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Latent Shifting and Compensation for Learned Video Compression
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Hek 9 59 NI dEZH Fd(Entropy model)S o83 &-913F 34 3KRate-distortion optimization) WS ARSI, AT
ZdA TFY 207 ¢4 FolHE XqE(Latent information)& W% o JERZ3 Hgo] FA3}7] ofF & Xéi o #E °lFAIA
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olF A7 71k Ht] L % 7]%9 MFVC(Motion Free Video Compression) H'™-S 7Hﬁo}°ﬂoﬂi A8 é;}% E3) H2645 7
%902 AAH BDBR (Bjeontegaard Delta-Bitrate) 4°%1(%)Z MFVC(-14%) Xt} % w] 717+ HEZ 732(27%)°] 7H58e 43t
Ak Aok WP MFVC % ofUz}, #olHE ARt dERY RS AMsle 44T 74k on|x] e H|TL ¢FF 7o 3
YA A48 4 Sltke gde] Qi

Abstract

Traditional video compression has developed so far based on hybrid compression methods through motion prediction, residual
coding, and quantization. With the rapid development of technology through artificial neural networks in recent years, research on
image compression and video compression based on artificial neural networks is also progressing rapidly, showing competitiveness
compared to the performance of traditional video compression codecs. In this paper, a new method capable of improving the
performance of such an artificial neural network-based video compression model is presented. Basically, we take the rate-distortion
optimization method using the auto-encoder and entropy model adopted by the existing learned video compression model and shifts
some components of the latent information that are difficult for entropy model to estimate when transmitting compressed latent
representation to the decoder side from the encoder side, and finally compensates the distortion of lost information. In this way,
the existing neural network based video compression framework, MFVC (Motion Free Video Compression) is improved and the
BDBR (Bjontegaard Delta-Rate) calculated based on H.264 is nearly twice the amount of bits (-27%) of MFVC (-14%). The
proposed method has the advantage of being widely applicable to neural network based image or video compression technologies,
not only to MFVC, but also to models using latent information and entropy model.

Keyword: Neural network based Video Coding, Learned Image Compression, Learned Video Compression
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Decoder side
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o5 Spatiotemporal
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Encoder side Decoder side
Channel-wise
Entropy Model
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(Spatiotemporal entropy model)0ilA ARSdt= 2,2 MEUHS Mkt
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Hotste dhle 7izks| LEMH o, U, & E8 2E2ITr(Unified auto- encoder)9| CIZCE ololgich &3] & 12 2F A3 dEZL 24

Fig. 1. The first figure briefly shows the process of transmitting residual signals in the existing MFVC framework, and the second figure briefly
shows the method proposed in this paper, and U}~ means the decoder of the Unified auto-encoder. In particular, both figures omitted the trans-

mission process for 2,, used in the spatiotemporal entropy model
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Unified Auto-encoder Model Spatiotemporal Entropy Model
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DHE PMEICE A7t dERL 2E2 TPM (Temporal Prior Module), EPM (Entropy Parameter Module), PH-E/D (P-frame Hyper-prior

Encoder/Decoder)E E&H5IC}.

E£35| &2l MFVC =20IM HA[E+ SPM (Spatial Prior Module)2 2|8+ FZ=0]C}

Fig. 2. The basic structure of the MFVC framework (w/o SPM) consists of a unified auto-encoder model for transform and inverse transform and
a Spatiotemporal entropy model that minimizes entropy by eliminating spatiotemporal redundancy. It includes the Temporal Prior Module (TPM),
the Entropy Parameter Module (EPM), and PH-E/D (P-frame Hyper-prior Encoder/Decoder). In particular, it is a structure that excludes the SPM

(Spatial Priority Module) originally proposed in the MFVC paper
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Fig. 3. With the structure of adding the method presented in this paper to the existing MFVC framework, BFD (Big Fault Direction) is additionally
calculated and BFD-E/D (Encoder/Decoder) and Latent Compensation Module (LCM) are added
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Fig. 4. The first row is a visualization of the 19th channel of y[

«,, and BFD, for the second image of the video 'Beauty' in the UVG datasets.

And the second row is a visualization of the amount of bits generated when BFD, is used and not used. The bits was calculated by calculating

the total amount of bits generated in the entire channel and dividing it by the number of pixels, and then Bpp (Bitrate per pixel) was calculated

and displayed below
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Ground truth
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Fig. 5. The result of compressing and reconstructing the 2nd, 7th, and 12th images of UVG dataset's 'Beauty' video, it can be seen that the
proposed model has a slight decrease in image quality from a PSNR perspective, but significantly reduces the bit amount
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Table 2. The result of BDBR measurement against H.264
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Fig. 6. The result of compressing and reconstrictiong the 2nd, 7th, and 12th images of UVG Dataset's 'Jokey' video, the higher the number
of images, the higher the bit amount and the lower the image quality. However, it still shows better compression efficiency than the existing
method, MFVC (w/o SPM)
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