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Abstract Multilingual neural machine translation (MNMT) with a single model has drawn more attention due to its capability to
deal with multiple languages. However, the current multilingual translation paradigm does not make use of the similar features
embodied in different languages. which has already been proven useful for improving the multilingual translation. Besides, the
training of multilingual model is usually very time-consuming due to the huge amount of training data. To address these prob-
lems,we propose a similarity-based curriculum learning method to improve the overall performance and convergence speed. We
propose two hierarchical criteria for measuring the similarity,one is for ranking different languages (inter-language) with singular
vector canonical correlation analysis,and the other is for ranking different sentences in a particular language (intra-language) with
cosine similarity. At the same time,the paper proposes a curriculum learning strategy that takes the loss of validation set as the
curriculum replacement standard. We conduct experiments on balanced and unbalanced IWSLT multilingual data sets and Europ-
arl corpus datasets. The results demonstrate that the proposed method outperforms strong multilingual translation systems and
can achieve up to a 64% decrease in training time.

Keywords Machine translation, Multilingual, Curriculum learning, Similarity evaluation,l.anguage ranking,Sentence ranking

HL#% #1113 (Neural Machine Translation, NMT) B T H 4 % 54

PERESIR Tz 0 E, @, — A& L3 B A Rk

ML B TS AL R = A SR B AR 5 1 MIEE S BN BARE S AR A E S AR A%
HARZRARIES LM — IR LIRS . R MHE THRE S L AE S8 bR N &8 T I 2 FhiE SO B A

1 3]

il

B3 B 97:2021-08-28 3R f& H 1HJ.2021-10-18

HEETH HE WA SR AT AR 4T H (19YICZH230) s 05015 5 K258 4 813 £ 4 ¥ B30 B (20 YCX138)

This work was supported by the Humanity and Social Science Youth Foundation of Ministry of Education(19YJCZH230) and Research Funds of
Beijing Language and Culture University(20YCX138).

EEVEE 57 (fengyang@ict. ac. cn)



TR AR TIER OCHR B IR A ST WY 215 5 M Pl A B

25

B, B R B — 3 T b 2 B B R AR AL T L) A
TRAF I 28R AR B T IR PR R T e g 5 1 i i
FATARUN G — A B B R T, 205 B W AL A B
(Multilingual Neural Machine Translation, MNMT) {ifi F§ 88—
Y [G) Bf Ak 2 22 F i 55 L B A% R8N S RO/ R AR DI 25
BAS S PRI 33 25 L B B I R T T

2017 4, Johnson I T ZIBF M AW I R4 .
%R G — A S g B 2% R — A S T A A 4% L T TE R A
AIRERINT — S RRIR AR SR T E HARIE . I gaT R
RN R TE I RO 2R A e — R, TR A B X 1 R
TSR, K, 215 T MG Pl B3 T AR5 R H 28 U 45
B, MR R S50 B BN YR AT 218 5 B,

SR 5 XA 2 A A ASOKE R 8] 3 & i B IR & — i
HEAT N2 s A B8 78 00 % 8 SQ TR R B v 9 5 3 [ I 425 0 S BBk
FREEAR A IE F LFI Zh i 22 S, Tan 455 2 Z0E B L ¢
I 0T v 1 F — R I 5 B T R R R g L R
DGR B R R P A AR AR R T D ) T 2 o )RR AE A
BB A1 | /) vk 5 4 B A ke A, A A LI ST T SR R
H B ), I e SR SR B SO B R SO R
M T 11 &5 78 SR SCBI B S0 B RE R G o AT B, BB 3K
TR B R . X ULH] L TE TR T BB QI B v TR
T SRR 25 Ty o IR BEAR A 1 5 3 5] )0 2 D) L 6 TR X

WAk, 208 5 W AL A% BB 7 2 N R LB HoE b
BRI AN FE S IR KR RAREA W, A
W18 5 AR 2 W0 R e B ME R 5 TRORL 2 ) A IiE S
A F LR B, 5 TR 2 3], X 4B # 251 F Bengio %1
2 1 TRURE 27 o) EUAR o gt R (R AR N 22 ST TR, I 55 )
MEH 2 2T YN GRAEAS, LU 3R A5 — A>3 19 B AR s 50 M5 2
B i R et A . Koemi 8577 Y TAE B £ UE WA , 3 Fh L i
TEWR— 5 F LA BRI T Ry m P fk . A Ot , i i
AT 09 H AR R R, PR 2% 2 RE A% B0 B R 7E I SI E h
B Bl A RUM AR SIOGH BE . AR SO S8 30 45 R I iE T IR R
2 39 7 A AR R 2 1) B R BTk .

FEF e AR 20N PR AR 2 o SRR R FH ) MNMIT o, 42
T — i T AR G I B A PR A 2T T k. AR SCKEEE R R
ORI B T i A G B BE R G AR A BE ML 43 B 298 F I
SRACHR I e JEOC IR B A5 B0 23 BB 1 — A HE )Y L PR R
2] R Y GR A Y , fe R R R A% th B B Hl 25 S R RE
FIVECHE | 78 £ T+ B8 1 W] B DR R 48 1 N 2R ] . A 1 5 il
AR T AN G OGR4, R T G R R )
A3 B0 HEATHET » B SC AR 220 28 1 o B ) HE T RE B R
AR SO Sk A S I MR AR 5G4 A O ik X RURL BE 09 38 F kAT
HeP GERPRLHE ) (B B8 R 2% 2] SRR & 015 5 L A
i 3 Ao % 5% R BB T v R R B 1 ) EAT HE T G R P HE
) o AR B i f% S 2 o DGR BE i Y ) 1, 43l o LR BBE
SR 3 T A A B AT HE T, BEARIE T 3 B D OGBR B (Y
R 2 WLAE B2, S RE P UE AR L A B A4t Uk 55 B 2= > B O
Dy BIMERY . ASSCHR G T — T ke 8 W9 DR 2 o SR K A Y
s 43 AR B 7 8 40 27 2 I 0 IR A B AR 1R Sy BR AR
bR e R A IR R A NS iEA T —

BRARME R B> . AR SCECI IR 1% 07 15 M A 200 7 Bl
P RE AN SO B B A T

2 HWHXIE

2.1 BIEEBE

Plas BT 2 B IE 5 0 R B 215 5 P8 3
PR B 20 S O 2 S B R T
WL 25 L) o 25 A B 45 B HE R L AR Ok L SN B X 20
BRI 25 AT TR Z R R . Dong 5 T 2015 4F
TE 2 Bl IR 5 BE B 2 A FLARTE 5 A9 3 50 b 8 X IREE 5 0
FT SE B G 45 A1 X B Rl B AR IR F R T B i A
Johnson 57T+ 2017 4 Y3 JH 45 6% &% - 6% &% 45 44 3 [ i
Ak B Z BRI AN H AR IR O A A R P T R IR AR 2
oW 5 i S R ANE . Wang S0V F 2019 AR H T — A
B HE =AU % B R R SRR A R
7 L5 T3 A ) E SRR R B g T S R A AR . AR B AR
LU T HELF BT 2208 75 8RB L/ R/ S 4
5L Z20W WS S0 A (A S A — A TR A
2.2 REFEI

ARICTTER MNMT 5IAT IREE %2 ik, RS 2] —
Ze R LR iz N B PLAS BN Zirb . th TRESS TE V-1 M
PEACIN 2R B A7, B8 A58 280 11 112 B A5 4% B 2 8025 ] op E 47 19 JR)
WP R I BB IR S BIOH BE R Rk . PR 22 > AR 56
WFoE O £ 4F 8 248, 0 BLAE M & PLas B AE 55 LA W ik
e BT IR 2 o) 4w B BT R RSO R A
Platanios 45 2019 4F o I 50 i) 7 A7 B2 16 K B2 A Oy 1
OR A ) HE A 0 7 L T YIRS, Zhang 55T T
2019 AFEAR 4 A B3 10 5 I 2 R A 15 380D B A0 B4 R AL X G
TiHE% B T S B i B R R, IR B &gl A
2 b 22 ML A% B 00 25 e AL MRS T B YRR L A
I3 LB AR 2 S T AR [ R B A B 2R
B R R AR A ST I G E AT 55 B DT 9 AR 2 g
T P AR SCEE T B A A SC TR BE WO T
ZiEE AP MR IREE A T T ik

3 ETEMXBKENRREFEIAE

ARSCER T — R T OCIK B () 215 T M AL R OR R
2T N 1 TR . %07 e BEAT DG BE VEAR , H b
A, 45 1 (] HE Y IR A Y HEST AR E PR AR 2 ST SR R AT
RREAL YN A U B B 2 A W) SC 6 B 1 B . iR AR 2
> A T T A 3 [ L ey Xk DI R S HE AT HE R L B
AP BC T IIN LR X 35 — A TRl , A SCIA R i A B8 19 ¢
IO Bk g MR R AR 5 S B AR SO A AT TG
I 8 TP 09 77 0% 5 43 ) DA AN [ 3 i [0 0[] — 138 A 9 5 A4~ J2 IR
XS YA BOHE AT HE Y o BE RSB AN R R AR SCH A 41— Al
HE T30 TR A% 1 VI £ SR e ol AE 7Y R 6% K I TR RS ) X B2 1Y
WA Z B AT
3.1 BWMXEKEITME
3.1.1 3&#F A 3 A (inter-language ranking)

ST AR [ Rl 2 18] B OC TR AR SCA ] A S ) g



26

Computer Science T EHLEIZ  Vol. 49.No. 1.]an. 2022

R 43 M1 (Singular Vector Canonical Correlation Analy-
sis» SVCCA) . & T LAHH Bl A AT B Ak 45 b 4% 52 o 28 I 4 7 )

Language A . 2 . SVCCA .

Evaluation

Yo R B B N TR AT L R AR 46 A5 Y < 5T I B S TR R R AT
ZIE R,

® . 2060
Similarity

s ) ® @

Language B 1 2 3
Language C 1 . 3 1 3 3 1 2
Data Inter-Language Ranking Intra-Language Ranking

Multi-NMT
Model

Adding Shard 1 of Language 1, Phase;

Multi-NMT
Model

Adding Shard 1 of Language 2, Phase’

Multi-NMT
odel

Adding Shard 3 of Language 3, Phase’

Final Model

Enter training phase

Shard 1

|
Poecd
-

Shard 1 Shard 2 Shard 3 Shard 1

Yy Yr
2 .|| 1
R gl I !

Shard 1 Shard 2 Shard 3 Shard 1 Shard 2 Shard 3 Shard 1 Shard 2 Shard 3

! e ! | | - | |
21 |.I :.I TSR - I:.I| 31,4 €
A _ AN | hW___i_ _

= = L ATT 4

1

Bl 1 T4 7 vk R ORI 5 i
Fig. 1 Whole training process of the proposed method
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F1FTA . AR SCHR R AR 2 3 4R ¢ B Multilingual (1)
KW HELF, BLEUETE Ro B LLSEBL R GX 0. 93 N H 4 sl )
BT, 53T RE IR 2 > % (Competence) # E , 4% C
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Table 1 Experimental results of balanced data set in

many-to-one scenarios

BLEU/%

System Time
Fr It Ro NL De AVE

Individual 37.39 37.92 32.85 32.12 28.10 33.68 0.58

Multilingual 37.04 37.79 32.42 32.63 27.83 33.54 1.00

Competence 37.68 38.00 32.65 32.67 27.94 33.79 0.71

Our Method 37.85 38.30 33.35 32.85 28.37 34.14 0.67

XF TR A B A, S B 5 R AN R 2 B A, AR SO L
BB eiE s BB HEEg R, L HEAEMEEIEFY Ro
Hl Ja . A BT DOWER B, 5 B B R 2k (Individual) AR
s Ro F Ja 1 823 1 68 0 50l vl LGk 3 14. 36 (26. 10 X L
11. 74) 1 6. 819, 03 XFHe 2. 22) W3R T, SR T, R A S ik
T DLFEAR B IR 5 5 8T AR ISR 75 i 45 SR (R 78 HoAth o 5 % 1
BIRE R LA A A I 2 XTTRE RN ZE S
RS R T B 2 G 1 9% R S 0T ) B R I R A IR RO
FATR BRI Ak A SO VR R AR R M 4 T T S T
R 2855 &M 36% It BRI A5 T T4 m M fE . 4 3C
J5 ¥ I I 5 i ] 5 BT AL R AR 2 (H R 19 S8 KR D
BCEIE T A 3¢ 32 7 - 0 OR S B 4 A st .

F 2 B YRR RO S 1 5 B 4 R
Table 2 Experimental results of unbalanced data set in

many-to-one scenarios

BLEU/%
System Time
Fr De Zh Ro Ja AVE
Individual 37.39 28.10 21.34 11.74 2.22 20.16 0.35
Multilingual 35.76 26.44 20.58 24.74 7.70 23.04 1.00
Competence 36.02 26.76 20.55 24.98 7.83 23.23 0.62
Our Method 36.41 27.21 20.89 26.10 9.03 23.93 0.36

— %t £ 3 (One-to-Many) [ ST 8 45 R a2k 3 frg), #h
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(Multilingual) [ B SR FE LR 8 #E T 50 & 04 B ] i 47 I 45, (H
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AT I BUIGRS RUZ IrE 2 05 5 A A B
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Table 3 Experimental results in one-to-many scenarios
System BLEU/ % Time
: Cs El Es Fi Hu Lt Lv Pl Pt Sk Sl Sv AVE

Individual 36. 14 39. 86 41.16 22.95 31.75 32.31 38.12 32.95 35.57 40.51 43.83 33.23 35.70 0.43
Multilingual 37.87 40. 34 41.58 23.03 31. 10 33.11 39.22 32.67 36. 20 42.05 44.76 33.16 36. 26 1. 00
Competence 37.61 40. 50 41.94 22.91 31.41 32.32 39.12 33. 60 36.03 41.93 44,22 32.94 36. 21 0.91
Our Method 38.05 40. 06 41.75 23.30 31.67 32.94 39.55 32.79 36.22 41.94 44.56 32.75 36. 30 0. 85
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Table 4 Results of ablation study

System Fr It Ro NI De AVE

Full 37.85 38.30 33.35 32.85 28.37 34.14
-Intra 37.68 38.12  32.83  32.26  27.97  33.77
-Inter 37.40  37.82  32.19 32.66 28.08 33.63
-Both 37.04 37.79 32.42 32.63 27.83 33.54

5.2 RERMEELE

PRFR 2 2] TG 58 ST 4 AN [R) Q6 B 1 4] 1 FNE = X 2
MRBIRIT o BR T ARSI B A 00 A H A PR 5 ) SR

(1)Our Method: 5 1 3¢ (¢ 18 75 AL & 5 2 A1 ¢ A) F 1
T o S Sl B A B8 v

(2)Shards_reverse: Hii {8 i - A% 5 800 7 H R B 48 i Fl
BT 5 B 6, 5 AN AR DG ] A R R M5 e 21 4 A Bt s v

(3)Languages_reverse : i {8 15 F (1) 52 B {0 AS Bl A8
ASTE R R R

(4)Languages_random : Bl HLHEF 38 i T (A 8 B 05 5
NG R I AKECHE Hb 1 35 B 5 1 O T B JE OC L T2 L B
HLIERE fITACY

SEEGEE RN 5 A A SO AT LLTE T A O R
FHE R BLEU 4340, 91 HAE 9 i )1 i i [a] S8 L. 3 3% W e
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F 5 IR DR SRS 1Y 52 g 45 R

Table 5 Results of different curriculum strategies
System Fr Tt Ro NI De Time
Our Method 37.85 38. 30 33.35 32.85 28.37 1.00

Shards_reverse 37.30  37.28 32.79  32.25 27.44 1.14
Languages_reverse  36.58 37.39 32.39 32.49 28.02 1.12
Languages_random  36. 69 37.54 32.95 32.28 27.52 1.11

Multilingual 37.04 37.79 32.42 32.63 27.83 1. 49
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Fig. 2 Comparison of validation set loss
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