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Self-attention based neural networks for product titles compression

FU Yu, LI You, LIN Yu-ming, ZHOU Ya

(Guangzi Key Laboratory of Trusted Software, Guilin University of Electronic Technology,
Guilin Guangzi 541004, China)

Abstract: E-commerce product title compression has received significant attention in
recent years, since it can facilitate more specific information for cross-platform know-
ledge alignment and multi-source data fusion. Product titles usually contain redundant
descriptions, which can lead to inconsistencies. In this paper, we propose self-attention
based neural networks for this task. Given the fact that self-attention mechanism networks
cannot directly capture sequence features of product names, we enhance the mapping
networks with a dot-attention structure, which was computed for the query and key-value
pairs by a gated recurrent unit (GRU) based recurrent neural network. The proposed
method improves the analytical capability of the model at a lower relative computational

cost. Based on data from LESD4EC, we built two E-commerce datasets of product core
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phrases named LESD4EC_L and LESD4EC_S; we subsequently tested the model on these
two datasets. A series of experiments show that the proposed model achieves better
performance in product title compression than existing techniques.

Keywords: self-attention mechanism; product titles compression; gated recurrent units
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Fig.1 A sample product display on different e-commerce platforms
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(1) BEAeB 7 Pl 2 (0 38 T 8 = U 0K 5 2 R RS ) 59k, o
ERS-NET, %7V A5 a1 s e o, F HARN TR ZAOBA N 5.

(2) HRH 1 b 42 FORS T8 (R0 27, 2t T 3 FH 2T 1 98 PR 50 PR A 28 19X 4 SR i e 1 3
WU TC T R A T it S A JE PR I, e AR ERCAR T 1 3 s ML o 8% o 1) = TG it
2%, LA/ INIAR M el T R AR B A RE A B T

(3) /& LESD4EC ¥ 4l 4R 5L mil b, 2B % T i & 4 FR RS 137 % 4l 4ELESD4EC_L
I LESDAEC.S, J LAtk FEAb HEAT T TUA i 5 44 FRORS TR (0 B0 UE. s 86 45 AR W], A SCde
K ERS-NET [ 4445 B - T4 H 140 R ot 42 BRG] [ S AR 280

1 HxITA4E

X ICAT A FRORE T], 2 BT B SRS 5 A B0 e 1) SCARH AR i B OB ] S AT 5%
(RIRIFIE. A FUEATT A B A B s SORY A e 15 SR DB P 75 R 22, 0D A R824 115 B
I, BT SCRIE BT R AR B AR S8 4 B 725 32 SR T SCARFAE (K 1% 4% Rose
S NHE T AL T ) B IR AIE 1) SCAS G B ] £F B 7 RAKE (Rapid Automatic Keyword
Extraction) 5744, Mihalcea 25 A\ 42 Hi A F 1A 45 44 5535 4 23 SCARHRAE, F) ] PageRank 5y2:
SRAEEU ZAE B, FEy 44 0 TextRankll. Zhao %5 7E TextRank J5 ik [ FEfl L, 2 R SCA 1) 2
@K bR SC(E BARRE, $2 T TopicPhraseRank *ﬁﬂ[ﬁ], T Twitter SCA 145 245 B 4.
TG A T B G A R IR 3 2 1] AR AU 1K) 7 2%, A0 4 JR) DK 58 R I I 4 18 i o ot 52 1)
B I 1) A, B ARSI 5 325 A e AR L 1 I3 0 KRS S AR I 1 4 A B AT 55 Bl i
22 W 28 B RAE AR T 5 Ak HI A0S AN W A 149 S 3 Bt A A DR 0 o ST AN 97 AT 45 (1
P, SR FH A 38 45 0 1 0 288 TEAT SCARHR B2 A2 AT 25 IO TE 9 AR, b3S v 5 SR s A1 K
W42 M 2417 (Long Short-Term Memory, LSTM)5X [ J# 1 4 #. 708! (Gated Recurrent Units,
GRU) A& W S4B I i i Jy AL 0100 N5 3 22 (W R S 6, 1 Bl ol 2 ) SO 1)
TR AR AT 22 2E . Nallapati 842 H 78 H 2E T Seq2Seq(Sequence to Sequence) F5
TRy ol 5 10X 8% R AT SCASH A 1, 5 oy 44 4 TexctSum BRI SRk (1348 B IE Al K
T T AAB AR ) 2 4 ), $2 0 T R TR PN (1) SummaRuNNer [ 28 455 58 Sfe 0 SC A4 22
5 8. See ZEXFHE T Seq2Seq M LA AL HEAT T 2t ) 51 N#5%l (Pointer Networks) 1
I STEAT SCAHEE IR . TCA T i 48 BORG T35 2 2 T DAL AR RE— 20 e T 1.

AT TOAESE TAE 2200 A G OB R I %, R 05 EAN R IR T S5 SO A (1)
Y, I R IR AR A (R SCRFAE, MRV A AR Jl vl SO B R4 2. Zhang 5542 1 1 26T
GAN(Generative Adversarial Networks) 416 AR ¥) MM-GAN #7506k 55 i b /1945 5L
BEAT Wi, 1% 7141 Seq2Seq BERUAE Ky GAN AR plas, Fh S A2 Bl s o i bt IF A 55
Ah—AFEF LSTM ] RNN(Recurrent Neural Networks )X A= i 1) 45 B st 2E47 4051, $& 0
D712 MR SCAS A & HCH AR, F0H A I SCA I 2. Wang 854 H AT A 1 H & 060 7S i
15 BT HMAE SO 508 — 20X 55 i bs R R AR B Gong S5 7RI TAE I 364 1
A5 FH A 1] AR AIE (Term Frequency-Inverse Document Frequency, TF-IDF) L fi 44 SEARKE
fiF.(Named Entity Recognition, NER) X} i it (5 QA TR AEIE 52, $2 10 7 35T LSTM ¥
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2.1 FEREX

ARSOHE TUAR T it 4 RS 31 6 A0 D e 51— 0 DL S8 B i AR IP B0 T ={t, o, -+,
tn}, LAACT i NER BPEE={e1, €2, -+, e}, orh ¢ ARGT it 2 BR b K L1, e ARSRT it 44 7K
il NER Bic, n ACR B S 2K SEY = {1y, -, yo )RR B S A BRI S5UAR L,
R REPE UK T R T 28 PR S, AT A0y

S=TnNY, y €{0,1}A[S] <, (1)

Forp y DR ENE BB, Hey <.
UK i A PR 17 (80 H AR A T4 € A P91 T LUK RS i NER B B, A ORS il V-
MEER Y HEGMARCE R Y AR R AR, H AR B0E SCh

L= minzi ¢ (P(yilti,ei), P(yilti, eq)), (2)

Hoh o Tt SR ER B K.
2.2 ERS-NET ##

FHXTF RNN A1 CNN(Convolutional Neural Networks) P %%, 153 & JJ WL 4% BA K 4
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AR ST B8 MU R 9 286 SR At ke TUAS R ol 22 FRORS 1, T 3 H PR ) 5 A 7R o
Bk pE 2 B,

m parallel heads
B2 BT BRI PRI U A FORS iy s 3
Fig.2 Overview of the ERS-NET model
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n = GRU (). (5)

SEH GRU W44 [ PR32 A5 7, R4 50X00R GRU M4 k25 %R n 55 )5, i
S A 7 1) 0 B 2 2 T SR B 3 A R R 0% 2=, TS Softmax 7V HEAT M0
i, P T A P S R D AR, BRI GRU R R (1« h BB S
Sy A MEOTEZ 5, 455 B b BN B ATT, ot B A 2043 31

— <
dotz(h\;(d_f ) (6)
ATT:%-[E:E] (7)

ASCRH Vaswani 8521 1K) 22 S IFAT77 2, KB f3 3] GRU Bz i &5 R m I
AP IERAT RBNE RS A NEIE N BRI RO O

Head; = ATT (FW{"? , WWJ() : (8)

Horh, WARER M ER IS HUERE, X TR IFATIIE, W e R (@/m),

AT B R A3 201K 22 Sk MRS O — N S BE AR, 0 4 B 4 J= S B H b
FEBE R AR AE BRI, FFAEHT Softmax 73 A5 BEAT R i Il b3 T, 5 Je A0 P o /N A2 SO %
SLAREIN 25 REBEATHURTE S, Pt . (1 22 2050530 4

H = [Head; : - - - : Head,|]W?° + b°, (9)
Y = Softmax ([H : E]), (10)

Horh, B AR s AR I NER JE T, W A1 b 2t 2 MR I 25250 ERS-NETE (151
RREE WL 1 PR,

Bk 1 ERS-NETH 4RO/ i 57k

BN VNERBER W A4 FK T _train, WIZAER SbRIA Y, WIAAE B i 448K T _test, AEALEAR AL
Steps(st), HEEH LT m

- MUK EERS ] B R A S

1: train:

2:  for all W&54 do

3: 4 AT RS 20 A ALY A ik 2 4
4 end for

5. /MSREREEE/

6: T« AR LS (T train)

7 for st < 0 to steps do

8 for t in T’

9: ht — BiGRU(¢,ht—1)

10: end for

11: for i — 0 to m—1 do

12: il 22 20(6) v 5w i UG R

13: A28 3 (8) TH LK E 4390
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14: end for

15: H « concat (ATT)

16: Y’ « Softmax(H)

17: L~ > ylogy',yeY Hy €Y’

18: if st ==0or L < minL

19: model.save()

20: minL «— L

21: A Adam T3 /MUEAE SRR R B AL L R FEHT I 4% 24
22: end for

23: test:

24:  model.load()
25: Y_ predict < model( T _test)
26: S «— Y_ predictNT_test

2.3 BEHEREN

TETCK RS i B RRAG ], AR SCAERTH RN O(n - d)~ TPHIERE D O(n) 11 GRU M
2% S8 SR TR B R AL D 28 AT H5 0 1 e A S i O B A S v R R R A R R 1
RIS W 4, TEREIRE N O(n - d), o n HIFHIKE, AT YERE. O T £49E GRU ¥
256 J2 AN AR 1) I 296 455 R0 8 I A b () v SR, T BN GRU W4 (1)1 SR EAT 4 K. 7E
ERS-NET P45 v 22 Sk ARy 325 0 W9 4% I 0 I 2 bH OSUIR) GRU 2% )2 1) B H 485 SR 9
FEATE, A ORAE B = AU 48 TS B0k, T 20K GRU 4% 1 4 H 4 B BRI JURT
Tt I 28 (1)1 /2, IXAE W] DLAE — o R R Byl DAY () o F SOOF Y. k4, ik vl ad o 5 46 GRU
28 TN SR R E— A 0 BB AT 0. GRU W28 (K% A5 8L il O\ 242 41t o mlh 2
U, PN GRU W92 8% N\ VE 550 4 52 75 R0 el /N N 2 ) v 4 B2 S b A (1 A i T
AR 980/ 1l 4k N 2RI GRU 9 468 2 1) T E ST 8. SIZ 30 UF B, i o DA 18 48 55 s vl DA%
ERS-NET £ 8570 [y S AR U155 1.

3 % B

TE B i R T, A S04 I BEHL A LESDAEC_L A1 LESDAEC_S ¥4 4 sl 500 000 4%
T i A A U 2R B, 50 000 Z5 4 R DA EHE . 7 b 44 R4k B 21 300 4 52 11 i) ot 2% () v
HEAT AR AR AT, FFA8 AR BT IE K20 A U(-0.01, 0.01)%F HeHEATHIEAAL, 7 kN N 200 76 Y1 25
R AT O, SEANETR K B2 4 P LS A 512 4k TR 8 ANk AT B E AT R
IR, A2 21 %k 0.001 1 Adam X0 Ak 77 V250 9 25 2 50347 5 38T
3.1 HAEE LK

AT I IR UG5 45 LESDAEC 105 6 481 623 254U, JH4RAL T 1 i 44 FR (title)
T Al 4 SRR AR S (NER) i b3 2500 (V). TR TAEE TS 5. TR &0 aiRsE
R 2R, ARy 25 BAFAE — 2 I 28 S0, B R)— B A @ ] B A7 AE 2 MR FR L, S 30T
FRac gl R —2 H HLBEAE 7 5 2 BRI AN W 387, — S8 bl DA AE T 400 5 b 44 AR
Z . BRI AR SO R 4G LESDAEC A 2 64T 7 20 M, & 9 7 AH A B Sobsic B, 2B T K&
AT bR L E R A€ LESDAEC L, /e 45 LESDAEC.L [ JEAlh B HF g vt 1 v s bRt
FRORRVE AR, R B AR A2l 0 S5 0] S0 B s v A AR ) R ot TR0V, e 2 T R SR T
B4l 4E LESDAEC.S. % [E 2 p f A5 B 52 YRR i, ZES BRI 2 1/, & 2% 8 sl ih 3 i 42
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LESDAEC $2fi:[1) NER J& P LA A JrU 4 i & ] (A7 B R AE, 490 an AT T3 & NER J& M <8
W ARSCREAR ) <2 X R T ELA R SRR IR, O ELDA A T D i b
HAERT A B B AR HARAE O RE N ETYE 2 PR, &R T 432 031 353 4%
B 10K SCAS T 44 Bk TR e 46 LESDAEC_L FIE SCA 7 42 Bk 71 04 4 LESD4EC.S,
R A FR G IR R 1 .

Bk 2 @RS SIFEL

W TSR LESDAEC, X8t IR % v

i 7 AR R S 4 LESD4EC_L, LESD4EC_S
1: for title in LESD4EC

2: repeat

3 F5 title AH A ID FIRT dhbRid Y &I

4 FH £LESD4EC_L;

5. until JGA] S EE;

6:  IR4E NER 1554 title A0 2 BOAUEE, MRIEAE PR 1E 135> Score;
7.

8

9

R4 Score #3475, 1E title W EBREAT I HET, 3515 Score A 0 ML ;
if RS < ~
B bR 173 5 E 2] LESD4EC_S;

10: else
11: B aTy Mrid VCE H7 3 LESD4EC.S;
12: end for
% 1 BRBUEES RGN
Tab. 1 Example of product title datasets union
[AEGES PRI 1 PR 2 PR 3 PRI 4 PRI B
WD, B, AL&, A, " N, AT, WK IT, 1B N AT, W KA, Rk,
F, KK, B8R, &, &7T, Ak, 4L N, AT, W, K %, Kk N, ],
2, LB, AL = A it A
LB PRI 6 bRiE# 7 PR 8 LESD4EC.L  LESD4EC_S

WORIT, B, AL&, /b, W L, AL, D, L N WA, 4L WAL, 4L
%, KB, AR, &, %7, 5%, AHi R, K wE, K &, A, &, A
oA, LTS, ALk it it %, Ak

3.2 EIFLEAER

FEXF LSz b ARSI T i A AD AR Seq2Seq! ™. I JIHLHIBIAL Self ATT LAJ
T ZHF M) FENET BRIy SEAENR B, Seq2Seq A& — Rl 32 I JH T SCA AT 1)
RS2 )R Self ATT Y51 Transformer BEEI N HFHLSSBHEE. b 738 H T b 44 FORS 47,
AR JEH B Transformer A8 3R IR T 52310 H B IHUHI 48 454, TR T B E I
2% Self ATT KA. FENET BEALE L [ TH]T R b A A5l 2 il (A5 2.
3.3 ERIFfATE

AR H ROUGE(Recall-Oriented Understudy for Gisting Evaluation )4 #1201 sk X 452 7
A RS IRYR tORS TR AR RUEAT PRAL, 148 AR H T 242 3N T DUC(Document Understanding
Conference) PN, Dy 7 B A ] M 7 1 BT A B 7 o R AR R 1) T, [ SRR [3] —FF, SO e

! https://duc.nist.gov/
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I . I A S0 503
|S N Skl

ROUGE.P = =, (11)

ROUGE_R — 1305l (12)
S|

ROUGE 1 2 ROUGE_P x ROUGE R )

ROUGE_P + ROUGE_R’
b ), Fon N AR Shbs s, S Rk ERS-NET T 1 7 5 A .
34 BRI AN
ATy AR K ST bR e B 4 LESDAEC L Ak SCAT Sibrid s 4 LESD4ECS |
X} ERS-NET #8Y J HoA FEHERC R EAT T RIS UE, SEie 45 sk 2 .

Fx 2 EFRAFEELMNSmBERBEEREER
Tab. 2 Results on different datasets

- LESD4EC_L LESD4EC_S
ROUGE-P/% ROUGE.R/% ROUGE_F1/% ROUGE_P/% ROUGE_R/% ROUGE_F1/%
Seq2Seq 60.22 72.71 65.88 76.40 78.37 77.37
Self-ATT 73.36 74.10 73.73 79.18 82.17 80.65
FE-NET 73.02 74.84 73.92 81.73 85.30 83.48
ERS-NET  74.86 76.62 75.55 82.94 86.85 84.85

M 2 AT LA ) E R i 44 FORS 7 B RS A RS AR T, Seq2Seq AR B S b 0, LAt A
R A EL T HADSEERI Seq2Seq A58 p i i FIAEAL 9 358 40 20 ke, 19 B3 o 50 A8 B AN ] dik 47
gl BBUR, RS SE L FE P, A T Luong V1 710K Seq2Seq M7 358 4%
SRICIEME ZA AL ) ROUGE_F1 . FE-NET #8AE 4 L5 16 1 o bR 2 s B AR AT T-F
B RN R SRR IEAS R, 7RSSR TS T IR G, Self-ATT W] LR U Hugili #1011 42 Ja ik
W AR TUA T A RRRS TR, 22 5iI7E LESDAEC L $#5 42 F1 LESD4EC._S s 45 FH S T
ROUGE_F1 4 73.73% 1 80.65%. A SCAEMIERE L, 4 /NIAE GRU W48 % Hdb 4748 I
Hom, f 49301 ERS-NET i, AT FE-NET B8, & 554k 7 AR 04 Ja B ik i i, 13
INFRe T B A G @ L, H: ROUGE_P. ROUGE_R. ROUGE_F1 fEAN [ % #E 4 FI4HL
57 &k, ROUGE_F1 20 5 HUE T 1.63 AN E 40 R 1.37 AN E 0 s 3 Tt

Jy T 3 — 0 4 ERS-NET £ 8 X0 75 & 44 FK 19ORE 7 68 71, A SO Sigmoid 03
FEWAR T R A 1 Softmax 4 K2, WL o KW 7 R M e A Ka R, K
ROUGE_P. ROUGE_R. ROUGE_F1 [tk il 3 frax. 15 A MOR TR, MBI r=0.4 i
AL ROUGE_F1 s, 70 mlis 2] T 76.34% F1 85.14%.

T b 2 RRORS fh, BLUARAR SCAE T T 4 /B (1 25 T RNN Z5 44161 GRU M 460 HvER )
BLHI 9 286 EAT I e 14 o, (PR SR B 7 118y SR R FE 1) GRU WY &% 77 AR I A A0 T ST, e 22
X GRU [T EYERE d FATAR. TESEBRISEE h, AL W GRU BITHEYERE d = 50, FF HoR
ERS-NET 4% 52 31| P9 B RILRS 1) 9% 3 K B 4k B 4% (Graphics Processing Unit, GPU) L#E4T
YLK, 739942 Nvidia Quadro P600' . Nvidia GTX 1060%. % 3 &7~ T 45 )7 45 76 P F
¥ GPU LN FTe 2 ms i), S R F0(s). MSRIREE Rl DUE H, it 25K GRU M4 11t

! https://www.nvidia.cn/content/dam/en-zz/Solutions/design-visualization/ documents/Quadro-P600
2 https://www.nvidia.cn/geforce/products/10series /geforce-gtx-1060/
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ST, LAY MR Il GRU %77 A5 T SRS, AT T BRS-NET SR 4 i
S,

100r o 1 ESD4EC L 100 N0r

90| —*— LESD4EC_S 80t
5 S 8of <
<, 80f = =) 70r
m [Sa] - m n
S 70 o 60 G 60
3 3 2
& 60k & 40 —=— LESD4EC_L 8 U p—— LESD4EC L

—eo— LESD4EC_S 4oL —* LESD4ECS
50 1 1 1 1 1 20 1 1 1 1 1 1 1 1 1 1
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
OF 1 ES (b) AFHZE (©) F1

B3 N BRAE R ORI S5 IR . BIRlE, F1 ARSI
Fig.3 ROUGE performance on product title compression with different thresholds

% 3 AR GPU T8A&BEHITHE
Tab. 3 Computational time per ten thousand data items on GPU
AEBR ] /s

GPUs
Self-ATT ERS-NET
Quadro P600 11.179 10.365
GTX 1060 3.957 3.831

4 % 1)

I HTR) B B S B A AN B I B AR R 20 A ERS-NET A2
TETR A RS ] LB PE. sk 4 s, R4 LA S 2 AR AE AU AELESDAEC_L i
LESD4EC_S FHHTHISEL:, LESDAECS i EAEbr B K5 BT BRRY 3 &y, mT LA
S 1 AL I AEAN R R AR FE T A% 3T, T DR S HAR A %5 B B AR I bR SR ) R R
KRBT RG], 25 DLW P (ORREE N PRI BEME, ERS-NET A7 %4 2 b (3l 45 b (o T %
) 1; AR MRS T ) 45 kG, 78 LESDAEC LA 4L b, JL P (1) 7 5ok (87 s L« 4 30 B2 350y
TCER A B K HAHL FF8A 5 KA 1w W EE AR, JF HAE LESDAEC.S LI 1 45 5 “jabra i
FHH B RREE “jabra $E5 I HA BAT LA etk AR 5256 2260 v UE ) 76 3T
LN 3750 T, ERS-NET R AR FLAT K714 35 i 44 FORS TR BE ) .

* 4 BITEXERABITHRASBRAREEREG

Tab. 4 Case study with real application scenarios

ESVNI 2L R T IR _L FR%_S R T _S
geras, HHE, WE B, £k, geras, Y I, geras, % I, geras, HAK geras, HAK
DA, &3, HK, B, JLE, B, &3k, 1 B4, A, &

23, gitk, WHE K, L %

Sl 2 2L R T IR _L FR%_S R T _S
jabra, $EW W, elite, 123}, %, jabra, $EH B, FEB I, 123, jabra, FE jabra, W
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K, HHL, B ok, Bl F, Bk, HHL
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