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Statistic-Guided Nonlinear Transform and Scaling for Feature Coding
for Machines
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Abstract

Deep neural network - based visual recognition models achieve high performance, but standalone inference on edge devices is
limited due to high computational complexity. To address this issue, split inference architectures are widely used, where
intermediate features are transmitted between edge devices and servers. For efficient transmission of intermediate features, the
Moving Picture Experts Group (MPEQG) is standardizing Feature Coding for Machines (FCM). However, FCM relies on uniform
quantization, which does not sufficiently reflect the statistical characteristics of feature distributions, and feature distortion becomes
more severe as the quantization parameter (QP) increases in the inner codec. This paper addresses these limitations by proposing a
statistical feature - guided nonlinear transform that emulates non-uniform quantization, along with a QP-based scaling method. The
proposed approach improves coding efficiency while mitigating feature distribution distortion. Experimental results show that the
proposed method achieves an average BD-rate reduction of 3.14% compared to Feature Compression Test Model (FCTM) v8.1.
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Fig. 7. Degradation of reconstructed feature distributions with varying QP values in the inner codec for the HiEve-13
sequence
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Table 1. Dynamic range of features atunder different QPs for the HiEve-13 sequence conditions

Original feature input to VVC Reconstructed feature output from VVC
s min max DR min max DR AL

7 0 1023 1023 64 988 924 99

12 0 1023 1023 64 986 922 101

17 0 1023 1023 64 991 927 96

22 0 1023 1023 64 960 896 127

27 0 1023 1023 54 966 912 111

32 0 1023 1023 67 960 893 130

37 0 1023 1023 88 960 872 151

42 0 1023 1023 132 960 828 195

47 0 1023 1023 204 949 745 278
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Fig. 8-1. Curve fitting result of the scaling parameter  for the HiEve-13 sequence
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F 2-1. I874(p,,,=0.05) H|ME B3 AS Aat

Table 2-1. Experimental results of the nonlinear transform with a fixed parameter (,,=0.05)

Nonlinear transform(fixed) | Nonlinear transform(fixed)
vs FCTM v8.1 vs remote inference

Task Dataset BD-rate BD-rate

Instance Segmentation OpenlmageVV6 7.07% -95.25%

OpenlimageV6 -0.29% -94.94%

) ) SFU Class A/B 0.74% 18.38%
Object detection

SFU Class C 4.16% -87.05%

SFU Class D 0.96% -87.93%

TVD(OVERALL) -7.62% -96.03%

Object Tracking HIEVE(1080p) -1.96% -95.16%

HIEVE(720p) -2.33% -92.66%

OVERALL 0.09% -78.83%

¥ 22, SA EY 7|8 HSH viMY HHEt MY At

Table 2-2. Experimental results of the adaptive nonlinear transform based on statistical feature characteristics

Nonlinear
Nonlinear transform(std) vs FCTM v8.1 transform(std) vs
remote inference
Task Dataset BD-rate EncR DecR BD-rate
Instance
} OpenlmageV6 1.47% 100.863% 96.941% -95.64%
Segmentation
OpenlmageV6 -7.33% 98.451% 94.054% -95.46%
SFU Class A/B -7.58% 97.905% 88.916% 12.19%
Object detection
SFU Class C -0.67% 102.511% 86.353% -88.69%
SFU Class D -4.15% 99.306% 84.282% -88.23%
TVD(OVERALL) -1.36% 95.392% 84.547% -96.01%
Object Tracking HIEVE(1080p) -3.20% 93.978% 85.471% -95.50%
HIEVE(720p) -0.56% 94.668% 84.630% -92.51%
OVERALL -2.92% 99.071% 89.182% -79.98%
2. 27| FHHOE HAHUFS HAFETh
19 95 2AYY A4 A5 54 RIS ML 2
2ALYE W o) REst AP Qs WysE  AE HAET 2ALYo] A4H A%, Qprt F7teld
RE dsts 93l BE 549 A M oy = BUW 579 Aoz Aok Wt o e
Z#P_E FASE e SEE gh E fAHE As S0 F vk T 7Y Fo3 A%
3% QP 7INF 2AYES HEPe Wl Hes 549 4 M9l Aole 2AYY A& A HH 143.190
FCTM v8.1 % 94 & W3} v w3 2345 et A AL 53672 dastth ol 2AYYE T W
A orgk 2~ A D22 Instance SegmentationS | £]3 RE i 3y Fost RAoA WA shE EE o] $hshE 9l
dolgAeld Aed A% o] HAHYCH, FCTM <2 drjdtch o] dd 2ALLE F& B9 Fo)A
v8.1 tiH] A Bt 1.28%°] BDrate ©| 55 B ol& 54 TXY MEAAS =oH, 2HHoE dF HFL
2AGE S Bl WF ZH 9 SRR QI AE EHo) ol 7148t
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E 3. A7ed MY 2
Table 3. Experimental results of the scaling
Scaling vs FCTM v8.1 Sealing vs remote
inference
Task Dataset BD-rate EncR DecR BD-rate
Instance OpenlmageV6 3.16% 98.209% 104.997% -95.50%
Segmentation
OpenlmageV6 -6.08% 101.555% 88.609% -95.37%
Obiect detection SFU Class A/B -0.28% 99.313% 87.992% 20.85%
! SFU Class C -2.45% 100.997% 83.457% -89.30%
SFU Class D -0.13% 98.483% 84.456% -87.65%
TVD(OVERALL) -0.54% 94.359% 79.652% -95.99%
Object Tracking HIEVE(1080p) -1.29% 94.906% 79.970% -95.85%
HIEVE(720p) -2.64% 94.467% 77.602% -92.64%
OVERALL -1.28% 98.819% 88.194% -78.93%
1500 mpeg-hieve-13_qp18 1500 mpeg-hieve-13_qgp18_scaling
—— mpeg-hieve-13_qp18_encoder —— mpeg-hieve-13_gp18_encoder
3000 | —— mpeg-hieve-13_qp18_decoder 3000 | —— mpeg-hieve-13_gp18_scaling
2500 4 2500 A
2000 4 2000 1
g =
€ 15004 1500 1
1000 1000 4
500 A 500 |
0- 0
o 200 200 500 800 1000 0 200 400 600 800 1000
Value Value
mpeg-hieve-13_qp24 mpeg-hieve-13_qp24_scaling
2000 1 2000 {
—— mpeg-hieve-13_gp24_encoder — mpeg-hieve-13_gp24_encoder
1750 4 —— mpeg-hieve-13_gqp24_decoder 1750 4 —— mpeg-hieve-13_qp24_scaling
1500 4 1500 4
1250 4 1250 4
£ 1000 { mp 1000
750 750 A
500 500 A
250 250 4
0 04
0 200 400 600 800 1000 0 200 400 600 800 1000
Value Value
T2 9. HiEve-13 AJEA0] £ BX H|W : (Z}) 27 HE N, (?) 27LY HE =
Fig. 9. Feature distributions of the HiEve-13 sequence : (left) before scaling and (right) after scaling
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Table 4. Experimental results of the proposed method combining nonlinear transform and scaling

3 &}

3 47 v WSk 2AYRS A ALsk AR
¢ 455 FCTM v8.1 B 97 F& w3} vlust 235
UebAT) Instance Segmentation B]o]EJAlo] M= H] A&
HE B AAYE w5 AL A9 iR E s A
7dgFo] HFF AT o] segmentation YF7F AA FA
2 g & ek st 27 SAS A7) Wi
of, 54 HlAE wg @ AAAY oA AL 7
AE7E 4 EAH HEo R SAEY. T8y 54

B
JFoAM ] AT stgole B3t At WS FCTM
1 B AA B 3.14%2 BD-rate ©| 52 &4 3}, 1)

Proposal Proposal vs remote
(Nonlinear transfoom+Scaling) vs FCTM v8.1 inference
Task Dataset BD-rate EncR DecR BD-rate
Instance Segmentation OpenlmageVV6 1.92% 100.818% 97.991% -95.64%
OpenlmageVV6 -8.06% 99.539% 101.040% -95.49%
Objact. detaction SFU Class A/B -9.11% 97.663% 88.377% 8.62%
SFU Class C -0.55% 101.934% 83.573% -88.72%
SFU Class D -4.03% 98.880% 88.668% -88.24%
TVD(OVERALL) -1.79% 94.108% 80.366% -96.03%
Object Tracking HIEVE(1080p) -2.72% 92.992% 81.186% -95.56%
HIEVE(720p) -0.76% 94.210% 80.733% -92.53%
OVERALL -3.14% 98.824% 90.002% -80.45%

mAP (%) vs Kbps
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Fig. 10-1. R-P Curves of the proposed nonlinear transform and scaling

method for the SFU Class D
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Fig. 10-2. R-P Curves of the proposed nonlinear transform and scal-

ing method for the HiEve 1080p
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