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Abstract

This paper provides an overview of neural network-based feature transformation techniques used in FCM (Feature Coding for
Machines), with a particular focus on the lightweight structure adopted in FCTM 6.0, known as LightFCTM. LightFCTM is
designed to reduce the computational and memory complexity of the original FCTM architecture. It comprises two main
components —LightFENet and LightDRNet—and incorporates three key modifications: structural simplification, a sequential
reconstruction mechanism, and reduced channel dimensions. The paper outlines the general structure of LightFCTM, which is
scalable by layer depth, and explains its core components and underlying design philosophy. Through ablation studies, the impact
and justification of each design element are examined. LightFCTM demonstrates more than 50% reduction in complexity and over

30% improvement in BD-rate compared to previous versions. The paper also analyzes performance degradation observed under
certain conditions and discusses potential directions for future improvement.
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Table 1. Comparison of computational and memory complexity between the original feature transform/inverse transform

networks (FENet/DRNet) and the proposed LightFCTM

Encoder Complexity reduction rate | Decoder Complexity reduction rate
(%) (%)
weights kMac/pixel weights kMac/pixel
Instance
Segmentation OIve
Oolve
. . SFU AB -51.92 -42.24 -70.62 -35.49
Object Detection
SFU C
SFU-D
TVD -54.44 -46.42 -78.69 -47.51
Tracking HiEve 1080p
) -55.78 -49.34 -71.41 -50.96
HiEve 720p
OVERALL -53.20 -43.40 -72.21 -37.66

E 2. FCTM B 5.0 CHH| LightFCTM2| As H|m

Table 2. Performance comparison between FCTM version 5.0 and LightFCTM

proposal vs FCTM-v5.0 anchor propo§al vs Remote
inference
BD-rate EncR DecR BD-rate
Instance OpenimageV6 -1.63% 90.879% 100.941% -94.30%
Segmentation
Object detection OpenlmageVV6 -24.74% 52.205% 99.179% -94.86%
SFU (Class A/B) -45.55% 65.894% 87.848% -49.92%
SFU (Class C) -39.53% 57.499% 74.599% -88.59%
SFU (Class D) -63.58% 51.127% 87.542% -90.18%
Object Tracking TVD (OVERALL) -38.21% 60.989% 59.570% -94.81%
HIEVE (1080p) -1.72% 66.481% 61.279% -91.53%
HIEVE (720p) -21.44% 66.382% 67.227% -91.61%
OVERALL -30.30% 63.099% 84.947% -86.97%

o
¥ 1& FCTM v5.0 thH] LightFCTM 9] <15t ¢} t] Y
AT AAES HYEth B4R 4 A2 v
EREl weights9} A4 B335l kMac/pixel®] ST
Weightst= =299 F Ve $& veElHH, Mac
(Multiply accumulate)> 241-5A1 44He] & o|n| gt}
wp2bA] KMAC/pixel 98 o|v]A] g AT Hdo] &
o] FA-9A ks FsteAE ek Th LightFCTM

~

< FCTM v5.0 the] v i2] 3 A4t B =5 oF 50% 4
Al Z T

1% 32 FCTM v5.0, LightFCTM, 123 remote-in-
ference®] Q159 B t]ZH A7 ¥l AHE HoFE <l
T4 AlZF Sl A remote-inference= ¥ 94E VVC

FYO 7 AZEE AFT AJ7ko] AQHY, o]+
2

¢

o

H SAYTHE VVCE 953t FCTM 78 25
Hwd o #2435 71 AS g9 5 Atk 59
LightFCTM 94k B3t 7H4o) whel FCTM v5.0 thH)
A AZke] F7HZ 7As A0 2 vephdth v fF



348 WEFES| =) A30Q A33, 20259 59 (JBE Vol.30, No.3, May 2025)

Input[C, h, w] | Input[C, h, w]
Residual Block Residual Block
Input[Cy., b, ] Conv(1x1, C, C//2) ReLUO ReLUO
Conv(3x3, €y, Cy) | Conv(Ixl, €y, Gy) | ReLU() Residual Block Residual Block
LeakyReLU() ReLUQ ReLU(
Conv(3x3 , Gy, Cy) Conv(3x3, C/12, C//2) Residual Block Residual Block
LeakyReLU() ReLU() ReLU() ReLU()
add Conv(1x1, C//2, C) Conlx, &, 9
: add mult
Output[C, h, w] Output[C, h, w]
FABIock(C,C) ResBlock(C,C) AttnBlock(C,C)
T2 2. LightFCTMOA ARRE= 7|2 22 71X
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Fig. 5. Structure of the sequential restoration block with lightweight feature map adaptation blocks when the number of
intermediate feature map layers is three. (Top) Bottom-up restoration block. (Bottom) Top-down restoration block
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Fig. 6. Rate and performance graph of each model on object tracking
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