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Abstract

In this paper, we propose a learning-based video pre- and post-processing filter network that optimizes compression efficiency
with respect to machine vision performance for video coding for machines. The proposed filter network is designed with a
structure specialized for the VCM (Video Coding for Machines) environment, and consists of a preprocessing filter to enhance
compression efficiency while minimizing degradation of machine vision quality during the internal encoding process, and a
postprocessing filter to improve the machine vision quality of internally decoded videos. To enable end-to-end training of the filter
network, we adopt a differentiable surrogate codec that effectively simulates compression distortion, instead of using a conventional
non-differentiable commercial codec. Furthermore, to apply the network effectively to VCM-RS, the reference software of MPEG
VCM standardization, fine-tuning was performed using VTM-compressed videos and the BDT module. Experimental results on
VCM-RS v0.11 demonstrate BD-rate performance improvements of 17% and 13% for the pre-filter and post-filter, respectively.
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Table 1. Performance of the pre-filter network applied to VCM-RS v0.11 on SFU-HW dataset

SFU-HW RA mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -1.66% 0.47 -3.51% 0.41
Class B -13.71% 1.90 -7.54% 0.96
Class C -25.44% 2.91 -21.48% 2.70
Class D -15.08% 0.97 -15.24% 0.99
Average -17.07% 1.81 -14.42% 1.50
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -0.27% 0.43 -11.41% 2.14
Class B -2.94% 0.72 -23.57% 3.54
Class C -19.69% 2.28 -25.34% 3.35
Class D -24.87% 2.70 -21.34% 1.88
Average -15.61% 1.87 -22.40% 2.81
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -6.64% 0.59 -2.18% 0.19
Class B -18.68% 2.31 HHHH 2.29
Class C -25.66% 3.36 -16.80% 2.35
Class D -15.07% 0.92 0.70% -0.18
Average -18.80% 2.05 HitHt 1.31
N2 M=
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Table 2. Performance of the pre-filter network applied to VCM-RS v0.11 on TVD dataset

TVD RA mode
Object Inner E2E
Tracking BD-Rate [%] BD-MOTA BD-Rate [%)] BD-MOTA
TVD-01-1 -18.28% 2.33 -11.65% 0.84
TVD-01-2 43.70% -1.79 14.30% -1.25
TVD-01-3 -34.40% 2.84 -10.26% 1.37
TVD-02-1 -27.91% 2.03 -12.97% 1.18
TVD-03-1 -34.65% 4.57 -29.01% 4.26
TVD-03-2 -24.77% 3.76 -19.52% 3.55
TVD-03-3 -38.57% 5.61 -24.02% 5.08
Average -19.27% 2.76 -13.30% 2.15
TVD LD mode
Object Inner E2E
Tracking BD-Rate [%] BD-MOTA BD-Rate [%] BD-MOTA
TVD-01-1 -15.94% 2.16 -0.73% -0.01
TVD-01-2 -22.55% 1.88 -18.61% 3.56
TVD-01-3 -21.07% 2.33 -16.31% 3.14
TVD-02-1 13.80% -0.61 -6.31% 0.55
TVD-03-1 -25.86% 4.59 -26.08% 4.61
TVD-03-2 -23.19% 4.27 -27.63% 5.88
TVvD-03-3 -29.82% 4.81 -31.64% 5.97
Average -17.80% 277 -18.19% 3.39
TVD LD mode
Object Inner E2E
Tracking BD-Rate [%] BD-MOTA BD-Rate [%] BD-MOTA
TVD-01-1 -29.09% 2.61 HHHH i
TVD-01-2 13.94% -0.83 HHHE HtHE
TVD-01-3 -24.27% 257 HHHE 1.15
TVD-02-1 0.93% -0.06 -7.78% 0.36
TVD-03-1 -17.70% 3.49 -45.01% 3.01
TVD-03-2 -17.77% 4.14 -23.81% 1.74
TVD-03-3 -20.84% 3.21 -33.04% 0.97
Average -13.54% 2.16 i i
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Table 3. Performance of the post-filter network applied to VCM-RS v0.11 on SFU-HW dataset

SFU-HW RA mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A 0.00% 0.00 0.00% 0.00
Class B 0.00% 0.00 0.00% 0.00
Class C -13.92% 1.18 -17.54% 2.46
Class D -19.89% 2.01 -21.46% 2.20
Average -11.27% 1.06 -13.00% 1.55
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A 0.00% 0.00 0.00% 0.00
Class B 0.00% 0.00 0.00% 0.00
Class C -23.11% 2.18 -23.10% 2.56
Class D -15.45% 1.76 -27.08% 2.75
Average -12.85% 1.31 -16.73% 1.77
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A 0.00% 0.00 0.00% 0.00
Class B 0.00% 0.00 0.00% 0.00
Class C -10.55% 1.24 -21.21% 2.51
Class D -20.16% 2.15 -24.81% 2.61
Average -10.24% 1.13 -15.34% 1.71
E 4. TN F 22| 2H HEYFS VCM-RS v0.11 HE ‘d5 (SFU-HW HO[EAl)

Table 4. Performance of the pre-and post-filter network applied to VCM-RS v0.11 on SFU-HW dataset

SFU-HW RA mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -1.66% 047 -3.51% 0.41
Class B -13.71% 1.90 -7.54% 0.96
Class C -30.23% 3.57 -29.03% 4.25
Class D -28.94% 243 -30.17% 2.65
Average -23.29% 2.52 -21.91% 2.58
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -0.27% 0.43 -11.41% 2.14
Class B -2.94% 0.72 -23.57% 3.54
Class C -27.88% 3.31 -38.15% 4.81
Class D -33.73% 3.84 -36.55% 3.72
Average -21.29% 2.60 -31.74% 3.91
SFU-HW LD mode
Object Inner E2E
Detection BD-Rate [%] BD-mAP BD-Rate [%] BD-mAP
Class A -6.64% 0.59 -2.18% 0.19
Class B -18.68% 2.31 HHHHHE 2.29
Class C -35.53% 4.20 -34.52% 4.27
Class D -29.69% 2.57 -22.85% 2.15
Average -26.96% 2.88 A 2.73
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