Journal of Computer Applications ISSN 1001-9081 2019-10-10
#E A2 A, 2019, 39(10) : 2809 —2814 CODEN JYIIDU http: //www. joca. cn

W EHS :1001-9081(2019)10-2809-06 DOI:10. 11772/j. issn. 1001-9081. 2019040624

B I B e 1 D) 4 B 7 R A 42 I 4% Ry R AR

LR SRS N S T S
(1. REWERE 5 ERRBAREE, 1T K% 116026; 2. Wbk 2 51 BRE 2, WL ffse 071002)
( * MfF{EE B T HRAE rchen. cs@ gmail. com)

i EHTEARSOREELE, RENERMERS A SMEFM, H T &Y % P &EE 6 R A F
R, RE A A TR BRERBERNGEAESIRET &, A, FRALTETZ W40, s BE AR F 4 L1
RHGFEEZTRHATAE B A, ARAE 12 B h BB LI ERGRMES, Lk, KadteyRERL
BABRESIGRNBERMES  LREXFHENRY LT RANZAELAKG IR, RE, P hdateR
M AR R f AT 22 W) S ARAL P B B4 AR /) Fe Oracle MR, 3 o B 36 L AR IR ZAR A Z —FF £ e § 4569 E R LS
o RE,ESAMBEAMASEFAMMEER T AT LL L2 fe B M EN AR, &5 HewamXR LT+
1% 87.09.88.54 2 47. 02, 5 £ MK AEHAETHH-FHRE53.982.92 3.8 M F5 4, O, EE SR ZHHH
WL T AL e M WA T AR B RIEEA B MG  RIARACH S ah gt R A S T ehid
S,

SRR AP Z W AR IR ST 5 E R B B AR M

B 43S TP183 MNEREE:A

Improved elastic network model for deep neural network
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Abstract: Deep neural networks tend to suffer from overdfittingyproblem because of the high complexity of the model. To
reduce the adverse eeffects of the problem on the network petformance, an improved elastic network model based deep learning
optimization method was proposed. Firstly, considering| the strong correlation between the variables, the adaptive weights were
assigned to different variables of L1-norm in elastic “network model, so that the linear combination of the L2-norm and the
adaptively weighted Ll-norm was obtained. Then, the solving process of neural network parameters under this new
regularization term was given by combining improved elastic network model with the deep learning optimization model.
Moreover, the robustness of this proposed model was theoretically demonstrated by showing the grouping selection ability and
Oracle property of the improved elastic network model in the optimization of neural network. At last, in regression and
classification experiments, the proposed model was compared with L1-norm, L2-norm and elastic network regularization term,
and had the regression error decreased by 87.09, 88.54 and 47.02 and the classification accuracy improved by 3.98, 2.92
and 3. 58 percentage points respectively. Thus, theory and experimental results prove that the improved elastic network model
can effectively improve the generalization ability of deep neural network model and the performance of optimization algorithm,
and solve the overfitting problem of deep learning.
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Tab.1 Datasets used in the classification experiment
, AR
wak RER P iee wws  wes
Human 561 6 500 200 200
Image 19 7 500 200 200
Car 6 4 500 200 200
Balance 3 400 100 100
Pima 8 2 400 150 150
Sports 59 2 500 200 200
Contraceptive 9 3 500 200 200
Vehicle 18 4 500 150 150
F2 FTWAHAERBERBIES
Tab.2 Datasets used in the regression experiment
. . FEARK
R R Nige wwe  wes
Airfoil 5 300 100 100
Concrete 8 300 100 100
Estate 6 250 80 80
Power 4 300 100 100
Wine 11 500 200 200
Mortgage 15 500 200 200
Stock 9 500 200 200
Weather 500 200 200
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Fig.2 Logarithm loss curve of four datasets
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Tab.3 Accuracy of four methods on classification test sets
. A (ACC)/ %
E 6/
L1 12 EN AEN
Human 80.00 83.99 81.49 87.50
Image 82.99 83.49 82.99 87.99
Car 92.50 93.99 92.50 94.99
Balance 92.00 92.00 94.99 97.00
Pima 75.99 75.99 72.67 77.33
Spéris 82.99 84.50 81.00 86.00
Contraceptive 46.50 45.50 48.50 50.00
Vehicle 78.66 80. 66 80. 66 82.67
T HME 3.98 2.92 3.58 —

x4 EHFEEEDRBENRENREER

Tab.4  Final results of four methods on regression test sets

. 7752 (MSE)
L1 12 EN AEN
Airfoil 23.8702 28.0700 22.6269 14.8174
Concrete 72.3202 58.3473 47.7001 45.2417
Estate 220.7445 270.2336 157.6485 152.9333
Power 124.3598 128.1608 126.8739 74.1758
Wine 43.4986 49.4433 37.9569 10.9873
Mortgage 327.3597 357.4577 190.8707 94.3630
Stock 80.5898 70.6077 48.6104 39.8147
Weather 448.6036 390.6130 388.5385 212.2920
TRE{E 87.09 88.54 47.02 —

EHE R
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Fig.3 Accuracy difference between training set and test set of
classification datasets
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