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User portrait based on self-attention mechanism
ZHANG Wei, CHEN Zeyu
('School of Electrical and Electronic Engineering, Shanghai University of Engineering and Technology, Shanghai 201620, China)

[ Abstract] The word vector generated by the traditional word vector model is difficult to express the polysemy of a word and to
learn the dependence between words. In view of this, this paper proposes a user portrait based on self—attention mechanism. Firstly,
the self—attention mechanism is adopted to encode all word information into each word, learn the semantics of the words in the query
sentence, and understand polysemy and polysemy. Then the multi-head attention mechanism is used to improve the model’s ability
to fully understand the complex semantics between words in the query sentence. Finally, support vector machine ( SVM)
classification algorithm is used to get the classification results of the basic attributes of users, and the user portrait is constructed. The
experimental results show that the classification accuracy of the model is higher than that of the word vector model and LDA model.
[ Key words] Self-attention mechanism; Word vector; User portrait; SVM
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Fig. 1 The structure diagram of attention mechanism
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Fig. 2 Encoder structure diagram
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Fig. 3 Multi—head self-attention calculation process

1.3 SVM 4Z4EH

SVM J&—F T 4eit 5 2 B bLes 5 >
TE o P2 NI oy iU N D S
Gy AeER  WE SUPERAIE 25 (8] L 18] b fe KAk o7 =X,
HARNTFIAL, SVM Fre & B2 45 15 , i H sl h
SR RARLR 25 RE

SVM “#2]  Be g 1E 8 73 25 U1 e gk is 4%, JF HJL

ARG AL A BT . -2 + b =0 B RV
FETE O AT R T SR w0 I b BT
A BT PR B I A 2 (2) e «

(2)

P P AT Rl A R A R A SR 1) o, 21
ARV SZ A [f) S5 0RF T B BEES RR N : y = max

”1zomM%%%¢%§ﬁHwn%%ﬂ%ﬁ
w
y fH.

2 ETEEENNGHNARPEGER

TEARR LR B ERE VLG K.Q fV 2
AHE, i Q 5 K AHIEAS E]—> attention score
T, AR RFERE Q #1 K, ] LA B {a] e S 3]
AlRZs 8] F, $& 75 attention score %E [ 172 AL HE 11,
H T I HL BB B — J SCAS v A AN a]X 0 SC

A v Al 1] ) G T AR B SRR ke ) A 2 g
“FRANNZ IR P O ORI T X A by L 4R
AR R i TR R R R
XERY . {HE T self-attention A& “ H” 5 XA HE
IR SCTERR R, AT L OB A 1 1 R A T A
“SERT b

FRAL % A2 T Transformer F% A B 18] 1Y)
Ji 0t 2 i B AL B A AR I S R A . F
R IHLHI AT LUK S A 81 b T A B L A i
—/ g rp ) B A SCAS [a] S FDRE I 2545 210 A9 25
il ) AR IR R, R A 9 A — AL
B W CLS |, AU R 25 o 5 1) it 1] £ B oA SC
AT o B A AR T SR P R AE RO 73 2R A5
RIh PP R AT 4028 . BT BRI ALH B
PR AR 4 PR

BT B R I HLE B T R AL E 5 i
TN HETESIHUAL BRI .

(1) X — A A Y 91 00 2 I o7 O B — >
[CLS],

(2) JH 10 )22 Encoder 4 AJF51) i) B3] i 47
s,

(3) Gifithtse o — 0 B B4 AR P RHE

(4) AT SVM J3 2850 3E R P ARFIE 2325



52 oBe

510 %

Test Trai .
Emi::«ling Eml]):(]ﬂng SCAS T AL B
T A PERIALY s
FHP AR
HF Wl b+ S| 2 R il ki
Syt

SRR R SR

LIS

A S

i

B4 ETFEIFEANNHNAPEGITRE

Fig. 4 User portrait process based on self—attention mechanism
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