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Abstract

Efforts for international standardization of Video Coding for Machine(VCM) aim to reduce video data processed by computer
vision Al while maintaining performance. VCM is divided into two tracks: FCM focuses on the backbone networks’ latent space
features, and VCM on image and video signals. Currently, FCM and VCM uses VVC standard codec for compressing video data
and generating bitstream at internal codec. This limits performance imporvements and rulls out the simultaneous training deep
learning networks for optimization. This paper suggests replacing FCM and VCM’s internal codec with a deep learing based codec,
demonstrating potential enhancements in FCM and VCM’s performance.
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Table 1. The dataset specific settings for VCM and FCM experiment. This table include the fps, QP values to input, and the
number of frames to be used in the experiment

Settings for VCM experiment

Task Dataset Class Sequence fps QP ':;Zn;j
A Traffic 30 {39, 41, 47, 49, 56, 59} 33
B ParkScene 24 {32, 37, 40, 44, 48, 52} 33
B Cactus 50 {46, 48, 52, 54, 55, 56} 97
B BasketballDrive 50 {40, 43, 46, 49, 52, 55} 97
B BQTerrace 60 {40, 43, 47, 49, 52, 55} 129
Obi C BasketballDrill 30 {27, 31, 35, 39, 43, 47} 65
ject SFU c BQMall 60 (27, 32, 37, 42, 47, 52} 129

Detection
C PartyScene 50 {31, 34, 39, 43, 47, 52} 97
C RaceHorsesC 50 {27, 32, 35, 39, 43, 47} 97
D BasketballPass 30 {22, 26, 30, 34, 38, 42} 65
D BQSquare 60 {22, 26, 30, 34, 38, 42} 129
D BlowingBubbles 50 {27, 31, 34, 37, 40, 43} 97
D RaceHorsesD 50 {22, 26, 30, 34, 38, 42} 97
Obiect TVD TVD-01 50 {22, 24, 26, 29, 32, 35} 500
T C‘Z‘; ] TVD TVD TVD-02 50 {26, 30, 35, 40, 45, 48} 636
TVD TVD-03 50 {34, 39, 42, 46, 50, 54} 500
Settings for FCM experiment

Task Dataset Class Sequence fps QP ':;Zn;s
A Traffic 30 {17,21,24,29} 33
B Kimono 24 {35,37,41,45} 33
B ParkScene 24 {18,20,32,35} 33
B Cactus 50 {41,43,47 49} 97
B BasketballDrive 50 {17,21,24,27} 97
B BQTerrace 60 {16,19,25,29} 129
Object SFU C BasketballDrill 30 {20,24,32,39} 65
Detection C BQMall 60 {19,27,29,32} 129
C PartyScene 50 {18,27,32,37} 97
C RaceHorsesC 50 {21,32,39,41} 97
D BasketballPass 30 {19,27,32,35} 65
D BQSquare 60 {17,23,25,31} 129
D BlowingBubbles 50 {19,20,21,27} 97
D RaceHorsesD 50 {20,25,37,39} 97
Obiect TVD TVD-01 50 {17,29,33,37} 500
T C‘Z‘; . TVD TVD TVD-02 50 (21,25,29,33} 636
TVD TVD-03 50 {17,29,33,37} 500
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Table 2. Experiment result table on VCM

VCM-RS Proposed
Task Dataset Sequence QP Kbps mAPIMOTA Kops P mAPIMOTA
39 195.57 12.71 193.42 59.19
BasketballDrill 35 119.51 10.35 120.65 58.62
31 72.52 6.61 7237 58.76
42 236.63 36.24 238.12 31.32
BQMall 37 122.05 29.50 123.29 31.66
32 59.72 2325 60.09 30.20
52 420.19 62.53 423.95 58.95
PartyScene 47 277.69 55.34 279.69 58.66
43 133.33 50.28 134.96 56.84
47 526.49 4327 52251 67.35
43 262.86 38.95 262.20 65.61
RaceHorsesC 39 181.41 3811 180.46 66.25
35 109.50 33.86 109.08 65.50
Object SFU 30 107.49 12.12 105.93 27.90
Detection BasketballPass 26 64.73 10.27 64.49 27.64
22 38.42 8.47 38.46 26.85
34 139.34 31.86 130.84 27.81
30 77.48 26.30 7711 28.96
BQSquare 26 45.29 2259 44.87 32.33
22 26.38 16.50 2645 25.79
37 153.57 4754 154.70 2565
. 34 96.62 39.11 96.39 26.53
BlowingBubbles 59.48 26.84 50.62 25.98
27 3544 2453 35.28 2551
34 129.18 37.76 130.68 66.27
30 7555 29.33 76.49 65.91
RaceHorsesD 26 44.96 22,40 4457 65.48
22 27.09 12.98 33.09 65.28
32 271.65 50.30 269.76 51.50
Object 29 196.36 46.10 194.97 46.30
Tracking b vb-o1 26 120.36 39.00 118.96 38.70
24 71.05 32.60 71.81 31.60
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Table 3. Experiment result table on FCM

FCTM-v1.0.0 Proposed

Task Sequence QP kbps mAP/MOTA | Time (s) kbps mAP/MOTA | Time (s)

17 | 1438.47 69.63 757.69 | 132111 72.29 755

, 21 | 94151 68.85 650.97 | 1003.78 70.80 7.49

Traffic 24 | 619.35 68.40 52532 | 755.00 68.55 7.65

29 | 30022 64.81 331.04 | 298.04 10.34 747

Kimono 35 | 73.07 100.00 91.20 106.93 100.00 7.28

18 | 1193.73 90.40 72537 | 1073.76 86.46 7.36

20 | 937.64 89.87 694.15 | 1015.95 85.46 7.26

ParkScene 32 | 139.62 7177 18473 | 146.64 65.12 7.16

35 | 8645 61.95 117.40 81.76 29.73 7.29

41 51.01 100.00 132.86 | 214.29 100.00 20.79

Cactus 43 | 3565 100.00 107.66 | 156.40 99.92 20.95

17 | 3942.98 75.25 1619.21 | 3742.34 82.46 2052

_ 21 | 2536.04 73.82 1534.98 | 2431.10 71,50 20.73

BasketballDrive > 454170 71.85 1343.64 | 1468.31 66.34 20.84

27 | 878.99 65.20 1015.10 | 861.37 61.17 20.70

16 | 2617.66 59.76 1434.00 | 2371.77 60.60 2753

19 | 1701.40 59.34 1206.14 | 1827.46 56.55 28.60

BQTerace 25 | 621.68 56.58 806.35 | 772.16 35.32 27.51

29 | 327.88 52.31 547.24 | 413.25 17.59 27.48

20 | 3538.33 46.42 1957.94 | 2410.92 2597 2474

, 24 | 1958.38 45387 1746.05 | 1888.96 25.92 2483

BasketballDrill 32 | 447.86 42.54 73420 | 47646 35.05 2478

39 | 11937 29.31 268.35 | 13546 1.59 24.66

19 | 4739.68 68.60 211115 | 3085.89 84.13 34.22

, 27 | 1179.63 66.66 133546 | 1424.95 80.85 32.86
Object BQMall 29 | 82650 63.34 112455 | 1067.24 79.16 33.95
Detection 32 | 44373 60.50 77579 | 43501 62.98 33.92
18 | 3089.90 87.81 1539.03 | 2476.98 91,54 2474

27 | 690.74 84.16 75448 | 843.69 88.72 24.91

PartyScene 32 | 25856 75.03 37113 | 47042 76.11 2473

37 | 96.11 65.08 21247 | 207.76 50.12 2554

21 | 2575.94 83.20 998.24 | 1653.06 82.13 17.40

32 | 35827 82.60 24968 | 37577 79.68 16.60

RaceHorsesC 39 | 98.96 77.85 150.37 | 104.33 57.53 1719

41 69.52 74.76 116.56 65.19 27.99 17.22

19 | 514532 55.84 2262.19 | 2667.46 55.97 24.84

27 | 1555.94 52.33 154061 | 1668.33 53.02 2473

BasketballPass - > 604.55 4415 899.07 | 764.62 29.83 2574

35 | 344.93 39.55 605.72 | 32563 39.59 2551

17 | 3885.65 50.75 203339 | 2702.64 54.15 33.86

23 | 1467.26 2923 145550 | 1669.91 50.13 32.91

BQSquare 25 | 965.20 4817 125253 | 992.79 44.88 32.84

31 | 26817 39.73 557.91 | 306.41 17.07 33.93

19 | 285014 80.85 1648.80 | 2664.35 90.50 24.79

, 20 | 250158 81.16 1574.05 | 2087.21 90.13 24.89
BlowingBubbles I 1518109 80.50 145515 | 1630.89 89.79 2578

27 | 669.88 77.21 848.49 | 70018 82.88 24.89

20 | 2879.12 79.75 101056 | 1665.84 78.28 16.67

25 | 1386.41 78.25 867.92 | 1330.96 76.77 16.62

RaceHorsesD 37 | 14591 7517 207.11 | 168.73 71.82 16.74

39 | 10053 72.70 146.91 | 104556 56.27 16.59

17 | 823.25 29.27 219537 | 612.77 3252 22468

Object VD01 29 | 125.02 27.60 2014.46 | 397.40 28.43 42403
Tracking 33 | 6242 23.71 1798.32 | 282.69 22.90 42332
37 | 2052 1167 152117 | 18213 12.08 22216
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