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Abstract:  Recently, convolutional neural network (CNN) have demonstrated strong performance and are widely used in many fields.
Due to the large number of CNN parameters and high storage and computing power requirements, it is difficult to deploy on
resource-constrained devices. Therefore, compression and acceleration of CNN models have become an urgent problem to be solved. With
the research and development of automatic machine learning (AutoML), AutoML has profoundly impacted the development of neural
networks. Inspired by this, this study proposes two automated accelerated CNN algorithms based on parameter estimation and genetic
algorithms, which can calculate the optimal accelerated CNN model within a given accuracy loss range, effectively solving the error
caused by artificially selected rank in tensor decomposition. It can effectively improve the compression and acceleration effects of the
convolutional neural network. By rigorous testing on the MNIST and CIFAR-10 data sets, the accuracy rate on the MNIST dataset is
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slightly reduced by 0.35% compared to the original network, and the running time of the model is greatly reduced by 4.1 times, the

accuracy rate on the CIFAR-10 dataset dropped slightly by 5.13%, and the running time of the model was greatly decreased by 0.8 times.

Key words: tensor decomposition; convolutional neural network; automatic machine learning; neural network compression; neural
network acceleration
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Fig.1 CP decomposition of four-order tensors
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Fig.3 Convolution layer after CP decomposition
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Fig.6 Convolution layer after Tucker decomposition
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Fig.7 Auto acceleration CNN based on parameter estimation
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Combn[1,...,L]=0 /HERIIH 5
Group[1]=[1,...,Max_Rank[1]] //Max_Rank 2 =(28)

10: Level=1
11: while Level>0 do

12:  while Level!=L do

13: if group[level].lenth==Combn[Level] then

14: Level—=1

15: break

16: else

17: Combn[Level]+=1

18: Level+=1

19: Group[Level]=[1,...,Max_Rank[Level]] //Max_Rank 2% 3,(28)
20: if Level!=L then Combn[Level]=0

21:  if Level==L then

22: time, Best_rank=top_one(Combn,Group) /& $& e A Rk DL B AR 7Y T3 i [7)
23: Combn[Level]=Best_rank

24: Progm.add([time,Combn.copy])

25: end

26: end

27: return Progm.min(key=time)
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Fig.9 Auto acceleration CNN based on genetic algorithm
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Output: it I L Fk &+ 75 %€ Progm.
1: C=Constraints(W)
2: Go=Random(P), s.t. C
3: for i=0:N do
4 time, accuracy=Compressed_Model(G;)
5: G, time, accuracy=Selection(G; time,accuracy,Acc)
6 Gp=Mutation(G,M)
7 G.=Crossover(G,S)
8 Gi=Gn+G,
9: end
10: Gyop=Top_one(Gy,time,accuracy,Acc)
11: Progm=decode_to_rank(Gep)
12: return Progm

[
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e PE-CP 5 PE-Tucker J& A SCHE H 2T 2 5005 1H 1 B B4k in s G R 48 1 45 7 72,
e Gene-CP 5 Gene-Tucker J& A8 SCH H 136 T80t A% 5032110 B 34k s 6 B 28 9 45 7%
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Fig.11 Model accelerated effect varied with rank
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Table 1 Comparison of different methods on MNSIT
F 1 MNIST ##idE EA R Jrikxt L
JE46 75 1% ACC (%) Time Cov Floats Cov FLOPs
T I 4 99.26 14.8 52 096 2.13e7
cP 98.93 3.2 1056 7.54e5
PE-CP 98.91 2.9 758 5.7e5
Gene-CP 98.91 2.9 758 5.7e5
Tucker 98.82 3.9 5184 1.24e6
PE-Tucker 98.82 3.6 1651 5.23e5
Gene-tucker 98.88 3.8 2 586 7.18e5
Table 2 Comparison of different methods on CIFAR-10
% 2 CIFAR-10 4l 4E AR J7dxd b
FE4E 751 ACC (%) Time Cov Floats Cov FLOPs
To R4 76.31 8.8 107 328 3.5e7
cP 71.64 5.8 2278 1.1e6
PE-CP 71.18 4.9 2063 9.92e5
Gene-CP 71.75 5.0 2201 1.02e6
Tucker 71.73 5.7 10 880 1.97e6
PE-Tucker 71.32 5.4 5690 1.21e6
Gene-tucker 71.39 5.5 6 054 1.27e6
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