 0.1, respectively.

Stage 2: High-Resolution Training. We transition to
higher resolutions to minimize the domain gap between
training and inference. The model is trained on 480p clips
(480x832x17), 720p clips (720x1280x17), 1080p clips
(1080x1920x17), and 512x512 images. This diverse res-
olution mixture enables the model to handle varying spatial
resolutions during inference. We reduce the learning rate by
10x and train for 100K iterations with batch size 8. Loss
weights are adjusted to 1.0 for L1 and 0.25 for perceptual
loss. The perceptual loss is computed on random 224 x224
crops to keep memory manageable at high resolutions.

Stage 3: Adversarial Post-training. To enhance fine-
grained details, we introduce adversarial training using the
same data configuration as Stage 2 but excluding 1080p
clips due to the additional memory overhead of the dis-
criminator. This stage enables the decoder to synthesize
sharper high-frequency textures that reconstruction losses
alone cannot capture. We extend VQGAN’s 2D PatchGAN
discriminator [4, 9] to 3D for spatiotemporal processing,
and train it with non-saturating logistic loss [7] and R1 reg-
ularization [14]. Both the perceptual and adversarial losses
are computed on random 224 x224 crops of the decoded
output.

B. Inference Protocols

For fair comparison, we re-evaluate all baseline models us-
ing their official repository implementations and released
checkpoints under identical settings on a single NVIDIA
H100 GPU (80GB).

B.1. Throughput Measurement

To ensure fair comparison, we evaluate each model in its
officially supported inference mode. Wan2.2-TAEHV [1],
Wan2.2 [20], and FlashDecoder natively support stream-
ing and are evaluated accordingly. Other VAEs (Hunyuan-
Video, AToken, MAGI-1) process entire clips in batch mode
using their official implementations, as forcing them into a
streaming setup would require chunking and blending that
degrades their reconstruction quality. Throughput is mea-
sured in frames per second (FPS), calculated as total de-
coded frames divided by total decoding time.

C. More Visual Results

Figures A—C show additional 720p reconstruction results
from Wan2.2-TAEHYV [1], AToken [13], Wan2.2 [20], and
FlashDecoder-XL-Opt. Wan2.2-TAEHV struggles with
fine details; AToken produces smoother but blurrier out-
puts. Both Wan2.2 and FlashDecoder-XL-Opt produce
sharp results, with Wan2.2 showing slightly finer details
in some cases. FlashDecoder-XL-Opt achieves over 9x
higher throughput (151.0 vs. 16.1 FPS).

D. Limitations and Future Directions

Decoder-only design. FlashDecoder replaces only the
decoder while keeping the pretrained convolutional en-
coder fixed. The latent space therefore inherits the en-
coder’s characteristics, which favor spatial locality by de-
sign; what properties a Transformer-based encoder—decoder



Table A. Hyperparameters for FlashDecoder-XL training on the Wan2.2 latent space. We report the training configurations for each
stage. Stage 1 focuses on low-resolution pre-training, Stage 2 transitions to high-resolution training, and Stage 3 introduces adversarial post-
training. For additional technical details, please refer to the original papers: LPIPS [21], R1 regularization [14], AdamW optimizer [12],
and 3D PatchGAN [3, 9]. DDP denotes Distributed Data Parallel.

Hyperparameters Stage 1 Stage 2 Stage 3
Model Architecture

Latent channels (C”) 48 48 48
Model dimension (D) 1536 1536 1536
# of Transformer blocks 20 20 20

# of Temporal refinement Transformer blocks 2 2 2
Attention heads (V) 24 24 24
KV groups (G) 3 3 3
MLP expansion 4.0 4.0 4.0
Temporal compression (7¢) 4 4 4
Spatial compression (77) 16 16 16
Window size (W) 2 2 2
Data Configuration

Video resolution 224%x224x17 480p / 720p / 1080p x17 480p / 720p x17
Image resolution 256256 512x512 512x512
Sampling ratio 8:2 (video:image) 2:4:2:2 (480p:720p:1080p:image)  2:6:2 (480p:720p:image)
Loss Configuration

L1 loss weight (ALy) 1.0 1.0 1.0
Perceptual loss weight (ALpips) 0.1 0.25 0.25
Adversarial loss type - - Logistic
Adversarial loss weight (A\aqy) - - le-4
R1 regularization weight - - 0.1024
R1 interval - - 16
Decoder & Decoder-related Optimization

Optimizer AdamW AdamW AdamW
Batch size 16 8 8
Learning rate le-4 le-5 le-5
AdamW (4 0.9 0.9 0.9
AdamW f2 0.999 0.999 0.999
Weight decay 0.01 0.01 0.01
EMA - - 0.9999
EMA warmup step - - 2000
Precision bfloat16 bfloat16 bfloat16
Discriminator & Discriminator-related Optimization

Architecture - - 3D PatchGAN
# of conv layers - - 5
Base channels - - 128
Learning rate - - le-5
AdamW 34 - - 0.0
AdamW [ - - 0.9
Weight decay - - 0.01
Precision bfloat16 bfloat16 bfloat16
Training specifications

Training iterations 200K 100K 20K
Distributed training DDP DDP DDP
GPU type H100 80GB H100 80GB H100 80GB
# GPUs 8 8 8




pair would learn remains unexplored. Designing a stream-
ing Transformer encoder to pair with FlashDecoder and
training the full VAE from scratch is a clear next step. Such
an encoder—decoder pair would also eliminate the resolu-
tion gap between low-resolution VAE training (256 % 256)
and high-resolution diffusion training (720p, 1080p), since
our streaming architecture scales to high resolutions. This is
particularly relevant for recent end-to-end frameworks such
as Unified Latents [8], which jointly train the VAE and dif-
fusion model. Existing convolutional video VAEs are diffi-
cult to jointly train with a diffusion model at 480p or 720p
due to their high memory consumption. FlashDecoder’s
low memory footprint makes such joint training feasible.
Training the VAE and diffusion model at the same resolu-
tion used during inference would ensure that the latent space
has good diffusibility at that resolution, avoiding potential
mismatches caused by training at a lower resolution.

rFVD gap. FlashDecoder-XL falls short of Wan2.2 [20]
and HunyuanVideo [11] in tFVD [6, 18], despite compara-
ble PSNR and LPIPS. We trained on a single 8-GPU node,
whereas these production decoders likely used significantly
more compute and data. Scaling up model capacity and ad-
versarial training duration is expected to close this gap.
Integration with Representation Autoencoders. Re-
cent work on Representation Autoencoders (RAE [22])
pairs frozen pretrained encoders (e.g., DINOv2 [15],
SigLIP [16]) with Transformer decoders for image gener-
ation. Extending this paradigm to video with a streaming-
capable decoder like FlashDecoder is a promising direction.
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Figure A. Qualitative comparison of 720p reconstruction results. We compare reconstructed frames from video decoders with 4 x
temporal and 16 x spatial compression: (a) Wan2.2-TAEHV [1], (b) AToken [13], (c) Wan2.2 [19], (d) our FlashDecoder-XL-Opt, and (e)
ground truth. (a) and (b) produce blurry reconstructions, while (c) and (d) yield visually comparable outputs, yet (d) achieves over 9x
higher throughput.




Figure B. Qualitative comparison of 720p reconstruction results. We compare reconstructed frames from video decoders with 4 x
temporal and 16 x spatial compression: (a) Wan2.2-TAEHV [1], (b) AToken [13], (c) Wan2.2 [19], (d) our FlashDecoder-XL-Opt, and (e)
ground truth. (a) fails to decode fine details such as tree branches and foliage, while (b) produces blurry reconstructions. (c) and (d) yield
sharper results, yet (d) achieves over 9x higher throughput.
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Figure C. Qualitative comparison of 720p reconstruction results. We compare reconstructed frames from video decoders with 4 x
temporal and 16x spatial compression: (a) Wan2.2-TAEHV [1], (b) AToken [13], (c) Wan2.2 [19], (d) our FlashDecoder-XL-Opt, and (e)
ground truth. (a) struggles to decode wall textures near the flowerpot, while (b) produces blurry details in the flowerpot region. (c) and

(d) yield visually comparable outputs, with (c) appearing to synthesize marginally finer details, particularly around the flower petals. (d)
achieves over 9x higher throughput.
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