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Evolutionary Computation Based CNN Filter Reduction
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Abstract — A convolutional neural network (CNN), which is one of the deep learning models, has been very successful in a
variety of computer vision tasks. Filters of a CNN are automatically generated, however, they can be further optimized since
there exist the possibility of existing redundant and less important features. Therefore, the aim of this paper is a filter
reduction to accelerate and compress CNN models. Evolutionary algorithms is adopted to remove the unnecessary filters in order
to minimize the parameters of CNN networks while maintaining a good performance of classification. We demonstrate the
proposed filter reduction methods performing experiments on CIFAR10 data based on the classification performance. The
comparison for three approaches is analysed and the outlook for the potential next steps is suggested.
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Fig. 1 CNN model structure
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Fig. 2 Classification of CNN structure/parameter optimization
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Fig. 3 GA chromosome for deleting CNN filters
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Algorithm 1 Evolution of CNN Filter Deletion

CNN training for train dataset
t<0
initialize P(#) // individuals for filter selection
procedure Evaluate P(?)
CNN test for test dataset
calculate accuracy
while not termination-condition do
t «t+1
select P(#) from P(t-1)
crossover and mutation P(z)
procedure evaluate P(2)
CNN test for test dataset
calculate accuracy
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Fig. 5 Filter deletion methods (a) one time deletion (b)
layer by layer deletion (c) iteratively partial deletion

4.4 ¥

CNN ZE AA Age F 10l L2 Convl2 HEYFo| thsh
A CIFAR10 EIOJHE Algsit). ®g} oAt IEe tig g2
GA THEHE AFRSI0] GTX-1080Ti GPU SZAOA $3EC}

#E 1 Convl2 HIEQIAS] TEiAlE
Table 1 Parameters of Convl2 model

Layer Output Shape Filter Size Parameters
Input 32 x 32 x 3 0

Convl 31 x 31 x 32 2X2 0.42K
Pooll 15 x 156 x 32 2X2 0

Conv2 14 x 14 x 64 2X2 8.26K
Conv2 13 x 13 x 64 2x2 16.45K
Pool2 6 x 6 x 64 2x2 0

FC 295.04K
Output 1.29K

Ao AFE GA nEHe tS1} 2t
Number of generations: 20
Population sizes: 50

Crossover: 0.85

A
1.
2.
3. Selection: Tournament (size=7)
4.
5. Mutation: 0.2
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T 2= GA 7l A s AR wHoz MA ZE9
156%E ARt & Foloist ZBATolA 28 HEHA9
89.7% AYTEE AU, A & HEYAE 500 epochs M5
5101 98.3%2 H5g UL 0l Edl B AFoA AlEs GA

}+

=
Z)o] WE AR wiol gEEe @ 4 Ao

E 2 GA 7I¥F HH FA4-FA shH AA(156% ARIE)
Table 2 GA-based filtering reduction 1-one time deletion
(15% reduction rate)

.. GA Filter Retrain after GA Filter
ACC Data  Original Selection Selection (epoch 500)
57.94%
- 0, 0, o)
CIFAR-10 64.60% (89.7%) 63.55%(98.3%)

¥ 32 Z2 UHoR A HH9 31.3%E ARl = d2
HEXZ 832% FH&SLE i, AAE UENIE 500
epochs AiSt5510] 934%9 d5& ARUCE & 10] HISH ZH
S FHi 71 ARIZICER g 27 850 Bol Aot
i, AMsks 2ol F 10] HoiA {E HEND €53t 64%
Aot 22 ARlEol Hishke s Aot A

ong He 7ol YEYAS Ae) w0l A4S WRR o
ASdE R8st B ¢ Uk

B 3 GA 7lHt " F4-FR ohH ARI(156% AAIE)
Table 3 GA-based filtering reduction 2 - one time deletion
(31% reduction rate)

. GA Filter Retrain after GA Filter
ACC Data Original Selection Selection (epoch 500)
53.74%
CIFAR-10  64.60% 60.33%(93.4%)
(83.2%)

RFE 37FA] Zstolst wiol v At & 40 Lok
Ch A& AMAll(One time deletion) HP#Holl vl S AMFl(Layer
by layer)Q} BH=A HE Abg|(Iteratively Partial Deletion)”} &
AN O 5E190M, 15%9 31% ARle 7t A xolE e
ZQrt ol AR AR MEHeE S AEAEQ FESL
FUEQAY] HREOZ HOILL HHEd RHE AFZ S ARAl
HIBIAE 9 O 25 A4S LIERNQICH

T 4 37}K GA 78 TE =4 9RO HIW(15%/31% AHIE)
Table 4 Comparison of three GA-based filter reduction
methods (15%/31% reduction rate)

ACC One Time Layer by Layer Iteratively Partial
Reduction Rate Deletion Deletion Deletion
15% 89.7% 99.6% 99.8%
15% (Retrain) 98.3% 99.7% 99.9%
31% 83.2% 97.7% 98.6%
31% (Retrain) 93.4% 98.7% 99.2%
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Fig. 6 Visualization of the activation map (a) original
activations (b) updated activations (c) removed activations
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