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Introduction Contributions

1. Proposed the fractional Gaussian filter and pruning (FGFP) framework, which
combines the fractional Gaussian filter (FGF) and adaptive unstructured pruning
(AUP) to reduce the number of parameters significantly.

2. Used the channel-attention mechanism to design two forms of the fractional
Gaussian filter (FGF): CA-FGF & 3D-FGF

Network compression technigues have become
increasingly important in recent years because the loads
of Deep Neural Networks (DNNs) are heavy for edge
devices in real-world applications. While many methods
compress neural network parameters, deploying these
models on edge devices remains challenging. To address 3. Conducted comprehensive experiments with recent methods on two benchmarks,
this, we propose the fractional Gaussian filter and pruning CIFAR-10 and ImageNet2012.
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Pruning (AUP) to achieve higher compression ratios.
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Fractional Gaussian Filter
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Method Post.Trained Model T Top-1 Accuracy (%) Method bt Trained Mode] T Top-1 Accuracy (%)
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Baseline Compressed A ] ) P Baseline Compressed A | Parameter CR (%)
ResNet-20 ResNet-18
SCOP (Tang et al., 2020) Sparse 92.22 90.75 .47 56.3 FR (Chu & Lee, 2021) Low-Rank 69.76 69.04 072 57.0
Hinge (Li et al., 2020) Low-Rank + Sparse 92.54 01.84 0.70 55.5 LRPET (Guo et al., 2024) Low-Rank 69 76 67 87 1 89 50.3
Egigg&fgg ((;;1;5)) gzzzgzgi Eiﬁg : ggz:z g: 'gj gg-;j ?'gg 22,?, FGFP(3D-FGF) (ours) Fractional Filter + Sparse ~ 69.30 68.61 0.69 60.1
PSTRN-M (Lietal.2023) LowRank  9L25 8930 195 os 5~ - - - FGFP(3D-FGF) (ours) Fractional Filter + Sparse ~ 69.30 6828  1.02 74.7
ELRT (Sui et al., 2024) Low-Rank 91.25 89.64 1.61 83.4 ResNet-50
TDLC (Liu et al., 2024) Low-Rank 91.25 88.58 2.65 80.5 | _
FGFP(CA-FGF) (ours) Fractional Filter + Sparse ~ 91.34 90.20 1.14 81.5 igl; (Ruan ffl,ﬂ'_‘* 2?21” 2024) Low Rsﬂ“k + Sparse ?2?2 ?233‘ ggg gz'z
FGFEP(3D-FGF) (ours) Fractional Filter + Sparse ~ 91.34 89.82 1.52 85.2 FUnIng Lxtan et at., parse ' - ' '
SFI-FP (Yang et al., 2024) Sparse 76.15 75.21 0.94 57.3
ResNet-32 CORING (Pham et al., 2024b) Sparse 76.15 75.55 0.60 56.7
SCOP (Tang et al., 2020) Sparse 92.66 92.13 0.53 56.2 FGFP(3D-FGF) (ours) ~ Fractional Filter + Sparse ~ 76.16 7564 052 574
PSTRN-S (Li et al., 2022) Low-Rank 92.49 01.43 1.06 60.9 Stable (Phan et al., 2020) Low-Rank 76.15 74.68 1.47 60.2
FGFP(CA-FGF) (ours) Fractional Filter + Sparse 92.64 92.11 0.53 76.1 CC (Lietal., 2021) Low-Rank + Sparse 76.15 74.54 1.61 58.6
FGFP(3D-FGF) (ours) | Fractional Filter + Sparse  92.64 9192 072 76.1  FGFP(3D-FGF) (ours) = Fractional Filter + Sparse ~ 76.16 7542 074 62.7
Eﬂfﬁéﬂ {;a ft zldﬁ?ﬂl iﬁﬁ:ﬁ gi-jg g?g? : gg gg-j AHC-A (Wang et al., 2024) Sparse 76.20 74.70 1.50 63.4
2 | - : - - - LRPET-S (Guo et al., 2024) Low-Rank 76.15 73.72 2.43 64.0
e Sl S = S 3 o0y  FGFPGD-FGF) (ours)  Fractional Filter + Sparse 7616 7482 134 668
(OR-FGER(ours) Ll e - - - : NORTON (Pham et al., 2024a)  Low-Rank + Sparse 76.15 7400 2.15 688
WRN-28-10 FGFP(3D-FGF) (ours) Fractional Filter + Sparse ~ 76.16 74.53 1.63 69.1
GrowkEfficient (Yuan et al., 2021) Sparse 96.20 95.30 0.90* 90.7
BackSparse (Zhou et al., 2021) Sparse 96.20 95.60 0.60* 91.6 Ty
FGFP(CA-FGF) (ours) Fractional Filter + Sparse 94,78 03.68 1.10%* 91.6 §::fg;§§
FGFP(3D-FGF) (ours) Fractional Filter + Sparse 94.78 94.24 0.54* 96.8 s can %e//o/




