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)
e super-resolution 480p—1080p

* Interpolation  30fps—60fps
* compression

* Asimple MLP doesn’t directly work for video.
e A simple MLP struggles to capture complex spatiotemporal correlations.

* We need more expressive and efficient representations to capture these
structures.
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Merv: Neural representations for videos
H Chen, B He, H Wang, ¥ Ren, SM Lim, A Shrivastava
Advances in Meural Information Processing Systems, 2021 - proceedings_neurips.cc

Abstract

We propose a novel neural representation for videos (NeRWV) which encodes videos in
neural networks. Unlike conventional representations that treat videos as frame
sequences, we represent videos as neural networks taking frame index as input. Given a
frame index, NeRV outputs the corresponding RGE image. Video encoding in NeRV is
simply fitting a neural network to video frames and decoding process is a simple
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(a) Explicit representations for videos (e.g., HEVC) (b) Neural implicit representations for videos (e.g., NeRV)

Figure 1: (a) Conventional video representation as frame sequences. (b) NeRV, representing video as neural
networks, which consists of multiple convolutional layers, taking the normalized frame index as the input and
output the corresponding RGB frame.



Main Parts

* 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, Methods | Pammeters Gl® Feodte ponmy Dpine
they generate the entire frame in one forward pass. ~aei' | 3w 1 sex wa o4
NeRV-S (ours) 3.2M 25x 1x 34.21 54.5
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Real-time single image and video super-resolution using an efficient sub-pixel

Our goal: HXWXC 9 ZHXZWXC convolutional neural netwaork

W Shi, J Caballero, F Huszdr, J Totz, AP Aitken, R Bishop, D Rueckert, Z Wang

H xWxC 9 H XWX4C 9 p roce SS 9 res h a pe 9 2 H xz WXC Proceedings of the IEEE conference on computer vision and pattem ..., 2016 - cv-foundation.org

Abstract
H t d f Recently, several models based on deep neural networks have achieved great success in
I n S e a O terms of both reconstruction accuracy and computational performance for single image
super-resolution. In these methods, the low resolution (LR) input image is upscaled to the
H XWXC % 2 H X 2WXC% p rocess high resolution (HR) space using a single filter, commonly bicubic interpolation, before

reconstruction. This means that the super-resolution (SR) operation is performed in HR
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Other Details

° InpUt EFm beddlng I(t) = (sin (b”wt) , COS (.‘}”?rt) ....,sln (bE l'mf) , COS (b‘! 177t))

. 1 L . (2pzpty + C1) (202, + Cs)
¢ LOSS FU nCthn L= T ; x “fﬂ (t) - 'Ut||1 +(1—a) - SSIM(fE(t)v Uf)) SSIM(z, y) = (2 f!i{_ (;ll)(gi:; _Jgﬁ _|_£(___12}

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

* Pruning

0 otherwise,

7

0, — {91-, if 0; > 0,

e Quantization
”max — .-u‘rnin
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Hi — Hmin
fti = round T T * scale + pmin, scale =
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. . : ‘1gure O: Model quantization. bit Bilinear Poolin
3 » are ) ; : g | 2956  0.873
F 1gure 4: Model pruning. Sparsity 15 the bit length used to represent pa- Transpose Conv | 36.63  0.967
1s the ratio of parameters pruned. rameter value. PixelShuffle 3726 0.970
Table 9: Activation function ablation Table 10: Loss objective ablation
PSNR MS-SSIM |~ = L2 LI SSIM | PSNR MS-SSIM
v 35.64 (0.956
RelLLU 35.89 0.963 1 y 3577 0.959
Leaky ReLU | 36.76 0.968 ; " 35.69 0.971
Swish 3708 0969 . — Y 3595 0.960
- - = o 1z 3 v v 36.46 0.970
GELU 37.26 0.970 v y 37 56 0.970







HiNeRYV: Video Compression with Hierarchical
Encoding-based Neural Representation
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Hinerv: Video compression with hierarchical encoding-based neural [PDF] neurips.cc
representation

HM Kwan, G Gao, F Zhang... - Advances in Neural ..., 2023 - proceedings.neurips.cc

Learning-based video compression is currently a popular research topic, offering the

potential to compete with conventional standard video codecs. In this context, Implicit Meural

Representations (INRs) have previously been used to represent and comprass image and

video content, demonsirating relatively high decoding speed compared to other methods.

However, existing INR-based methods have failed to deliver rate quality performance

comparahle with the state of the art in video compression. This is mainly due to the simplicity ..
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* (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 , _ {Hh if 0; > 0, . 16

0, otherwise, PA

* quantization-aware compression
* perform a short fine-tuning with Quant-Noise after weight pruning
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Figure 2: Top: The HiNeRV architecture. Bottom left: The HiNeRV block. HiNeRV block take feature maps
X,,—1 and patch index (7, j,t) as input, upsample the feature maps, enhances it with the hierarchical encoding,
then computes the transformed maps X,,. Bottom right: The local grid. In HiNeRY, the hierarchical encoding is
computed by performing interpolation from the local grid, where the modulo of the coordinates is being used.
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Figure 4: Illustration of the proposed HiNeRV models employing frame-based or patch-based representation.
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Ablation Studies

Table 4: Ablation studies of HiNeRV with the UVG dataset [38]. Results are in PSNR.

Model Size Beauty @ Bosph.  Honey. Jockey  Ready. Shake. Yacht.  Avg.

NeRV 320M 3403 32.77 39.59 30.39 23.88 33.85 26.88 31.63
HNeRV 3.22M 35.04 35.72 41.11 32.20 25.88 35.75 29.69 33.63
HiNeRV 3.17M 35.67 39.37 41.61 36.94 31.98 36.74 31.57 36.27
(V1) w/ Sub-Conv1xl 3.16M  35.28 36.63 41.58 34.64 29.12 36.31 2991 34.78
(V2) w/ Sub-Conv3x3 3.15M 3496 35.35 41.14 32.80 27.18 35.34 29.14 33.70
(V3) w/o Encoding 3.17M  35.64 39.18 41.58 36.16 30.92 36.68 31.50 35.95
(V4) w/ Fourier enc. 3.17M 35.62 39.07 41.59 36.00 30.91 36.81 31.47 3592
(V5) w/ Fourier (local) enc.  3.17M  35.59 38.99 41.54 35.77 30.61 36.57 31.30 35.77
(V6) w/ Grid (local) enc. 3.19M  35.65 39.26 41.58 36.17 30.93 36.72 31.55 35.98
(VT7) w/ MLP 3.19M  35.10 37.17 41.35 34.77 29.10 35.58 29.76 34.69
(V8) w/ Conv3x3 3.17M 3535 37.86 41.37 35.13 29.70 36.10 30.31 35.12
(V9) w/ Frame-wise 3.17M  35.68 39.22 41.54 36.69 31.49 36.54 31.54 36.10
(V10) w/ Patch-wise 3.17M  35.46 38.30 41.55 35.04 30.06 36.51 30.77 35.38

(V11) w/ Nearest Neighbor  3.17M  35.60 39.12 41.64 36.52 31.51 36.82 31.33 36.08




NVRC: Neural video representation compression
HM Kwan, G Gao, F Zhang, A Gower, D Bull

Advances in neural information processing systems, 2024 - proceedings.neurips.cc

Abstract

Recent advances in implicit neural representation (INR)-based video coding
havedemonstrated its potential to compete with both conventional and other learing-
based approaches. With INR methods, a neural network is trained to overfit avideo
seqguence, with its parameters compressed to obtain a compact representationof the video
content. However, although promising results have been achieved, the best INR-based
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Contribution

* Feature grids and network weights use different quantization
strategies

* Feature grids use learned per-block, per-channel quantization scales 6
* We quantize weights usinga scale § % = round(w/4)
* one scale for all weights? -- Cannot adapt to different weight distributions
* Per-weight 6? — 6 itself is also a parameter!
* Feature grids are modeled as spatio-temporal structured latents, encoded
with context-based Gaussian entropy model  :i, i,k ~ MV(u,0)

* Network Weight Compression §[i,j] = d.u[i] - 6in[j] AXB  A+B

e Rate-Distortion loss:

 Loss=R +AD, where D stands for distortion(reconstruction loss) and rate
stands for the consumed bitrate (bits/pixel)



*0=5 0=1

10 15 11



Meural video compression with context modulation [PDF] thecvf.com
CTang, ZLi, Y Bian, L Li, D Liu

Proceedings of the Computer Vision and Pattern Recognition ..., 2025 - openaccess.thecyf.com

Abstract

Efficient video coding is highly dependent on exploiting the temporal redundancy, which is
usually achieved by extracting and leveraging the temporal context in the emerging
conditional coding-based neural video codec (NVC). Although the latest NVC has
achieved remarkable progress in improving the compression performance, the inherent
temporal context propagation mechanism lacks the ability to sufficiently leverage the
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Neural Video Compression with Context Modulation
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VideoINR: Learning Video Implicit Neural Representation for
Continuous Space-Time Super-Resolution

Zeyuan Chen'  Yinbo Chen? Jingwen Liu?  Xinggian Xu®®  Vidit Goel®
Zhangyang Wang® Humphrey Shi®**  Xiaolong Wang?f
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Videoinr: Learning video implicit neural representation for continuous space-time
super-resolution
£ Chen, ¥ Chen, J Liu, X Xu, V Goel, £ Wang, H Shi, X Wang

Proceedings of the IEEE/CVF Conference on Computer Vision and .., 2022 - openaccess.thecvicom

Abstract

Videos typically record the streaming and continuous visual data as discrete consecutive
frames. Since the storage cost is expensive for videos of high fidelity, most of them are
stored in a relatively low resolution and frame rate. Recent works of Space-Time Video
Super-Resolution (STVSR) are developed to incorporate temporal interpolation and
spatial super-resolution in a unified framework. However, most of them only support a
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e Video: f(x,y,t)=(R,G,B)
e super-resolution
* Interpolation

* Task: given two frames [, I;, we want to produce an interpolated
picture with any resolution atany T
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Ste pS Query (122.155, 122.155,3)

(122,122,3, 0.155, 0.155)

* Encoding: I, I; - CNN encoder - feature grid

- i1-

Encoder Encoded Feature

Feature Encoding

e Continuous Spatial Representation: F(x, y) & feature

Fs(xzs) = fs(2%, 2 — vF), (2)

where F; is the continuous feature domain defined by Spa-
tialINR, z* is the feature vector nearest to the query coordi-
nate x, and v* 1s the spatial coordinate of the feature vector

*

z .

learn the position



Steps

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

M(mst«mﬂ) :fi(miv}:ﬁ(j:ﬁ))a (4)

where F(z) is the feature domain defined in Eq 2.

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

e RGB(x,t) = decoder( F( x + flow(x,t) ) )
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Figure 2. An overview of our Video Implicit Neural Representation (VideoINR). Two input frames are concatenated and encoded as a
discrete feature map. Based on the feature, the spatial and temporal implicit neural representations decode a 3D space-time coordinate to a
motion flow vector. We then sample a new feature vector by warping according to the motion flow, and decode it as the RGB prediction of
the query coordinate. We omit the multi-scale feature aggregation part in this figure.
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