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Text feature extraction based on sparse balanced
variational autoencoder
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Abstract: In order to solve the problems of low feature differentiation of high-dimensional data in text feature extraction, poor self-learning

performance of rule-based representation learning, and excessive pruning of variational autoencoder, a text feature extraction model based on

SBVAE (sparse balanced variational autoencoder) was proposed. In order to eliminate noise interference and improve robustness of the text feature

extraction model, a bidirectional noise reduction mechanism was designed for variational autoencoder in the input layer of the text feature extraction.

A sparse balance method combined with simulated annealing algorithm of weights of KL ( Kullback-Leibler) terms was proposed to alleviate the

effect of excessive pruning caused by KL divergence, and forced decoders to make full use of the latent variables. The model improves the

discrimination of high-dimensional data features. Experiments were carried out in several aspects, including comparative analysis of text feature

extraction model, sparse performance and influence of sparse balance on the lower bound of variation in hidden space. The results show that the

proposed model has good performance. The highest accuracy of the proposed model of Fudan and Reuters datasets is increased by 12.36% and

8.06% in comparison with that of PCA, respectively.
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Fig. 10  Distribution of latent variables

z_mean ;, in VAE (scatter plot)

GV 2 WA R R EE o e, HES IR A F 0
SO e P 22 B 9 o0 A, SRR T U AL A
BRI BB E I H . HES A T
il Scott IEZS T AT . A 12 &
13 [ 17 M 18 B gi V- 4 PEAT G VAE Hr iy Jr
ZESI A OU AT LAt 01 40 P 98 22 () )
Jr 22 1 R E ARG 2. AT 14 FIE 19 H
GG BERT G VAE g {E A s 00 nT AR
H TP S Y S ELE I O HYfEL AR I 2

600 100

500 20
80
400 70 <
3 60 =
B 300 50 &
40 Mo
200 30 &
Il 0

0 N

oooOOOAOOAOOOAOOA'_"_L'_L'_L'_"_"_‘A
T T T Tl el Iglgl gl |
AAAAA <t (=) oo™ o - Ol Oy <F LR
ERREcRlinIsgoaze=s2s8n
ST AT EnEEtg02on o aac
o OO OO < o O o — —
Lo Lo L Lo L Ll

zZ mean

-_mean,fi

B 11 VAE [958 z_mean,, 5315 (HESI )
Fig. 11

z_mean ;, in VAE (pareto diagram)

Distribution of latent variables

[} o F 4 D)
1000 2000 3000 4000 3000 6000 7 000 §000
TS

& 12 VAE ] o_mean,, 537 (LS E])

Fig. 12 Distribution of o_mean,;, in VAE(scatter plot)

100
90
80
70

600

500

400

300

L
3
RAitaai/%

200

100

13 VAE ¥ o_mean ,, 531 (HEFIE])

Fig. 13 Distribution of o_mean,,, in VAE

(pareto diagram)



S 176 - [ BB K 544 %

700 100
600 20
— SRE 80 ¢
500 — A4k 70 <
400 60 =
Eg300 0 &
40 o
200 30 &
20 g
N\
100 10
—_ 0
R AN S N T S RN
T — 00O O N DO XD — O
O AT TNV oo @Mmo MmN
OOO’\O’\OO’\OO’\OO’\O’\O’\O MMMMMMM o
[ T e o T N o I T o N o N o N e I o M B [
o O oo o 0N o OO N O N O o N « Al
L=~ dondFodomtwo oo
— = 220202222220 ~CaxT
o O o o < — ——
[N
LoD oLl
uimean(k){ﬁ

B 14 VAE [ u_mean,, 5345 (HEFIE)
Fig. 14 Distribution of y_mean ,, in VAE

(pareto diagram )

—15 o
—20 ®
_2'50 1000 2000 3000 4000 5000 6000 7 000 8 000
WkFS
Ei-] 15 SBVAE E"JY&%% z_mear ﬁ%ﬁ( ﬁ&)ﬁ@)

Fig. 15 Distribution of latent variables

z_mean;, in SBVAE(scatter plot)

600
500 ]
<
o5 400 S
5300 &
200 Iz
=
100 %
0
M~ n sy onon SOy — v Oy Oy D
O~ w0 O Tl = OO0y 0\ o
O —= = 0w oO—OO— oW
SO OO SO OO =
[ 5= U B S Ul U e o= B B B
NI RS B e S M RN = S B S Sl )
2en8eineige=8ecci8dce
< o O < o O —— — o —
oL Ll LD LLl
zmean(k){ﬁ
16  SBVAE [t z_mean,, 7341 ($E51 )
Fig. 16  Distribution of latent variables
z_mean ,, in SBVAE (pareto diagram)
1.2
w038
:$
3
V
5
o 0.4
0.0 * o oS o
0 1000 2000 3000 4000 5000 6000 7 000 8000
WHFS

Kl 17  SBVAE (¥ o_mean 531 (i &])
Fig. 17  Distribution of o_mean, » in SBVAE

('scatter plot)

600 100

90
500 80
70
60
50
40
30
20
10

RAitaai/%

420
448’
504
476
364
532
392
336
560
308
588
280
616
644
252
672
700
224
728
756
196
168
140
784
812
868
840
112
084
896
924
008
056
980
028
952

[¥] 18 SBVAE [¥] o_mean,, 534 (HEFE])
Fig. 18  Distribution of o_mean ,, in SBVAE
(pareto diagram)

600 100
500 80
400 e
60
9§300 xR
N 40 m
200 b
o~
100 20
07—17—17—17—17—17—17—17—17—17—1 7—17—17—10
< o hel o oo <t
™0 = A
onoon el N oo
oo < S S S U U S
| < <t | O i
P wy - O 0
Nl <t (oS e
feng Sco
77 7

u 7mean(k){ﬁ

19 SBVAE (1 _mean,,, 51 (HESIIED)
Fig. 19 Distribution of y_mean ,, in SBVAE
(pareto diagram)

25 LR B g T i R SR O B
i b VA 2 ) 1
3.4.3  FE ARG A T 5 T R %m

R T B EAR A 5 | AH gF Ak BEAE 3 R A
MY, 2% 3 s 17T B EWRSAEAE SBVAE
TE BB AS () 4k B2 S AN R E AR 73 R S A8 1A
o o FET A R 22 0 KL HUE 1 KL
FE 2 3 i xt 2 (6) W54 1 ) =455, KL 1}
J& 2 BIVRE By i A 5 00

&3 SBVAE EH TR
Tab.3  The ELBO of SBVAE

PR KL KL

ittzsi] ~ o, (+) <
RRER 0= pem w1 o2

10 4k 38.0250 36.6834 1.3358 0.0059
20 4k 40.3908  38.9924 1.3915 0.0069
30 4t 38.8239  37.5606 1.2543 0.0090
40 4k 42.4034  41.0069 1.3891 0.0949
50 4 37.950 5 36.6054 1.3372 0.0079
60 4k 43.4598 42.0094 1.4369 0.0134
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