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METHOD
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At inference time, the
filter is reconstructed
from these stored values

We save these series
coefficients, instead
of the original filter

We consider the dis-
crete values of a given
filter/channel as a
continuous function

We approximate these
continuous functions with
a Cosine or Chebyshev
series using fewer values
than the original filter

Unlike comparable methods[1, 2], our approach does not require training from scratch. Instead, we require only a small amount of fine-tuning (5 epochs).

RESULTS

Original Kernel ~ CosConv Approximation ChebConv Approximation

CIFAR 10:
ResNet-20 ResNet-32
Layer PreTop1 PostTopT A Pre Top1 PostTopT A # Params A % s o
Conv2D - 91.73 - - 92.78 - 0.46M 0.0 * o =t oo o
Fractional[2]  91.25 91.29 0.04 - - - - - |
FracSRF[1] - - - 92.28 91.60 -1.18 0.16M 34.00
FracsSR FT 10.00 38.08 ~93.65 9.82 57.91 -54.87 0.15M 33.43 ConvNeXt 0.0, C,: 23, Cj: 0 Lz?rlo!g;eG—OB ch?rgggesf% LZ?rZO!SBeG—OB Lz?rfidgl;e5—03
> 3,3,3,2 87.22 90.75 -0.98 87.74 91.57 -1.27 0.27M 57.74
§ 3,3,2,2 51.43 89.65 -2.18 75.62 90.99 -1.79 0.22M 47.35
@ 3,2,2,2 21.16 86.99 -4.74 16.52 88.4 -4.38 0.21M L4 57
O 2,2,2,2 17.55b 85.98 -5.75 15.39 87.87 -4.91 0.21M 44 .48
= 3,3,3,2 87.22 90.76 -0.97 87.74 91.48 -1.30 0.27M 57.74
S 3,3,2,2 51.43 89.83 -1.90 75.62 91.16 -1.62 0.22M 47.35
2 3,2,2,2 21.16 87.79 -3.94 16.52 88.48 -4.30 0.2IM 4457
S 2’212’2 17'55 86.66 _5.07 15.39 88.16 —4_62 0.21M 44.48 ResNet convl, C,: 23, C;: 2 L2: 2.72e-04 L2: 8.09e-04 L2: 3.35e-04 L2: 1.84e-03
T indicates using our regression and retraining approach.
ResNet-18 on ImageNet: L.
CosConv ChebConv o o1 -
Configg PreTopl PostTopl A% PreTopl PostTopl A% #Params. A%
C O nv2 D _ 6 9 . 76 O ] O _ 6 9 . 76 O . O ‘I ‘I . 6 8 M 0 . 0 ConvNeXt 1.1, C,: 100,Ci: O Lz(:)er.ggeG_O?) L2??.SS£O3 L2(:)r7d.§£1:e§03 L29r7d.§;e5-03
6,3,3,3,3 69.46 70.19 0.438 69.32 70.11 0.35 11.68M 99.98
6,3,3,3.2 64.33 68.97 -0.79 64.11 68.62 -1.14 7.09M 60.70 gl 1o Lo
6,3,3,2,2 56.59 657.90 -1.86 b6.3b 67.23 -2.53 5.94M 50.88 o o o o o
5,3,3,3,3 66.71 69.80 0.04 65.79 69.74 -0.02 10.99M 94.10
5,3,3,3,2 60.81 68.53 -1.23 59.71 68.15 -1.61 7.09M 60.68
5,3,3,2,2 H1.92 67.48 -2.28 13.58 65.44 -4.32 5.94M 50.86 o oo o5 oo o5
4,3,3.32  56.21 68.05 -1.71 54.37 67.34 -2.42 7.09M 60.67 R o o o o
ConvNeXt-T on ImageNet: o :x g:gg
Pre Top1 PostTopl A% #Comp. Params. A% ow
Conv2D - 82.10 0.33M 0.0
7><3’ 7><3’ 7><9’ 6X3’ 80.27 81.19 _0.91 O.BON 90.90 ResNet convl, C,: 18, C;i: 1 L2:r1.(;ge—04 L2:7.1£ie—04 L2: 1.62:e—04 L2:9.37:e—04
T3, T%3,0x9, 0x3 70.10 79.94 -2.16 0.26M 77.25
T3 T%31 9%9: D%x3 62.40 79.28 -2.82 0.19M H8.01
D%319%31 Ox9s Dx3 14.94 77.29 -4 .8 0.T/M H1.71

Order: 5
L2: 9.20e-05

Order: 5
L2: 8.75e-05

Order: 6
L2: 6.41e-05

Order: 6

ResNet convl, C,: 23,Ci: 1 L2: 6.54e-05
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QUANTIZATION

Applying simple quantisation on top of our method to ResNet-18 on ImageNet:

CosConv ChebConv BMVC. 201
bits Config  Topl Quant. Topl A Topl Quant. TopT A # Params Model size (MB)
8 Conv2D 6976 6974  -002 69.76  69.74  -0.02  11.68M 23.4 21 J. zamora, J. A C. Vargas, A Rhodes, L. flachman, and N, Sundarare-
8 63332 6897 68.12 -0.85 67.23 67.39 0.16  7.09V 14.2 J/?:rc]:v W%r;;(’gh‘g";”aa 'e Seg §3p_p3rg;”8§t;°b“ef;'0”§1 ractional calculus. In
8 63322 67.90 65.23 -2.67 65.63 65.20 -0.43  5.94M 1.9 Ps: Pag ' -
4 Conv2D 69.76 69.28 -0.48 69.76 69.28 -0.48  11.68M 17.5
4 63,332 68.97 66.70 -2.27 67.23 66.50 -0.73  7.09M 10.6 CODE AND PAPER:
4 6,3.3,22 6790 64.10 -3.80 65.63 63.88 -1.75  5.94M 8.9
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