
SimpleGVR



Motivation

Computation decomposition for high-resolution text-to-video generation.



Real latent-space upscaling



Real latent-space upscaling

• Our proposed latent upsampler can better preserve the layout and semantic



• Flow-based degradation, where optical flow guides motion-aware color blending and 
adaptive blurring.

• Model-guided degradation, where noise is added to low-resolution video frames and 
partially denoised using the base T2V model.

Degradation Modeling



• Detail-aware sampler, where higher sampling probabilities are assigned to the timestep 
intervals that contribute more to detail enhancement.

• Middle noise augmentation interval (0.3~0.6). When SimpleGVR is trained with noise in 
this interval, it is capable of enhancing high-frequency details while still being able to 
correct structural errors in the input frames.

Training Configurations



• Interleaving temporal unit, which expands SimpleGVR’s capability to handle 77 frames in 
an effective way. 

Efficient Pseudo-global Computation



STAR FlashVideoSimpleGVR (Ours)

RealBasicVSR Upscale-A-Video VEnhancer

Qualitative Comparisons



Quantitative Comparisons



T2V: Cascade vs. End-to-End



T2V: Cascade vs. End-to-End

Large T2V (1080P)Large T2V (384x762) + SimpleGVR



T2V: Cascade vs. End-to-End

Large T2V (1080P)Large T2V (384x762) + SimpleGVR



Generalization: CogVideoX

CogVideoX + SimpleGVRCogVideoX (480 × 720)



Generalization: Wan

Wan + SimpleGVRWan (480p) 
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