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Abstract With the rapid development of large-scale language models,how to reduce the number of model parameters while ensu-
ring model performance has become an important challenge in the field of natural language processing. However, the existing pa-
rameter compression techniques are often difficult to balance the stability and generalization ability of the model. To this end, this
paper proposes a new {ramework for sentiment analysis that integrates topic features,aiming to use topic information to enhance
the model’s ability to judge text sentiment polarity. Specifically,a method combining LDA and K-means is used to extract the
topic features of the text,and it is spliced with word embeddings as a fixed-dimensional vector to obtain a new word vector repre-
sentation. Sentence-level representation vectors are then constructed using average pooling techniques and fed into a fully connect-
ed layer for sentiment classification. To verify the effectiveness of the proposed model.comparative experiments with multiple
benchmark algorithms are carried out on public sentiment analysis datasets. Experimental results show that the proposed model is
significantly better than ALBERT in multiple data sets,with an accuracy rate increases by about 3. 5% ,and it maintains high sta-

bility and generalization ability with only a small increase in the number of parameters.

Keywords Emotional analysis, ALBERT model, Latent dirichlet allocation, Theme features, Average pooling
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ALBERT R 78 T4 B L2 rb 68 FH AR ] 9 2 450, AT b 35 06
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1.p < zeros(n,768)

2. T_pad < g(T) and i,j < 0

3. whilei << n

4.  while j << 768 do sum < 0

5 for k in range(m)

6. sum < sum-+T_pad[i+k][j]
7 plilli] < sum/m and j < j+1
8. i< it1andj=0

9. end while

10. return p

Xt A JZ B AT S e AE S 2 A
il softmax bR 0K 2 45 1) B 5 e g A% 5 A T 3R0R p Ik
SFE) A~ 2 Y1 i, FORAE AR EZE . ] softmax %K
e A i 5 ey — L0 V15 B 1 il oA, LU 5T
T AR PR

R P ARoR i 1) 4 A 2B BIMEAR . x RORE A B 5L W,
RAAEFERERH i 17,0, RoRE BRI DITR. 2 £
T R S A B x BB R
n BT A b H A AN JC R R T — AN 285 T A T R M E
TR . A A S AR = () i

p— eW,x +b;

S e b
i=1

(&

=

4 L4y

4.1 HIEEMRIS AR

T B R AR SCHR A A SO 3 Y AR 4R T A A
AT 2B AT B L 5 Python fIR SR BB ) P36 P9 28 19 API
KRR I ZAF B RS R 10 T4 AEL RS 5
2 W A 2 TR SCAR A Bl gather_senti 100k £ 95 17 it
TR rh . K IERETIES 5 144 FHRER
66 NF I KK BE 260 T, WAh, g 7543 0 E B T (1Y
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Fig. 4 Dataset distribution

YA, 5 ZE %k B8 45 28 47 43 9] A0 2% 455 P 1) 2 A0 3 1
YE. SRJG H IR 62252 (1 Lb 1 B AL il A 45 401 3o 4040 4, 5 R
A B A 53 50 43 g I R A B R A AN AR . XA B
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RREAY ) 43 F SR
4.2 TEMARAE

SR T VAR A AL RE L AR SO AR VA P O AR Al A A
F(Aco) B I (R) A F1H (F1) A/ g5 #1202 50R (193
febr. IRVERFEME 1,
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Table 1 Confusion matrix
E4R-F 3
4R = . —
IE 1 1 f B R
TP(true positive) FP(false positive)

IE 1 R

i R FN(false negative) TN(true negative)

D HER R AN IE MUbR &S, WU IE 57 AR AR $(TP+TN)
HREA BB (TP+ TN+ FP+ FN) I E 4> . 2 5 7 fn
(DR

_ TP+TN
TP+TN+FP+FN

2) A [l 2R T 1E B 3 AR 25t ok IE A BEAR SR (TP)
FRA BB (TPHFNB A HEL .

TP
TP +FN

FLH : MRS B R AN A B R &, B LA FLE
PR R A AN .
2PR

M — 0
F1 P+R><100A (1D

4.3 HESSH
ARCYH AE NVIDIA 3060 GPU A7 Il 45 5 Il ik T
L LB A R LR fS B n 2 Besi)

*2 LRI

Acc X100% 9

R X100 % 10

Table 2 Lab environment
i RE
FREE Python 3.7
FoEMER TensorFlow 1. 15.0
FARILE Anaconda3,PyCharm

BIERG Ubuntu 20. 04

BIRILAE 12 4 transformer BEH (12 > A& 13k . 768
B EIT . Adam & —F LT BE LB BE T B (SGD) 19 — B
A TG A S A Tl e SRR R Y 4R BN AL RS 2
VI AF-J5 048 BUMALRS 3 (R 3 S M UE 7 > %, [
I, AR ] Adam EALTE IR VI AR, 240 Hidden £
7~ B 2 B M 28 58 . S 40 bateh_size J& B UK I Sk IUBURE
A B TS BT L e SR X S B 1 R R AE () 42
BUORBR BE T R 1) . 250 dropout & — AP F T B 1k #h 42
A I IE AL FEAR & — A T 0 F 1 Z 0] B3 S
S8 epochs & B 7E Y1 Zhad & i g 4 A Y11 25 BOHE 4 09 ik
B, A MR RAE 3 G AP A B W RN SR AT 55,
SR E IR 3 Fa,

3 RIS HUL]

Table 3 Model parameter description
%8 HofE
e 2 ok 7 Relu
7 # Adam
/5] & 1X107°
Hidden 768
batch_size 32
dropout 0.5
epochs 10
Embedding 128

4.4 ZKBWHERSHH

o 56AE LK-ALBERT #5581 [ 2R A S04 SITE 3 A4 d
$E BXF 4 A2 BRI IR AR I 4 10 IR 30 s A 3% AR i Tt 4R
A2 ML K FL(E, B0 R BB R 0 £ 45 . 35 B0 X
O ABE D 53 351 2

1 CNNU2 fifi 3 TF 305 19 word2vece Il 5437 1] 4, JH 74
A ERAT B TR Z IR TR SURHE . 7R — B TR M TR
TR — A BE B A4S £b 0 S R A 2 DLIE B 4 R 1 SCHRRAE
1t I T3 7 119 58 4 3% 42 2 ok A RRALE

2)LSTM. i ] Word2vec YIl &5 id]) ] f2 . A FH 4 58 9012
LR AR WS SUAF B Bl 5 2R Softmax 28 £50CH IR I8 7k

3)BERT,..."™ : 3£ F Google JF i bert-base ¥4 , F 4 1%
4 i [CLSIXC ARG 5 F ks 25 .

4)ALBERT,,.. " : 3 F FF W A5 A G0 o ik A2 48 B
CARRHIE G B A 2 2 )G LCLSI# AT & 24,

T ERIEAR SR A3 T LDA 454 K-means B9 3 34
AE 42 B 5 3 £k T 1 % SCAS A B3 T A 55 A S A SCHE S
A0 53 U BOHE B B AT TSR IR T 5 2 R O BB AT T
. FEATEBLANT

DL-BERT ¥ LDA i th iy 28 m) i 5 BERT ik AJZ 1Y
By ) i AR RO RS )2 Z R BEEE, &l RN SRR A
[CLSJHATHH 432,

2)LK-ALBERT-cls: 3% T albert-base £ A, gl & LDA
K-means 535 38 BOAY 32 80 1) & 48 [ CLS #4715 iR 25 .

3) LK-ALBERT-max: # F LK-ALBERT-cls 8 %, % 5
BUTE S5 — J2 I fe Mt A 35 40 A 1 a0 45 6 A M 30 0 2
Wi T Z2 A R AEAH 1 de KB AR B8 T Sk, 2K BB JR) 3 X380 N 1
SRR, kS M SCARRIE G B A 28R, &
Softmax PFRESE 432,

4 LK-ALBERT: 3T LK-ALBERT-max #%1 , $ % K ith
AR He S B AL
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YA R W ] Adam A AR PR RETE e, AR
Adam PHIEE U 8 AR AE E A9 2% (loss) #AS 8 T —
REPREAG ., DAk A5 RDRS B B il £ W MR 4E 1Y loss FETT 5
A~ epoch T FE ARG R FERRE . IIZRAE DY loss 7ERT 5 4 ep-
och PR ARG FF IR B 18 T RE, X R BLAIZE AT 5
A~ epoch 12 3 T YN EE I FLAB AR 47 Hb vz 4k B8 £
HJ2 7R JG T 1Y epoch HY , 45 AU FF U 5k B 00 U1 45 B0, 2 3K
M E B loss BT, H L. R EPINA T BA5H R Cearly
stopping) , LA 1L 7E MR 4R B 2k FF 1 22 )5 4k 8L I 4 9 3K
Mt LA KA, BARKEBLnE 5 BTR .,
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Fig.5 Loss curves of training and test sets
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1 7 BERT % FH 8138 19 X I] Transformer Zi it %y 45 #4 ,
It HLRI T R BEASE b 9% SORCHR AR R AT BN 25 A AR I T B 5t
W2 S B h S GRS R R, B 2% S 8 T E SR
TEE G E B I T BERT 45 44 (19855 8 43 26 vk B A T 3%
Fiam A B LSTM #5,

A 7E ALBERT 19 &6l |, 454 T LDA
Hl K-means $& BURY SCA 32 80 ] 4, 32 @ 1B B 55 UG B S
BAae ). KA MR 5% B R CNN, LSTM,
BERT e s ALBERT,. #E 4T XF Ht , 45 5 7 74 SCHE HY A9 458 70 7
3R FE T4 AR, a5 L-BERT, LK-AL-
BERT-cls, LK-ALBERT-max & % i) Xf Lt 0iE B 1 A< 3C 48
B Tl 2 R AT DL R 388 0 b £ )23 19 7 A B T 8 A TR A UK
S3 AT AR S R B IR BT A SR 4 R TR 7 SO 1 JER 43 BT 43
. F ERNIE,
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Table 4 Experimental results

A

gather_senti_100k

weibo_senti_100k

online_shopping 10_cats

EHE A EF F1 & W F RS Fl & A E B % Fl1 &

CNN 0.9083  0.8981  0.9032  0.8839  0.9012  0.8925  0.8982  0.8975  0.8979
LSTM 0.8564  0.8721  0.8643  0.8264  0.8356  0.8310  0.8441  0.8545  0.8493
BERThase 0.9312  0.9283  0.9296  0.9286  0.9338  0.9312  0.9292  0.9283  0.9288
ALBERThase 0.9328 0.9421 0.9374 0.9262 0.9212 0.9237 0.9306 0.9421 0.9363
ERNIE 3. Obase 0.9599  0.9675  0.9637  0.9510  0.9573  0.9541  0.9556  0.9694  0.9625
LK-ALBERT-cls 0.9478  0.9778  0.9626  0.9587  0.9721  0.9654  0.9524  0.9753  0.9637
LK-ALBERT-max  0.9614  0.9645  0.9629  0.9516  0.9680  0.9597  0.9664  0.9663  0.9663
LK-ALBERT 0.9678  0.9875  0.9776  0.9597  0.9698  0.9647  0.9689  0.9809  0.9749

2 F TR A SO I B LK-ALBERT #5778 175 J8 43 A7 45

HRRE A 0 I BT R RE

X 2 T B 1 I o3 i R Y

SR L H A A R 7 RS 0 R A [ R 4R bR A BRI
#Tt. 5 BERT M H, A T 25 BURRAE ) 5 50 357 B 0f v
REWT 3.67%.

GERIE AR S SO RS 28 1] R T — R G
2L TE 3 B 4 £ 4 2 S50 _E 0 TR [RDRE R G P RE HEAT T
Mhdg, scoh gl B E I, B4 LDA Fil K-means #2 BU A 3= 5045
TiE B % B A 50 L AR 4R SCAS T SO L L DT S 35 4 1 5 Uk 2K
BIMERPE . 5 IR SOTA BERUH b A SO R A A S 3 T

TF 5 S AL T 307 9 S8 R 5 ik A 1 T R G S0 1D B o o o b
A ISR BRI . ROk B HE— 2B S n el R 2 A
175 B of 18 B AR R A R B T A 45 B P BB R SE A
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