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Research on neural network recommendation algorithm
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[ Abstract] In view of the overload of campus information and the lack of personalized and autonomous learning training in
professional training programs, this paper conducts research on autonomous learning recommendation based on user portraits, and
studies and optimizes the design of improved DNN classification recommendation algorithm based on sparrow algorithm, to achieve
more conducive to students” autonomous learning recommendation training. This paper conducts comparative experiments on the
training set results of four activation functions, and concludes that Sigmoid verification set should be used as the activation function
finally; Secondly, the results of the gradient descent verification set are compared, and it is concluded that Adam optimizer is
required ; Then, through the research on the adaptability of the common objective functions to the sparrow algorithm, it is concluded
that the sparrow algorithm is suitable for searching the optimal DNN model. The final experimental research conclusion table name,
based on the DNN model optimized by Sparrow algorithm, has a strong degree of optimization, and has well achieved the training
goal of autonomous learning based on user profile characterization recommendation in smart campus.
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Fig. 1 Schematic diagram of deep neural network structure
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Fig. 2 Structure of deep neural network
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Fig. 3 Sigmoid function image

—E BT, Sigmoid FH PRECRE NS AR 4 A9 17
TR i 5 A AR AT A R R
P, fH Sigmoid PRECHLAT1E— E [ R BRI, 4 7 2
KA, 22 i pR B WS S50 R, S80I i 2
R 5 AR RO /N B RE e 1) O JE G, T
W B i) A, 7 5 S BUR BB LT 2K
1.2.1.2  Tanh pR%L

Tanh PRECE —FPEL T Sigmoid PRELHI ;e , 25
Anz(2) , A BN 4 s,

X -X
e —e
fla) =—— (2)
e +e
1.0
0.8
0.6]
0.4
0.2
F 0
o~
-0.2

-0.4
-0.6
-0.8

-1.0
-5 -4 -3 -2 -1 0 1 2 3 4 5
X'

El 4 Tanh HEEG

Fig. 4 Tanh function image

] Sigmoid PREUAH E , Tanh pR&CE HH {E BLET
FITE-1~1 Z ], REC BRI E 4 if7R, BT Tanh
BRECH H (BN 0, DAL Ik I 4% 310 2 A Wi S5 o
R SR A (AR KA /N B B S Bl T
1.2.1.3 ReLU pR%k' "

WS FTR RelU $#47 PR A B S 00 0] A . 24
B R SR WL 25 5 0, AR BB AS 1 7 i
5, T ReLU BRBUTE x > 0 BYMH L FBEEE AR & %



98 BOfE b &Ml

5 M B3 %

HARAR AR BT B B PR T Sigmoid 5 Tanh bR
TER R BRPEI) R, 325 B A58 5 vk faf A i HL
WS R, (FLIHG ek B8t A7 A DR DA A8 B 5 v T
B0, I ZIC AT BE TR O

h()_x,xBO (3)
YT 0x <0

Y#ih

S5 4 -3 2 -1 0 1 2 3 4 5
X
B 5 ReLU E#E%
Fig. 5 ReLU function image

1.2.1.4 ReLU6 %"

H T ReLU MREOBEE 2 1, S ARG —1
ARFABIT, XsF o P i {32 L2 it 25 AR K, S 30X
EATEE , AT X —1E O, v L ReLU6
PRIESOI TH 0 % PR AR RO ZR PE RS K. ReLU6 2k 20N
HKi(4),RelLU6 pR%L S T pRELANIE] 6 FITR

f(x) = min(max(x,0),6) (4)

-10 8 -6 -4 -2 0 2 4 6 8 10
X fih

Bl 6 ReLU6 &#E %
Fig. 6 ReLU6 function image

AR ST RO PR BB S B v R T AR ) A
SN T, R PR, SRR E LR 1,
BRAEXT LR 4 FhioE eR BT T, LSS R AaniE 7 iy
No

H &l 7 7] UL, Sigmoid (IS pRETE VI 2R 4 TR
SHATE BT, Btk £ JF A & HE, R Bl LG
PRI AR SCE$E Sigmoid 387 PRELVE A DNN #1Z8TT 11
PG PRER

R1 HEBRBXLEIBSEHIEE

Tab. 1 Parameter setting of activation function comparison
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Tab. 2 Parameter settings for gradient descent optimizer comparison
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Fig. 8 Comparison experiment of two gradient descent training sets
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Fig. 11 Flow chart of improved DNN classification recommendation

algorithm based on sparrow algorithm
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Tab. 3 Sparrow algorithm parameter setting
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Tab. 4 DNN network parameters optimized in sparrow algorithm
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Tab. 5 Comparison of DNN network parameters
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