
Spatio-temporal/Video INR



Background

• INR: f(coordinate)=signal value at that coordinate
• Audio: f(t)=amplitude(t)
• Image: f(x,y)=(R,G,B)
• Video: f(x,y,t)=(R,G,B)     NERV f(t)--(R,G,B)       f(x,y,0/1)=(R,G,B,t)  

• super-resolution    480p—1080p
• Interpolation      30fps—60fps
• compression

• A simple MLP doesn’t directly work for video.
• A simple MLP struggles to capture complex spatiotemporal correlations.
• We need more expressive and efficient representations to capture these 

structures.





• Instead of modeling video as a mapping from spatial-temporal 
coordinates f(x, y, t) → RGB, they directly model f(t) → frame.
• instead of querying each pixel independently,

they generate the entire frame in one forward pass.

•  Architecture

Main Parts



Our goal: H×W×C → 2H×2W×C
H×W×C → H×W×4C → process → reshape → 2H×2W×C
instead of
H×W×C → 2H×2W×C→ process



Other Details

• Input Embedding

• Loss Function

• Compression    we can use any neural network compression method as a proxy for video compression

• Pruning 

• Quantization









• (i,j,t)→patch instead of t→frame

• learnable grid encoding instead of fourier encoding

• parameter-free bilinear upsampling instead of heavy learned upsampling

• adaptive pruning 

• quantization-aware compression
• perform a short fine-tuning with Quant-Noise after weight pruning



decoding

encoding



(0,0,0)   (1,0,0)

(0,1,0)   (1,1,0)

100x100x3
50x50x100
25x25x1000





Ablation Studies





Contribution

• Feature grids and network weights use different quantization 
strategies
• Feature grids use learned per-block, per-channel quantization scales δ

• We quantize weights using a scale 𝛿
• one scale for all weights? -- Cannot adapt to different weight distributions
• Per-weight δ? – δ itself is also a parameter!

• Feature grids are modeled as spatio-temporal structured latents, encoded 
with context-based Gaussian entropy model

• Network Weight Compression                                   AxB     A+B 

• Rate-Distortion loss: 
• Loss = R + λD,    where D stands for distortion(reconstruction loss) and rate 

stands for the consumed bitrate (bits/pixel) 



• 𝛿=5     𝛿=1     

• 10    15        11









• Video: f(x,y,t)=(R,G,B)    
• super-resolution

• Interpolation

• Task: given two frames 𝐼0, 𝐼1, we want to produce an interpolated 
picture with any resolution at any T



Steps

• Encoding:  𝐼0, 𝐼1 → CNN encoder → feature grid

• Continuous Spatial Representation: F(x, y) → feature      learn the position

(256,256,5)

Query (122.155, 122.155,3)

(122, 122,3,    0.155, 0.155)



Steps

• Continuous Temporal Representation: learn the motion (flow)
• flow = TemporalINR(f, t)=(dx)
• Updated coordinates:     x' = x + dx

• Space-Time Continuous Representation
• f' = F(x')
• RGB = decoder(f’)

• RGB(x,t) = decoder( F( x + flow(x,t) ) )
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