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Abstract With the deep integration of computer technology into social life, more and more short text messages are spreaded all
over the web platform. Aiming at the problem of data sparsity of short texts,a robust heterogeneous information network frame-
work(HTE) for modeling short texts, which can integrate any type of additional information and capture the relationship between
them to solve the data sparsity problem,is constructed. Based on this framework,six short text expansion methods are designed
using different external knowledge,and the short text features are enriched by introducing entity information such as entities, en-
tity categories,inter-entity relationships and textual information such as text topics from Wikipedia and Freebase knowledge ba-
ses. Finally,the similarity measurement result is used to verify the experimental effect. By comparing the six text expansion me-
thods with the traditional three similarity measures on two short text datasets and the current mainstream short text matching
algorithms, the results of the proposed six text expansion methods are improved. Compared with BERT, the similarity measure-
ment results of the best method improves by 5. 97%. The proposed framework is robust and can include any type of external

know-ledge.and the proposed method can overcome the data sparsity problem of short texts and can perform similarity metrics on
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short texts with high accuracy in an unsupervised manner.
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3.3 BMEMHMIRNEXEAREREEMUEE R

AR SCHE T — A fil A S R A S SR S (R B A
SR R T AN R 1 5 B R 2% HE ok e B SO, B
A LR AT ] S B8 1 BT BRI Z M e R, &G
LR 6 B SCARPY T8 k. A AL & doc_topic, doc, entity,
word, Wikipedia_entity 28 I35 s 19 8 SCA 5 0 15 B ™,

T, AR IR 3. 1T A O kAR SOAR B SR R AT SO
it A7 o SCAS Hh Y B 2 A ) e T ke B 1 5 3R R A AR
NS () SR A B B R R SR R Ay Sk, RIRT 45 & b
T SUF B SO R Y ST A G AT, AR SR LA
SR ) # S SO R SE AR 22 TR A o (B AR TR A AR S
FH“fiir 45 92 AR B fe 6 R SO T 48 B 1Y A 44 SR G K
R BN FES TR SRR BUA R, H L, R Wl i 4 S
(AR S TR () S AR 1 A TR AR R4 . A S A ] 5 5 R
PR R IR R X ROk EE, K EN E=(E,
Ey o By ) HP Ve R E, (=1, . T, HP T &
TE Freebase 1R 2 v 38 21 14 Ay 42 SER IS A B8,

W5 38 a3 LDA 4248 W 78 32 80k £ & SCAR B35 S, 44
AR G35 T R 22 A4S 5 R, 4 SO R SOAR A . SOAR
T A 2R SR “doc” , SCAS 32 8 1Y 45 45 8N “doc_topic”, B
RESCA ST B R B KK P ASEB, XASKEN D=1{D,,
Dy seee s Dy by Hort MO SCAR BB

iH SR BE B T H TAGME 551 4 55 SR B9 Wikipedia
TR, HE A Wikipedia TR, Wikipedia 54 1Y 75 £
H A g “ Wikipedia _ entity”, Wikipedia 52 & 4  WE =
(WE, ,\WE, ,++ ,\WE, } , Hoth T 2 3CA ERUHCR .

A H IR B AR BE R SCA I U AE B ) 5 S AR [ A g
WA ATAR . B Y Y K SR R “word”, SCAR E AN
W={W, Wy, W, i J 30K .

5] A8 A

it A SCAR £ A Docs, 3CA #1] 8] ) B 5 DocWordMap,
ParsingText, 3C A< ] 32 B Bt 5 DocTopicMap, X7 #] Wikipe-
dia SZAR A WL 5T DocWikiEntityMap, SC4s 3] Freebase 2 {4 f)
ik 5} DocEntityMap, i i 5 Fi {5 & M4 G,

BA IR

(1) 388 J3 3CA ) B 1] fy Bt 558, o SCA 5 B i) 22 ] 9 26 R LA
B BME G hEEE L4

(2)38 7 B 45 &, AL TR0 Glove [ 2 3153 f i) 2
V6] BT EE 5 A ok 36 A O A B STME, WD 24 4] 5 B 3]
ZRIMXER DAL INE G WiLER E Y

(3) 4y i 3 J7 3C A $] 3 35t 5% DocTopicMap, 3C 4% %]
Wikipedia 52 {4 (9 Bt 5 DocWikiEntityMap, 3 7% | Freebase
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SRR LS DocEntityMap , ¥ SCAR 5 30A £/, CA 5 Wiki-
pedia SR . SCA S Freebase SR Z [8] 1) 3¢ & DL I 20
N GMHEE
(4) 38 Dy 52 PR 25 T 0 48 6 7 7 A SR T 19 O 3R U)o
RZIEERTGHRHBEE H.
ik 4 FSUR R DUE B PR S A th AR
#i A : Docs, DocWordMap » DocTopicMap » DocWikiEntityMap, DocEn-
tityMap, SIM
Hith:G=(V,E)
1. V<-NULL;
2. E<NULL;
3. for doc; € Docs
4. for word; € DocWordsMap. get(doc;)

5. add word;toWords;

6. E. add(doc; s word;) ;

7. end for

8. for word;, word; € Words
9. if word;= word;

10. continue;

11.  end if

12. if Sim(word;, word;) >SIM:

13. E. add(word; ,word;) ;

14.  end if

15. end for

16. for topic; € DocTopicMap. get(doc;)

17.  E. add(doc; , topic;) ;

18. end for

19. for wikiEntity; € DocWikiEntityMap. get(doc;)
20. E.add(doc;, wikiEntity;) ;

21. end for

22. for entity, € DocEntityMap. get(doc;)
23. add entity; to entities;

24. E.add(doc;,entity;) ;

25. end for

26. for entity; , entiy; € entities
27. if exsists R(entity;,entity;)
28. E. add(entity; , entity;) ;
29. end if

30. end for

31. end for

32. return G=(V,E)

SR 4 A SCRlG AR AR 0 JE SCAR S B0 L 0 A e B
PR SCAS AR B R SO AS B 4] B I B G LR SO
B F2 BUAE A MBS SCA B Wikipedia SCARSE & MBS 0
A Freebase SEAA B BT -S4 M BE0E 4 MIEA . BEI5 4
1 —2 PO RS B M AR AL 5 3—31 By R B AE B
P 265 v (AN (] 26 B B 9 5 5 0 A AR, AR PAT AR 3 —
30 20, BB &5 o I SO RS R 4 —T O A U A
BOE Y R R B I BRSO RS A Y R LA T X

MR 5 BE S WA A R 55 8 — 15 R AE AR LAY A [R) B
Wl Z AN AR R AT 9— 15 2D, fun R R AR (W] A
PRAT T — U B3 7, 4 SR 2 A ] B m) o) L 22 [) ) AR L
Tk 45 A2 I D) A 3 T A AL R] 22 () VS N A A A AR 19 3, B
T A D A ks S 16— 18 LAE M XA S
R RN P 1 AR 58 19 — 21 2P A TR UK 5 Wikipedia
SEPRTAIN 2 A3 7 5 55 22— 25 26 M 3K B Freebase SEAARZS R 4R
G HAE M SCAR S Freebase SEAR 8T 2 [] i 21 /) 5 75 56
26—30 L N ANIF] Freebase S¢S A 22 (8] i 340 0 it 72 , 5 )5 i
5 R B M4 G
3.4 ETFRBRFITEXAMBLE

W 5 SCRE L S SR AL SR O R | Wikipe-
dia FIRGEAF B I SCAR T LUGE i 2 & u AR s — R
i 4n s qn 5 W AN SCAR 3 1 I8 #% 48 Document— politics— Docu-
ment ¥ 3%, WAR R Y 70 AR S 9] A4 50 T T A A S SCAR
Z [E] A AR AL A

B /6 R H PageRank-Nibble 5%, 5364 H ) 7 & 3k 43
BCOCRAR . BE T — SR 2 I AR 2R P BT AR SR % AL
5 A B 48 HE AT B BT, DT A5 2062 3% 45 58 SCAR T AR
JRIEB L. AR R AR AL T IR A7 B T AR E TR Y
ACHHE M . 2 58 RE MY OC AR L i A KnowSim™™ J5 kil 47 3¢
AR AR AL

4 LR

AR SCASE AR B PE BE dk 25 2R SR B E SCA I AR, 5 1%
GEEy 3 FhARLYE Bk 6 M XA Y e kL DL RS B
U4 %5 ST AR DT 88 B BERT, InferSent 1 Skip-thought 7
WA BLSUAR B & BT TR
4.1 HiE&E

ARSCHER B A RSB A R EE 8 BT T S
F— N BE % JE Google Snippets” $UE %, B A& 10060 4
WIZRFEAF 2280 DMK AEA, 4320 8 DA F A snip-
pet A 18.07 /M), X & J5 B 2 il I AS [l 48 1Y 79 SC 20 o DA
B2 RIS R B . 5 AN B AG News” B
R B IRH R R R 2 KA, AN 2000 2 A 1] 14 5 A > i
AN A — T R SR, A ALY 496 835 4% AG
News HrBHE 2 2 000 A5 I 2k U8 19 303, i S0 45 X
K LT br AR IR 5 B, R S ) A 30000 D YNZRAEA
H1 1900 A IRAR A,

4.2 B&H*

T A TR T B O AR AR SO BB I T SR 1Y
ISR S AR B AR S SRR 7 AT LU #R . [k B RT3
PR 3 ASHIRLE JBE B (4 5% Jaccard T dice J7 i) L AE g 3L 4%
TEHEAT TG, AR SO T8 22 B T 5 TR A Sy R ok 1 o
4x5% Jaccard Al dice Bk, N TAFHE.3 ML BA A
WM T Sk,

D https://www. researchgate. net/figure/Google-snippets-as-training-test-data_tbl1_221023426

» https://paperswithcode. com/dataset/ag-news
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4.3 iRfEFIE

A% SCR T2 A% T B2 R b A 06 RO AR PR R AR
VAL 48 bR 8 AE SemEval STSM il i ke 0 B
DR BR  E SCA MM B B bl T T . R JR A G R AL
FE SN

SX,—X) (Y, —Y)
i=1

L
DX, — X)) DY, —Y)?
i=1 i=1
X, Dy,

/ﬂéﬂPX:':; ,Y:':;l BT X E Y RS I AR

PR G FEA S S0 58 A VLT, WA OC MR A5 43 15 Jn S AH B
SE SR BEDLE AR S PEAR 402 0, — MO U, 45 43 4 =5 A 2L
P25 SRR AT
4.4 EFAMBAUEEEFEN 6 MIET RAXILR

AR SCN T 5 0 AT T % b, — T X A B R R S
AT R IRAE B P TR0 6 Ffocay 705 ok A
) (4 SCAR Y™ 38 7 VA AR s 55 — D T L HE 3 R R PR RO AR 8L
B (43 5% Jaccard (dice J7 %) R F 5 5 45 8 N % 143 31
T 6 FSCARY 7k, LR T 2 T A5 A BOW B 5L
AR F TR T 5 FE B R SO ROR MRUR B R A R
T e F PR SCA IR Iy ik A WP SO T A, AR SR
Hh A B R b A G R PR AN T R E S SR S Rk 1 A
B, A5 ik v S Y B R AR G RELIHAR R, HTE 5
3 AR e A AE (UM B R T VR HEAT TOXE LG . AR SO AR A 1
A1 R S0 ARAE A R AE SR B 5 43 5% Jaccard F dice k.

PR E N E LT .

BOW+ TOPIC + ENTITY . il 48 # & o 42 5 7 3€ A
Freebase H1TH 2 v (9 52 M5 R i LDA R4 19 32 i)

BOW-+ENTITY + Wikipedia ENTITY . ] 4245 %1 v 42 fi
T3k A Freebase Z1RFE ib 1) 32K 7 B Al Wikipedia %0137 &
B RAE B .

BOW+TOPIC+ENTITY + Categories ; il 2345 % 1 45 i
T SCAR TR Sk H Freebase IR A Y S 4 £ 18 R0 52 fA40KS 7
291,

BOW +ENTITY -+ TOPIC+ Wikipedia ENTITY ; 7] 4%
T 4R T SCAS K [ Freebase %137 % B 524 {7 B AN
Wikipedia Z13R B i SER 15 B

BOW+ ENTITY + Categories + Wikipedia ENTITY ; i
ASHIR P A B T K [ Freebase 1R v (9 52 445 8L L SR kS
1 28 5 A1 Wikipedia 1% P i) SEIR (5 B

BOW + ENTITY -+ TOPIC + Categories + Wikipedia EN-
TITY . Al 48 A T o 4 B T SCAS 328 K H Freebase 11U H
B SR {5 B LSRRG 2K B A Wikipedia 1R P RY 524K
(=S

Fe 1G0T B TSR] SCAS AR B BB O Y 6 R AR
FEJ5 I TE Snippets B F AR . X F Snippets B 4
FFFFAE B M ERCTW 5 kB8 Rl . A 3 AT L
B HIEE IR A 4 Fh SCAS A R B R O (K
Jaccard . dice AT 5 B {5 B W 7 %) L A SCER 1 6 Fib

SCAYFE 7 ¥k e s AH AL PR ok B RE S T AR T, B TR O R
0.39%~5. 890 FAE T EMBMCRRE T 5.89%, XRWTE
Snippets i 4 948 SO, — T T B T S 5 AR SRR O iR
AR L HA SCAS 7 J7 1 R USR5 55 — O T L BB A 52
TSR] | A 2 A R SCAS AR B BIAR SR H i 6 R
SCAY ST IETE S 1Y T A SCAR R IR T B B R AN

F 1 R[ESCARY TR IETE Snippets B 5 19 AR ALk B 25 5

Table 1 Similarity measurement results of different text

augmentation methods in Snippets dataset

Enrich method/

Similarity measurement Cosine Jaccard Dice HTE
method
BASE 0.78966 0.72799 0.75087 0. 84356
ERT 0.78998 0.75234 0.76075 0.84875
ERW 0.81030 0.76271 0.78102 0.84748
ERCT 0.86062 0.82589 0.82855 0.86735
ERTW 0.80452 0.82589 0.76433 0.85168
ERCW 0.86657 0.77472 0.87099 0.87241
ERCTW 0.87860 0.85916 0.84601 0.90255

mm= Cosine
w== Jaccard
090 ||™= Dice
90 || == HTE

BASE ERT ERW ERCT ERTW ERCW ERCTW

3 AN SCARY T8 B AE Snippets UG 4 b0 A B B A5 R
H A
Fig. 3 Histogram of similarity measurement results of different text

enrichment methods in Snippets dataset

F 2 MM A gy T TR R SCAR AL BE DT | 6 B
ARY FITETE Agnews FUIEAE ISR, HX TR L,
TE A P SCAHE UM B 2 7 % (R 3% L Jaccard . dice I3 T 5 T
5 BT AT A SCER Y 6 FhSCARY 5T kS A Rl
WERR E YA B4R T SR THIEEE ) 0. 906 ~34 %, B T R Bz B
W 2% J5 W AT ERCW 3515 T s dF 45 R, 284 6 Fh SCAR Y
FUOT VR AE TS BOE B I BAR TR AR SO AR 6 Ay ik T
DR SR e = 1 T D = € U 1l O B i ST R T2 o
A SC A 09 S AR U 4 HEHR bE At 3 F Oy ik T R R AR
GlEECRAEEEE.

F 2 RFECAY T IETE Agnews BHESE L AT RUME B 25 21

Table 2 Similarity measurement results of different text

augmentation
Enrich method/
Similarity measurement Cosine Jaccard Dice HTE
method
BASE 0.16974 0.15834 0.14740 0.28220
ERT 0.17221 0.16285 0.15099 0.29212
ERW 0.22629 0.21637 0.21333 0.32578
ERCT 0.36530 0.43543 0.36790 0.60919
ERTW 0.18451 0.15867 0.16902 0.34159
ERCW 0.40718 0.46003 0.40981 0.63039
ERCTW 0.27593 0.27015 0.26996 0.60622




oo
&

S A TR T S DA S IO Y R SCAS R TR 5 i

99

mm= Cosine
06 1| == Jaceard
=== Dice
== HTE

05

04

03

02

01

BASE ERT ERW ERCT ERTW ERCW ERCTW

B4 ARESCAY 78T %AE Agnews Bl 5 E A9 AT RIPE BE 45 R
H
Fig. 4 Histogram ofsimilarity measurement results of different text

enrichment methods in Agnews dataset

4.5 EXRMEXARTERFELER

A SO S B AT E W HOR BB BERT J5 3 L In-
ferSent J5 ¥ . Skip-thought J5 ¥ # 47 %f b, H fif BERT™ 5
BAEZA AR F AR 55 DA IAT T 2800, RIRERAT
SR B S TN B EE L. i THRE
FI N 2577 RIS I ROR R 1R 2 4F 55 A B T IR A B9
FRz H .

InferSent™ & — #j 3 F W [ LSTM B M 4. &
SNLI(Stanford Natural Language Inference) 54l 45 8 i3 A W
B g 2 AT NS J2 —Fh A] DUAE A) 72 A S0 S R AR A
HIREEL RS2 B AT R i B 2 S R,

Skip-thought™*/ 3 i 5 5 P .0 /) ok T 7 )5 ¥ 4> A 7,
A RE BT AT R SOOCR R — R S8 T R R
RS R BERT 2 WK 45 w5 5 & ) F #ik A9 5 F O
2 T LUA SO DA S AT ) % DG IE 58 ) - 3 I AE 55

PR A SCEE T X 3 MRS ERCTW #1 ERCW Jr ik
HEAT L HL

16 BERT X L 9230 v, o 1 B A PR i1ty I 25 8 AR
His BT IR TR K A SR I T 2 80 A 8/ 19 BERT-Base
(Uncased) # #l (12-layer, 768-hidden, 12-heads, 110 M para-
meters) , Z 5 R H T EH 5 2] i fine-tune (IR B 75 75 2K 4
A YL ASE Y {1 4511 25 s e i 455 1Y RT L B S b 3 7 T P 5
RF A U 1) S8 SC AR AU SCAR 5 AT 55

TE InferSent X} Hb 52 86 o, fiff HH 738 iF PTB tokenizer Tl
b BRI SCAS EEAT IR GLoVe #Li [ & (840 B tokens,
2.2 M vocab, cased, 300 d vectors) , I3 i K 5 2 Xt W A In-
ferSentV1 B, 2 J5 4 g2 R i) ] 2t XoF 17 (9 1) 9 3 9 %o e S0 A
B AT G A, DT A B AR E R Y L SO A 1 i A K
LR,

1€ Skip-thoughts X}t 52 45 b, f# 1 % BookCorpus | Il
RIS ST AR (2 400 4 (1Y 5 1) G AR AL uni-skip T
I 555 1 4% 1 200 4 f4 XL1 2 T B B8 bi-skip) 45 31 J5 SCAR A1)
THFAE , d5 5 4R TH SR B 2R 38 A 56 R B N P 6 45

3P H T AFEIAE Agnews U5 5 FI Snippets 5
B ERE R, W LURE L AR SCIR Y ERCTW J7 3578 Snip-
pets P 4E F AR T A7 R, ERCW Jr ik 7E Agnews £
PR FHUA T SR ROR .

#* 3 AN RIBERTE T A KO AR b

Table 3 Results of different models on all datasets

Enrich method

/Dataset Agnews Snippets
ERCTW 0.60622 0.90255
ERCW 0.63039 0.87241
BERT 0.57082 0.63941
InferSent 0.29410 0.66420
skip-thought 0.20140 0.54940

NS BT LLE L 78 PS04 b AR STRY MR 7 ik 24 0
T BT F WA SCAR T FL R L . ORI 5 BUA SCA T Fe 5 ik
ARG A SO I SCARY 58 77 3 F & TR SCARRHE A R0 7 T
T AR AR 0 B M 0D A, DT 4 T AR DL M R A5 R Y
Wik, [FEF 5 BERT, InferSent, Skip-thoughts 45 # % AH [,
AR SR BN T EAT AR 12 B FERT I I 2R B BE s BB S

= Agnews
08 === Snippets|
06
0
0.

ERCTW ERCW BERT InferSent  skip-thought

=

)

=3

5 AN [RVBEBTE BT A Bd 4 B as R 5T 1A
Fig.5 Histograms of results of different models on all datasets
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