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Figure 1 (Color online) The illustration of the deep NLP framework
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I 2 0 2 S5 K 1R 2 R R &2 24k, ELMO 20, BERT [2Y #1 GPT 1220 S84 Yl 5t 24 ] ) & 95
IRBEAL, i i Se R RR AL 3 A B B B AR BAa R ion. SCRF BB W45, RE A
SRVE 5 A FRAT 55 2 i X BB A B I AR RFAIE A (0t i, (H R IX e A 75 R 5 KIS B, @
T2 TPU 83 GPU HISCHF.

2.2 iFEEEAMFLE

K B AR T 200 0 o LA B 08 03 . 1 TN 8 e o I
PR T KON IL T, TIN50 0 A T A B PR E L E 45 L. (B, BLSEH BT
Cay St I AR 7 H L . 2T 2, 4 R TR0 1 o T AR A PR T 5
S h 5 Bl 2 R TR, B A 17

T G H R R R I A5 ., 280 7 SR BN 2R ] 1 B 240 4F 45 3T RO, N T
R A B R A, 2 3 R 0 0 B T, ] B9 0 0 25 1
AN A, AR S T ES R AR 4 1 R L R AL R
e A 0 ] B 31, R A 45 P B TR, 2 5T %V o e 3] 6 )
BFOR 2924 5 Sh— R UL M350 B A T ST, HeA Yang 5 51 ek T — R F IE N
BBt PR 2 BTN R ] B 3 B0 7 4h T DAY 264 4525 51 07 KA TR T2 %
ﬁg [26].

BT R B R Bl — B RO TN 2 B T T A 0 ) TR T 1 2 J
—ANEF T I IE]. Peng 2 27 724 Softmax b3 HVI SR FI i, A 782 04 ML, Kaji
265 125) JEF 5 TRER Skip-gram FE7HLHEA7H1 BV 260 . Kabbach %5 291 4441 T —FpRE R 1 F 3043
BRI, JFARBCEGHE T 7Rk ST MR R, Hlu 45 B9 S T 6% 3] MAML S04k 51
A 2, 20K T BT 2 P B, 2 i B

ST 2 BT LR A B 5 AT T S b, 7R R 4R T R T DA
ST R S PR 7. S 8 ST T 7 0 AT

815



FHEE: MR ORI M E R 7%

3 REMREE

ASCEE R R S i th B 1, 4 T AR S s A PR v, LT S, 30 4 AT
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TR A AN Vo = V \ W, et <\ FRME A IR
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Figure 2 (Color online) The illustration of the comparison between SrpWer and other conventional methods
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i 1 RFRE ORI & 2 A S (ScpWer)
BN
: BNZRIA AR Wp € R x4
- TR Ve = (0},
c Y ETE R E D;
C HATAE Vv = {vi}j=1;
o IENAL TR EL A

FikK:

6: Skipgram(D) — W € R**%;

T Vi=VeNV, Vo =V\ W

8: Wi = lookup(W, V1), Wo = lookup(W, Vp);
9: Wp1 = lookup(Wp, V1);

10: Z* = argming ||ZTW1 — WoHi, + A Z|3;
11: Wpo = Z*TWopr;

12: W = [Wpi; Weo] .
Hid: W e Rnxd,

T W N =

o WIKI-Glove (6 JZ{# F Glove J7:7E Wikipedia 2014 fll Gigaword 5 _EI1Zk 1117 7] &, 7] ) = 48 7%
KN 100 4E.

e IMDB-SG B 7 IMDB ¥4 4 LA ] Skip-gram A5 5Y F5)I 25 A 3] ) &, i) 16 B 4 13 K /N2
200 4E.

SERSIRFE T U FRANE BRI BT S, BFE 3 NEEAE: News20, Yelpl3 F1 IMDB. V4

BT (CUA IR B 2 AR SO AT B 78 3 [F] S5 )

o News20 #2H7 [ SCA IR, KAEE AN 20, BA CARKKE R E A 1000 4.

e Yelp13 &R, HEREREEH N 5, BN UARRRKKERE N 400 M.

o IMDB 215G B, HERELEE N 10, BN XAERKKERE N 400 M.

RAEE 1 R, SEERIESRE T A IR HESS: CNN F1 GRU. AR E W T

e CNN RHZ=E—4EH, BHFIZK/NE 3, P RAWEN |, BEGPENE —E & KtE;
i E] 2 IE R H A E N 128; BIE R ECR A ReLU.

o GRU KHIRJZR/INA 128 11— 2 FEHAE W 2%, 5t J 15 B RBUZ FORPHEAE — .

X F—BOUAR, Sl — e LRI 5 NE S AP IR, SRS 34T 40 1A], AR oK SR
b B E R 2R I FIR. T AR P iR, iR E N “UNK?; 0TI, i— % E
N “PAD”. 1EELAR BRI 28 i el F2 o, i ik N RO 2 AR B SR AT N R A B R R, AR
Ja4id CNN 505 GRU 9 2AH R %0, RS E G AP/ — A m&n g, REE—1 w2
EEEMAT R D RURR A UK. 2R E N 0.01, 20 R G0 2 Wl 23RN
Z AT 0.5 %, RN E N 128.

SRR EER T, AL 7 M5k, ks E TS RE 2. ERA AT

(1) NoPT AV Tl Zxinl [ &

(2) PT-NoFT Al I Pyl 2 n] 5] &, {H AN,

(3) PT-FT i FI W) kil e &, FF4R00A.

(4) PT-FT-Mu {5 FH 0N i ) 5, fifil, (2 1 i) S B 2% 3] %623 L 0.1.

(5) SrpWer-NoFT ] SrpWer 1532 {1 [a] &, {H & A,

(6) SrpWer-FT 1# FH SrpWer 15 2| i 1a] ) &, FFHi.
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Table 1 The statistics among vocabularies of pretrained corpus and current tasks

IMDB News20 Yelpl3
ny no ny no ny no
WIKI-Glove 19911 89 17902 2038 18965 1035
IMDB-SG 19976 24 13616 6384 18856 1144

#* 2 ET WIKI-Glove A2/ 3 MEZERTREER A ENMREIEER

Table 2 Performance comparisons of different usages on three NLP tasks based on WIKI-Glove embeddings

CNN GRU
IMDB News20 Yelpl3 IMDB News20 Yelpl3
NoPT 0.318 0.416 0.508 0.429 0.684 0.596
PT-NoFT 0.309 0.444 0.553 0.476 0.777 0.609
PT-FT 0.336 0.741 0.587 0.473 0.816 0.603
PT-FT-Mu 0.321 0.665 0.565 0.471 0.809 0.615
SrpWer-NoFT 0.322 0.648 0.598 0.472 0.806 0.623
SrpWer-FT 0.369 0.719 0.626 0.469 0.805 0.612
SrpWer-FT-Mu 0.350 0.677 0.624 0.480 0.809 0.631
Improve +0.033 —0.022 +0.039 +0.004 —0.007 +0.016

* 3 Z&T IMDB-SG {iEEH 3 MESERTRIER A AR LR

Table 3 Performance comparisons of different usages on three NLP tasks based on IMDB-SG embeddings

CNN GRU
IMDB News20 Yelpl3 IMDB News20 Yelpl3
NoPT 0.293 0.553 0.541 0.450 0.703 0.614
PT-NoFT 0.330 0.578 0.551 0.499 0.734 0.628
PT-FT 0.338 0.745 0.578 0.466 0.819 0.605
PT-FT-Mu 0.340 0.652 0.574 0.485 0.812 0.618
SrpWer-NoFT 0.353 0.566 0.598 0.481 0.786 0.613
SrpWer-FT 0.350 0.686 0.595 0.469 0.819 0.642
SrpWer-FT-Mu 0.373 0.652 0.634 0.503 0.802 0.641
Improve +0.033 —0.059 +0.056 +0.004 +0.000 +0.014

(7) SrpWer-FT-Mu £ F SrpWer 3 2 (1] [7] &, T, 1H A2 1 7] 8 X0 W 1 2% ST R 2 Ll 0.1.
BARE, 0 EAESS S B IE R, BT 4 PP 5 R v B R X B ] ) B B AL A6 R [
JETA 3 FRUAE RS SrpWer 45 2 [ #rinl il [a) & 4 HTE55 1] FE 352 BRI IR S50 IR i 11 20000 >
). 3 AMESS B FE S PR AN T Zn] ) B FE A B L LGETEER 1, o g A1 no 23 iR A SL 1A
Hrial K% H .
4.2 LILERMSH

#:F WIKI-Glove f1 IMDB-SG PRI Z5 (137 [7] S A9 2R SR AR 45 R W& 2 A 3. KRR 1T
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* 4 &T IMDB-SG iiREENEHIFLLGIH News20 EfEFR GRU &R M4aESLL
Table 4 Performance comparisons of varying new words’ ratios on News20 task based on IMDB-SG embeddings and GRU
network

0.01 0.05 0.10 0.15 0.20 0.30 0.40

SrpWer-NoFT 0.811 0.807 0.816 0.812 0.803 0.798 0.794
SrpWer-FT 0.822 0.832 0.828 0.817 0.819 0.812 0.817
SrpWer-FT-Mu 0.816 0.821 0.826 0.815 0.812 0.802 0.805

IRE T — PR ITEAEAR R ZAMES ERIEEAR, i —ATIR T SrpWer TR FLT i K PEfE
AN ARG AL, S BIRR 4SRNy CNN ORI GRU (45 3. ARSI — 512 AT %5 4L
Pase LROTERERIL. LA EZRAK B SEIR 45 R M, AMER ISR &R NoPT HITERERILSRE, B
UE WK A i) ) B 2 Sm REAT U 2 2 LUAR R ME. (/] SrpWer-FT A PT-FT A3 BIEARAIEE R, W T
5 AR 55 B A8 PPN 20 [ B R A ) s 2 e R LU B PR BE R B, RIS, 6 -1 2 1 3] )
BV 2 R B 2 IS AP REE R, HanfE ] IMDB-SG I SrpWer-FT-Mu — B2 I i it
Ik RESRTH AR,

BEAk, A FH B T 203 ) 2 A R, Al IMDB-SG IR 2tk WIKI-Glove &, 7] g A2 K]
DNVE R | B I ) B R/ BRI HR A SIS P S R AR, R WIKT 1ERHE L
IMDB KRR 2, {H/& Skipgram 5% 5 Ge 0 )15 1) 7040 2 o0C R AR E61E UE &, Bl IMDB-SG 14k
REHMEE.

i SrpWer 7532 (18] ) & — A B4 HERE, DN SrpWer 758 i) 18] 4] & _E AN 2 R F B
WIRTIEAL, T2 HRE T MAMMESS BiE X AR, H2, SrpWer 7E News20 [ 1ERE RIS T AR B T, 45
H3R 1 GG R, 8RBT R BRI E K2, SBCURTERE 8 SO R ME LAERR 2

N T ISR IR A H e 15 2 5 ) 24 JTE R O R B, XHEH IMDG-SG FIR ) News20
B H AT, BRI IRPER 1 RS 6384 NHTRIZE News20 B IIAIREEATHE T,
BRI RSN I E EL] R = 22 € {0.01,0.05,0.10,0.15,0.20,0.30,0.40} Fi i, AR
(RSB 1] 1 8 e, SR PR SV A R, SEBR 45 R 4. 3l FA% T LUR I, 435 ia) 5 H A 2 A 1]
FHMLFILE 0.05 2 0.15 1A, PRk e HAT B It e 2R3, 1B 1 8rial LX) SrpWer ()
B R X TSR T — AN RIS 4510 SRR S H i 2, StpWer 7EANHBIE R} b8 H i 5
Y 2 1 ¢ R AR HH PRI 1) 1] ) B IR AN RAR MR, 1E FURAE S5, B 2% IR UI ZR LB A H2 4
FOABH D (A Sz FR A Bl 0.1 A2 A7) B AT DAAS 3 b 34 3 Al 1Al 1) s 0 41k, AT DLEE &F
H SR TP e

SRR, AR SCHEH A SrpWer BT EULEHT IR E H A2 K 2 05O g edn] el & 52 F i A2 A HE B
B )RR, g ) B SR A TR L W S R @A, Si4h, T SrpWer £E Yelpl3 b
REPR T LU R 225 ) g H 22 ) i R TR N R AR PR BBk th 2k 2z s B 3. NEIH AT BB HH, NoPT
FEMNASE ERRRAE B, X UGS B R A S S A IR, T AT i — . s, AIXPZ
A AL M 2 B v ] DUE A SrpWer S FH 512k — IS fE I Z5R 2R BB bR N %, X Ui W] SrpWer
A DARE A Bl B 4 BT 45 1% 2 InPRISSIGER 2. a2, {8 A SrpWer (1453 2% o] DAZE IR 45 B AR, 1
ISE T SrpWer HIH RU1E.
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Figure 3 (Color online) Learning curves for different usages based on Yelpl3 task and WIKI embeddings. (a) Training
loss; (b) test loss

5 R

ARSCHETIRIE B ARG 5 AL BT S5 Hhin] A BT SURTHR Y. B e R G R e T LA A [ B R
FIT732, SRIGEERERAE 55 Hh IR i) B0 e Rt 7 — ] B 5 FH A iR 572 SrpWer. SrpWer W] LA [
2% 8 24 B A 55 O T SO IR 5 10 ] o) b AT A, DA i) A8 s S5 8 SE 9 3 1 i) [ & 17
AU FENIHIAG . E 2 A B4 B R SRIRSURIIE T SrpWer AT R

ASCHISEIG A R i — LRI R, LEAnAE A AN [R] B B0 k] [ B I, A2 [R]— 4155 LA
B sE B3] ) B T I VAR S R ZE AR R PR RE R I, X L S i) ) 8 A2 FH 7 VR A Do v A
AT T AN R TN 25 i) 1) B o AN [ B 190 % R ARG R 2 AR 25 2R 20, 1 o I b vt 3¢ e 55 3 ) ] ) 8 2
. — 7, XN SR Learnware B AR IA% O 18] @ 2 — WHA] A S AT 553 B — AN s B A5
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A semantic relation preserved word embedding reuse method
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Abstract When deep learning is applied to natural language processing, a word embedding layer can improve
task performance significantly due to the semantic information expressed in word vectors. Word embeddings
can be optimized end-to-end with the whole framework. However, considering the number of parameters in a
word embedding layer, in tasks with a small corpus, the training set can easily be overfitted. To solve this
problem, pretrained embeddings obtained from a much larger corpus will be utilized to boost the current model
performance. This paper summarizes several methods to reuse pretrained word embeddings. In addition, as
corpus topics change, new words will appear for a given task, and their corresponding embeddings cannot be
obtained from pretrained vectors. Therefore, to reuse word embeddings, we propose a semantic relation preserved
word embedding reuse method. The proposed method first learns word relations from the current corpus. Then,
pretrained word embeddings are utilized to help generate embeddings for new observed words. Experimental

results verify the effectiveness of the proposed method.

Keywords natural language processing, word embeddings, model reuse, new words, deep learning
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