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1. Contributions

» Proposing offline enhancement on the optical flows with the
guidance of MV of VTM.
Enhancing the adaptivity of the optical flows by online optimizing
the latent features of the optical flows according to the contents of
different coding seguences In the inference stage.
Superior compression performance on two state-of-the-art
schemes DCVC and DCVC-DC without increasing the model or

computational complexity of the decoder side.

2. Motivation and Analysis
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3. Method

. Overview
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4. ExXperiment

. Comparison with Baseline and SOTA Methods
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Table 1: Effectiveness of the offline and online enhancement
on SOTA method DCVC-DC. BD-Rate(%) comparison for
PSNR. Negative values in BDBR represent the bitrate sav-

ing.

0.04 006 008 010 012 014

Bpp

0.06 0.08 0.10

Bpp

0.06 0.08 0.10 012  0.02 0.04

Bpp

0.04

Frame No.23 DCVC Ours

(0.036bpp) (0.030bpp)

Ground
Truth

»

» Mainstream deep video compression networks often adopt pre- . T L s -
P P PEP > We fine-tune the pre-trained Spynet under the guidance of the DOV 00 00 00T 00 00"
trained optical flow estimation networks as motion estimation extracted MV 7. The loss function including the End Point Error DOV DT+ offie—— 07110121 04—
t- DCVC-DC + offline + online | -2.8 | -49 | -46 | -4.2 -4.1 A=256 A=256
module, which may be less suitable for video compression. . . e S
4 P (EPE) loss between optical flows and MV and Mean Squared Error II.  Ablation Study
» The pre-trained optical flow estimation networks are trained to . - - - -
P P (MSE) loss between the input frame and the warp frame ¥,. Ablation study of Offline Enhancement and Online Enhancement
perform inter-frame prediction as accurately as possible, but the . , Offiine | Online | B D E | RGB | UVG | MCL | Average
. . Ly =—Y:: |(v; = 9)2 +(v; —D;) + Ay * d(x,, X X X oo ] oo 00| 00| 00| 00| 00 0.0
optical flows themselves may cost too many bits to encode. ME mnz"f \ (v 2 ( J 1) me * d(Xe, %) J X
1. Online Enhancement 30 | 59 | 44 | 79 | 07 | <13 | -6.7 -4.3
» The optical flow estimation networks are trained on synthetic data, ' ine anceme . -10.7 | -143 [ -11.1 | -9.0 | -85 | -10.1 | -11.3 | -10.7
. . _,__.._....Igemre ®_l [T | v v | -120]-17.1 | -13.1 [ -153 | -88 | -105 | -169 | -13.4
and may not generalize well enough to real-world videos. o : ;
. _ . . . . Enc —> Yo Zi Ge, = Dec i - . . . ) & | ‘
> In the inference stage, the motion information is obtained by a Ene — o 2,0. o Q> Dec —-@ ; Ablation Study of Online updating Times [:'  w) & i
_ _ _ _ ! U C [ D [ENCrC(s) [ DECy C(s) [ ENCr D(s) [ DECt D(s) 5, N D'
simple forward pass through the motion estimation and encoder. e oftine andient backd oot @_”3 : 0 00 (00 271 61 070 o1 = \lwmm ().'.ZI
ine gradient backward propagation ne = Yeos 2o, G, Dee S00 [ 96 [ 79 13278 | 695 | 4% | 187 D e 1 P e Tl Deceded Opies i
. Analysis == Online sadient backward propagaton e R R oA e
—-===» Online gradient backward propagation 2000 | -11.5 | 9.1 530.10 6.84 190.64 1.89
: . (a) Single-Frame Online Optimization (b) Multi-Frame Online Optimization 2500 | -T16 [-92] 67454 6.89 239.05 .88
» MV of VTM, searched for the best rate-distortion (RD) performance |||y |n the inference stage, we online optimize the latent features of the SLSIIEN acvg+;;:§g;ine
for each coding sequence, Is believed to achieves a better rate- optical flows with a gradient descent-based algorithm minimizing the|| | Ablation Study of Online updating Frames
i i W] C [ D | ENCrCs) | DEC; C(s) | ENCr D) | DECr D) | /a0
distortion trade-off. RD loss in single-frame level and multi-frame level. R L .
. . . . . . . . 4 | -0.7 | 0.7 2187.58 6.52 683.04 .88
» The online searching strategy in VTM, rate-distortion-optimization » 7% | _ | | S |08 [ 08| 270639 | 687 874,56 L6
. . . . Ll — 2 a; },d X ; ) ’fl + H Nl + H 2 l + H Nl (¢) Raw Fram Dgﬁ\lfﬁ; Oﬂlglg\icb;nne
(RDO), can achieves content-adaptive video compression. KD j=t 2d(;, %)) ) (#) (9))]



