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Abstract: Objective With the development of deep learning, image captioning has achieved great success. Image captioning can
not only be applied to infant education, web search, and human-computer interaction but also can help visually impaired people to
better obtain invisible information. Most of the image captioning works are proposed for captioning in the English language.
However, the success of image captioning should not be restricted by language and non-native Englisu speakers should benefit
‘ron existing English-based rescarcn results. Generating image captions in different languages is worth to be explored. The main
challenge of cross-lingual imags captioning is the lack of pa‘red image-caption datasets in the target language. It is difficult ana
expensive to collect a large-scale image caption dataset for every target language. Benefiting from existing large-scale English
captioning datasets and translation models, using the pivot language (e.g., English) to bridge the image and the target language
(e.g., Chinese) is currently the main backbone framework for cross-lingual image captioning. However, such a language-pivoted
approach suffers from disfluency and poor semantic relevance to images. To address these issues, a cross-lingual image captioning
model based on semantic matching and language evaluation is proposed in this paper. Method First, the proposed model is
constructed by a native encoder-decoder framework, in which the convolutional neural network extracts image features, and the
recurrent neural network gencrates the description. The pivou language (source language) detcrif tions are transformed into the
target language sentences by a translation API, which is regarded as pseudo captioning labei:- ot the images. The proposed model is
initialized with pseudo-labels. However, the captions generated by the initialized model are always in the repetitive combination of
high-frequency vocabulary, or the language style of pseudo-labels, or poor relevancy with image content. It is worth noting that the
pivot language written by humans is a correct description for the image content and contains the consistent semantics of the image.
Therefore, considering the semantic guidance of the image content and pivot language, a semantic matching module based on the
source corpus is proposed. Moreover, the language style of the generated captions differs greatly from the human-written target
'anguages. To learn the language style of the target languages, a language evaluation module under thie guidance of target language
is proposed. The above two modules perform the constrainic of semantic matching and language style on the optimization o the
proposed captioning model The methodological contributions are listed as follows. 1) The semantic matching module based on
image and language labels in the source domain is a semantic embedding network. To tackle the semantic matching of image,
pivot language, and generated sentence, we map these multimodal data into the embedding space and calculate semantic relevance.
This model ensures the semantic enhancement of generated sentence to the visual content in the image. 2) The semantic evaluation
module based on corpus in the target domain encourages the style of generated sentences to resemble the target language style.
Under the joint rewards of semantic matching and language evaluation, the proposed model is optiniized to generate sentences that
more fluent and more semanti-ali related to the image. As a {act, the semantic matching rewerd «id language evaluation reword
are performed in a reinforcement learning mode. Resu't 11 order to verify the effectiveness of our model, two sub-task
experiments are carried out in this paper. 1) The cross-lingual English image captioning task is evaluated on the MSCOCO
image-English dataset, which is trained under AIC-ICC image-Chinese dataset and MSCOCO English corpus. Compared with the
state-of-the-art method, the metric values of BLEU-2, BLEU-3, BLEU-4, and METEOR of our method have increased by 1.4%,
1.0%, 0.7% and 1.3% respectively. 2) The cross-lingual Chinese image captioning task is evaluated on the AIC-ICC
image-Chinese dataset, which is trained under MSCOCO image-English dataset and AIC-ICC Chinese corpus. Compared with the
stai>-of-the-art method, the performances of BLEU-1, BLEU-2. BLEU-3, BLEU-4, METEOR, and CIDEr of our method have
increased by 5.7%, 2.0%, 1.5% , 1.3%, 1.2%, and 3.4% respectively. Conclusion The semantic n.aiching module guides the rode!
to learn the relevant semancics in both image and pivot language description. The languaye evaluation module learns the aata
distribution and languase style of the target corpus. The semantic reward and language reward obtained from these two modules
have positive effects for cross-lingual image captioning, which not only improve the semantic relevance of the sentence but also
further improve the fluency of the sentence.

Key words: cross-lingual; image captioning; reinforcement learning; neural network; pivot language

© [ B T AR BT A



05 &

EUERGR TS 23R4 € — kB, tHENLRESS
H 304 R IERI0E S R (Farhadi 5, 20100 , %
K HFRGI (Tang %5, 2017: 144, 2020) . K&
157 (Hou %%, 20200 . in 5 7o (Zhou 55,
2019) SHZTATEHAR . SRR AN AT N HF 9 57
REER . AMLAS BLAF N A, 3k n] LA Bk N+
AP R SR U R(E R . AT, B TIRESW
PO S Je R IA R FASE ORT ) B - ) 1 s B A7
e, BEFRES CEls 7 BERR (Wang %,
2019; Ji %%, 2020; Luo %, 20200 . #Rif, K%
O TAEE T B R AR il AR eiE BhE
FPAZ NI I A B 2 5 . B S BE
BAES (B, MSESCREIR TR B h i) iR
W T AT —FiEa 3 (Lan 25, 2017; Gu 2%, 2018:
Song %, 2019) .

ST 5 WIRMT S AFAE I — N %W R TR /b
KIE HARE S W EGRHR RS . W& 1 R,
EVIGE IR SET, BUE R A BON HE 5 ik (R
VRS, BIINTESO MILKRE EbRERE ()
S0 o W O I R -4 s S — TURERT 2 h
P TAE, R EAR S PG S AR g R -] 7
WHEHEEE, IRIMENE T, s, BOAAAEKR
R e SC-EUE R HdE & . AR AFEN HiR
EEIBRENRR T, BOANHES A (Bl
PO MONEEREGMERRES (Bladhso fid
()M 2 S8 At R 5 18 5 MG R AT 25 16— Fl i DL fig
o Lan FEN (2017) A5G 5 2o i §l e i
RENBAES IR, WRa) TR, FR 5 A
TG PEVEA AR, ARIE RS PEAS 2 i T Db
ZEAHRLIALE, D ARG B D bR 2 ) E AR AL )
SR PEH . GuZE A (2018) MISGHI Fl4HiE = Il 4k
EUR R IR R A Bl vs 5 R, P L el e Asi Y
BB ES R, @ E S S mES g A E
AR 5 A T RN AR R ek D iE 5 B
PRIBS XIS ZE R o SRR EN TIES A F
FEI R B — K ORI R 2, AW
TAMEES B, o ERB RS S E A
AR AT R, CRERGE BiE UER
FHEFRBRE, 2R T HNE SRS HETI A
I8 TR

AL, W 1 R, FGiR S IR A
THE Mg 2257, BURRIIESE 58 “ A photo of the

il S : A bRk e
1
& | Alittle girl in the grass wearing | BENATEE
el sunglasses holding a frishee. 1 FE S S AEEE
paired | Aman and his jeep on = beach | | FEAABE—EE
. B ey | watching people flyng s ! P ANEERE
ﬁ | The group of pecle la, ~n ke : — A RENESEED
L beach near » pars  bicycle | I AEERBIE
\
£ B A SRS I bt o me
el / WEn |
J‘ N 7
_ AR

\ -

T
LG IE SCHR S F AUARES T F B g |
| v
A photo of the back of a girl in a yellow dress
= v (A bR

gmE ) pEe s M ERROETNG

A LEWE R A

K1 iR 5 BRI S5 B SUR R TT %
Fig.1 The task of cross-lingual image captioning and our

solution

back of a girl in a yellow dress” (—PZFEF ALK K]
LEE R, R T E bR SR R
BT EMEE R, #ERIEN AN FEE
AR F I E S E W LR o T, SR AR
JEAAE, BRG] PN T RO,
RECSE I R SCHER DL “ 2o Dy fiaR oy, 19
FRELL “—5KIB 7 SRR O

BEXS bk B Sk, AR T — R g NTE
SCUUHCANE 5 VP4 22 Jah 1 5 0 AR AL ER R T
o BARMIE, N T A EUER B Bl I hiE =
AL 2 (A8 SCRR, AR S e 1 —ANRIECE X
VRS AT —A B A8 5 0TI, AT 52
HEATIE LILEC AR ANE FaiRlfe T D BR&HTE
FOE LA R — A~ 2 B L0 1 SR
7, KRR, HE S DL EARE S R U E)
A FEHERN 7 [H] R AT B 5 B RS RHE R R I TR S — 3
Yo 2) HFRE S SO BRI B ARE 5 iR
i b2 2] BARE & WA s A geak oy, I
HARE 5 XIS, 05 A ) F R A1) 7 i T 15 3 kiR
Ve ARSCTTIEAE B SCICELAINE & FR 3L R 29 51
N, ATIAE RSN H AR 18 SCE ARG B RS
Fiik,

1 MRIAE

11 BB AR
P 3 £ 55 A T B SEHLBLEAN 8 5

© [ B T AR BT A



Qb PR AN BIF T A 1) A8 AT 55 . H AT TR BE S 2]
1 EG SR TAECERS 7 A RUiRE . Vinyals %A
(2015) & &4 H o B Im ) CNN - (convolutional
neural networks ) % 5 #% -RNN ( recurrent neural
network) fERGER L5, DL KRN B H bR )
ISR RE R I 2R B AR SR R R HER AR 55 LSS
AE G 5 55 - AR 2 O HE ZR 2 itk B HS B 1 & Rl A
BV . XuEAN (2015 EG S EIAZ
AN, K XU & B 2 R RS B E R
BERURFIE T, SEE IR AR AR S AE B R 55
Anderson %5 A (2018) 7 EK [X 35k ¢ F1 % % 4%
(object-level) FHfiE bEor Al HERE 1. Bk J7E
LR A R b, WA B R R FEE .
Wang 55N\ (2019) $#&H [ — N EEE I, K
SCANFAES X X AL R AIE — i A\ PR 42
FIEZIREMFIE R, G A FIE SCH R — B
ZIRi . Ji BN (20200 FINICIZHLH], (EFPFIAE
BOS RS IRICIZERE, AR A N E
DX A4 UL S SHR A

‘;—7J71f, Ranzato &N (2015 ) FLgifa
FA R G B 2% - 1) oA i 88 05 7R ) 5 I AN e e o I
GAHIRAE S AN ZR-DH B B A TLREC A v 8 A2
VIR 8 DA S BRLR S KALSA R 2 I 25 B AR,
7E R #1466 ] BLEU, CIDEr Z53F4 fiadn. Kk,
AL ) T ERE G N BB R IR AE 55 . Rennie
N (2017) FRH EHEFIFFIN LR Cself-critical
sequence training) , Kf 24 HIARALLE HEFR R B AR AT
H)F I ET848 (CIDEr) ¥/ E AR UE 225 DL /D>
T 7. PCEEHERL A oy s 0 6] 145 B Eeah, 17 bE A
HEXL AT - AR B A A ], 80 ) EAEPR 15 4
W&k, WRER CIDEr 3 A F. Liu A
(2018) & —MEERESR DRG] T2
FEMERMUER M, AR AL 1 22 5l vT DA X L A
HAERESHEHEAF. AT, 1B EREED
s Nt BoR, BRSBTS 1 — A
T Ao AR SCIE SR F Y i A - A AL 2% ) SR EAE SR SR
fifr s TE 5 BUR IR A AT 55, s S AL 5
ANAILTT
1. 2 BSE S BB R

PR S BR R AT 55 K R itg, Hurha T8
R B AT RRAEA O 1 BUE- B A5 SRS £
EREEARER A, Lan 55N (2017) EHEFIHH
PRI B 78 HARE 5 09k 2s, [RIE e —
)RR B, R R VY 0 TR

SR I A) T 1) BARURIR T AN E ALE, DL
HAT G B FAENZRh g S (e . sk, RIEAE
AR AT, WREE S IR R X 545 B
HAT, 885 EBIARTTFEORZ RAETHE S
B k. GuEE N (2018) R TR THIE S
PETE B MR B, Se i A MR R A D AR A
MBS, REFMAHMEEMEIERES . Oy 5w
JRANFIE B RIS AL 5, AR A — 2 DA
B F M gm AL A B ARE 5 WAL 8% 101E i S 2
8%, BT HNE S B HARME S MR RE a5
N, BRI E S BT 2 .

FETE L JT 1, Song &N (2019) WA T 42
TR E MR S BRI A R, SR T R E
B R A Y (Sellsupervised rewarding, SSR) ,
I A) 908 DL AR & g8 UL 43 S ek
L AL FE AL S AR G2 il . SRTT, BT AR AR
EFH N EM I RAE, [k B A E] ik o]
ReELE A RBMES, 153 RS Z0E SR A 58
A EE, AL, 1 TSR Faster R-CNN
A (Ren 55, 2015) (1) I RE, Feng 55 A (2019)
fe 7 B R H S s A, 5]\ Faster R-CNN
(region based CNND f A4 i f) FiEATHE & 24057, K
R - ) 5 X 1) T SCEE R R 7 VR ik — 2B R T )
TE. Ben A (2021) $RH—ME XL HH Y
SIHESE, IEARHIHEAT D bR 25 A5 BN B R R L )|
Yro XA TAEHR R AT X R (Object)
YERS1S,  Rmaim N BRI H th A1) 5 2 18] B8
XF55. SR, ARG HE A I 25 Faster R-CNN J& 75
FIABE ) 5 S AR i & E TR ZRGF (), AIE T2
SCRE AN s T oA TR 5 ARG S R AE BRI
AR BT Joik EAR N H .

AR BESE T8 SCR AL R IE 1) )5t A
7] TR 1 SOt A S5 1 T AE AR AR et = [
R BE S AT BARTE S EA) T =8 2
G (R FZE B , BIINT BRES
S SCARE RO AR BRI P 5] TS TE S 1T, DA
HIR A R BT XU — SO R R

2 AR

Wk 2 fos, RSO HES E E B G AR
HT 3 BB 1) AN A ER G AD 25— 00 T il 45
(G IRAERD Bid: 2) BUR&HhE 5 10E X IT
Fotsise, FFHROGE CLLRIAI 2RI, Ml 1 Ik
G SHTE SR SRR, WU G Sl

© [ B T AR BT A



B A R

CM&F—*FQ;F—q:;;:P—*imﬁ¥S

B EATIPN
R EFAHREN

There is a large
¢ decorated elephant
:with people on it

P&ty

| BHSENLE

S

POAmAR
thirEsT

P AR

% FhARE N
& aFS”

E REHHREN
H & pAaTS”

.................... BREEERER
& FHAT— BT
H H BN AENGE
o> BEfREmaTs L AETIRSS
s De - BANGE
AN B .‘::$ >
L EMREN b F= |
ERETS Y= zmRMH |
BETIEXEER .

-

b B
)\WJ e 4& There is a large
AT ldeﬁoratedth H
elephant with :

BGRUm BGRUPE pe%ple onit

SRATHA R WEES”

B&&HEE I VLAt

K2 s

Pl (At iR A

Fig.2 Cross-lingual image captioning model

HARE & T AN 3715 TR 5
HARE &P, HTHR40E mﬁmé@ﬁﬁ
I B bR s o A FR AT IR S VN LR . 2R

— PR DT RR A IR, S E ARG
ERR YA )R UG ECZ FORE F AR, A
T B IR i ANE SR E B .
2.1 EME iSRS FiRmaR s

AR AN 25 1 UG G ) 2% - 11) - fife R 5 AE 22

AR . BARRYE, A SO T 25 2%
i ResNet (residual net) -101 (He %, 2016)
M—E4EH)ZE (fully-connected layer, it 4 FCg)
FEHLCEME T WIFRAE o fFH R E LSTM (long
short-term memor, it N L.STMg) X v #EATfiFhG
A RCH AT )20 A . 5 AF N TA/E (Lan 4,
2017; Song %, 2019) KL, AR H R
APIU MR T VR RIS 5 87 SR H Frid by B)

THr%E ST A AT Ik . ERLRL I LR AL
g, TIZrIETY ResNet-101 AN 5T,
2357 FCo M1 LSTMG 25 . AL B E H AR B0
ST TR R AN O R, A (D
EUF:

L(0)==3 g, (w7 L)) O

;_EQEF" N%@% ST:{Wo(T), WI(T)’ ctty WN(T)}B,:J&
B, HAR] wo DR B NI fF<bos>, O A AR
FCq A1 LSTMg 221 545

! http://api.fanyi.baidu.com

2. 2 B &HNE S 35 LR

B 2.1 R4 fa BOAR AL A R ) ik B
THREYE: XD AR 1) T B B AR I ) E
HHE, S5-I, N ThRE
m%mmﬂﬁ$ (B S, XS B v)sL
k. #HIESH5EA NES —8UNEUEE . FH
e EE A 5MEEHEIEER, ACRHT
— Fh ZAEATE UL AT AL 2 5
2.2. 1 PERLASTR LULAD

X R EME S, ASCE Sk EE R
)T WL B A SR RN A 8], AR I ORI
WK 2 frs, BURIE IR MZE £ B CNN gafidss
(R AF AN 20 158 ResNet-101) Fi— 1.2
IERE QAN FCp) M. SCARIE SUEIRAES fs
L LSTM (it LSTMe) #k. LSTM: o
I 2] 4 I 1) 2 8 ORI B FAE A RN A (]
5 A& . ASCKE B - Db 8 dmnt (, $™
FN, BDaT 1R 2GR 1A A ST S [ R RN AR
fi(h), F)F STAE A FAT S A RN FHIE £5(ST)o
XFFULECK (F, ST . FHRIFIA batch 10T 4
B 5 T ARICERE) Doy 8T, [ 40 batch (I EIGEH 5
STAULEC )t 451 27 CAEe /MERLR] ranking 43 26 %
ANFEE BB TSR, AR (2) Fis:
L(&y):ZZmax(O,A—f,(l)fs(ST)+f,(I)fS(ST'))+

I gsT

ZZmaX(O,A— f,(I) fs (ST)"'fl(II)fS (ST))

r st

(2)

© [ B T AR BT A



X, ARRARGESH: 6, ZABH FCp M
LSTM (15 2 S5
2.2.2 PSEFIE XL

I, A SCEA HE 5 A5 - bR a5 A 5%t
(8P, ST o AHTHIANFETEE 1 LULEC v 5 1 50 )
TR SO, SRAIZEAL 2.2.1 95 HiE SCHRA M
ZZPLHITE HARE 5 540E S IRA R E. A5
HFRiE & RS 5 020 65 35 # % H )2 BGRU
(bidirectional gated recurrent unit) £544, PA BGRU
B Ja i 2 AR A A FRMER . B8 fr 2
HE SR 28 (BGRUpe) » fr & HERIESHF
MEWLST 2% (BGRU7g) o [AIFEHL, DA /NMEXA]
ranking 51 RXF A S A RIBEAT TSR, A5
(3) fhos:

L(Hp)=szaX(O,A—fP(SP)fT(ST)+fP(Sp)ff (ST,))Jr

;;max(O,A—f,,(s”)f,(s’)+f;, (s"’)f,(s’))
3)

K. X FUCEN (8P, 8T, ST 2[4 batch
HUNARZ A T 5 SPAILIR Hf], s7° =2 R4
vatch MIAHIE S A TS ST AILE K66, 6,
FEAREE BGRUpe Ml BGRU7: HI2%2 S B 5.
2. 3 BHniE S HIPM R

25 A H AT 5 H FRiE R = SCHK,
DAL AR 1 ) i ) 1 5 B0 S H A ) R X
W22 SR, ARTTRI A H AR EE RHE R AL H bRl
By RESmRAHTRIES TR, Bk, &
RPN AE B ARE S e ERIZR—ANmT LR
PEE S PR BRI e, X T A N T BRG] B
T 23 Al o IZAR R A LSTM (G 9 LSTML)
B A) TN LSTM, FFIA LSTM,, Tt 4§
BN . BARERERKE N N 16T
St={we®, wi®, <, wyOMEN LSTM, 1IHIN,
TN Ex 10 H bR R £ fe /N R) 7 AR IE BRG] R 47
SRR, WA (4 Fis:

N
L(6,)=-log\n, (wwi,)) @
i=1

Kb, 0, RAB LSTM, K% 2125
2. 4 BETE ILECANE 5 REIREZ L

FEREAT T B =AM AL K T 25 5
A s ATRE =AM ST 2.1 75 P R g
2% T AR A B ER K R s LT > AR S
A 2.2 T RIE COLACS A1 2.3 15 38 5 o 2%

Jalxt 2.1 FIREER AT O . For, 15 SCUCHD 22 5 i
wmHIES 5RE. #nESEMIEX S (object)
KR K A (relation) H)—FME. HL, WA
B I, 21 TEERBIESEMAT ST, K
W, THE AR B SCULE S AHE 5 YA 220 -

1) BGg-A)FULEC 2L . BE T4 B uiE X
HRNNZS £ WL, )T ST B SCARTE Ui ) (4%
S5 WU B Hm N A5 0], FEEE RIS TR UL AL il ]
PLIE XA
a(s)- DEEL

7 (0l (s7)]

2) WEE-A)TULEC . [FIREH, YRdEn)1
SP 22 NS S RIS fp L, AT STEHH
FRiE 5 R 35 fr Wi, JLESE S SLUL R
JAhaT LA SR :

(s f,,(sP ) /7 (8 *) ©
Lo (8" (8
AN, SPREEG TULE S S k.

3) HARRA) T S v K. AT ST
ANBAEARHIA 2.2 TE HARE T o) Zhud mo i
PLLSTM,, &F IR T

[, 4 1=LSTM, (w{",h/ 30, ).ie{l...N} (7)

X, §={ws, w0 wOn}, w2 )T 1)
FibbrdEi<bos>, NZ&A)T STIKE; Al 25 i i
(2D IRR I, g2 ¢ I D AE I B b (e
K, #EETLERD, EMERE ¢ F,
B3] w0 N TR ZE RN qi(w™) e ASCH
F)F STHIVE VP 2l SN ITA I IR) S T B
w0 IS BTN 28 (1) A 2R

* 1 N (*) (*)
= E 8
I’}g (S ) N P log(% (wi ‘Wo:i-z)) ( )
%/I\E’i in =] ?Bﬂj\_f:*ii:lga/‘léjqﬂi Ej]&ﬁ 7 J:

) 1 P ~
K = a'lg +ﬂ7;flv + 7}/;’1\/ (7)

total —

Kb oy Ay ZEZE, BUETEHEI0,1]. oy B A
y NERZE, RAEEREN 3.2 1.

R KR YIRS ) B SR B T 22, A
& B A T BN G072 2 mr B AR £ T4
i K FE T G EIA) T S°, BAMNRIANIZ IR I =R
POERFE T REEA)T S Ph ro (8) 1ENIENUE
Wil X 5] S*HLE A ST RN A Froar( S Frora

© [ B T AR BT A



(8) + PREEAERJIG 7 w5 A3 B dih, Tkt
FEMER A /R R T, 220 S RS
SEAL ISR, R AR Rt SCUG e 3 fil BE 4 A 5 1T
WA E LR AT Rk, B R Y B
28 HAREA R AT 5E XA

N | \ Yot S _rzotal(s) x
| (5 )

() [y 30p(*)

L
i |V ’wﬂ:i-l)

total —

(10)

i~1| log P, (w

X, O 12 B HR BB S 5.

3 SER KGRI

N T WA TR i S R R S EIH
RME, AR RAT TS TAESS S8 LA
N B S I MR B SRR A DA S SO S S
PG SR .

3.1 HIEE RN

AR A SRR AR AT VRN, gk 1
Fiams 1) a4 MSCOCO (Lin %, 2014)
08 123,287 KB, Bk RADH 5 AN s
FTESCRER . SREH% A Lin 5N (2014) $2HiH
K377 20 113,287 sk B i AR IZREE, 5,000 5K A
FHTERHIEER, 5,000 5K B A FAEIAAE . Hocs
WRIMER <& TH 2, REHIREADT
5 BRSCERAE, RN T KRR T 16 [ s)
FHATHI . ORI« HrE AR g T
TH 3, R HIEADT 5 F SRR, [FR
WA A PR EERT 20 Fadee A Fib AT di . 2)
HHCHESE AIC-ICC (Wu %%, 2017) &
208,354 5K, BAEEEA 30000 dKE fr, BTk
FAE 5 AN ThRERH SCRR . AIC-ICC WA H
T AR EE, SCIGIEE Song 5N (2019) #2
HRI 7 1E 30,000 7K 1056 IE S BEH LA
5000 515 B F AV IR, 5000 5K B A VR N EGIELE,
S 2% 20,000 5K R A ISR ET . FER AIC-ICC
FIMSCOCO W £ di 5 B GA 7) 1 & AN AH ] o

TE A SO B 25 I B IR AR S5, LA
AIC-ICC H 3 ¥R2ERCE MSCOCO JE 3B R
25, i/ MSCOCO MHASFEAT VFIll . 75 T
F) RS E AT S H, DL MSCOCO H i 4L 1k
4 AIC-ICC HciBERIZ:, f8H AIC-ICC k4

2 https://github.com/fxsjy/jicba
3 http://nlp.stanford.edu:8080/parser/index.jsp

R ERMEANBREEER

Table 1 Statistics of the datasets used in our experiments

EAETE S EE %k LTS M EE iR
MSCOCO B 113287 5200 5000 5
AIC-ICC LED'a 228254 5000 5000 5

TE: IR FRORREK B R N A R ) T R

BATVPEI . SRR, SRAE PPl FEAR BLEU,
METEOR #1 CIDEr %A= i 1) UG $t i i 47 7
3.2 IGwE

1E G gt a%- 1) T ARto s i (G HR AR
RAEEL) f, ERERAE v H P 25457 ResNet-101
M—E B8 20, 4 d=512; IR HAE N
%% LSTMg 28 O™ IR BN . TEES IS
SCUCECAE A, VRS SN X 4% £ 901 2R A5 Y
ResNet-101 Hl— 22 R A, BARES MWD
AR ZM LSTMe 4589 . 1515 5 15 UL R
P, HhE S A HARE S YRGB 2
") BGRUpg #1 BGRU 7z HESE, Fajul/Z4EfE Y2 512
4k, BGRU iy FI4ER /2 1024 4. 76 HAriE S 18
PR, RS TR A HE ) LSTM, .
AICHTA ) LSTM &5 K4 IR Bl /2 4 5 FH B im N
YEFERN d=512 Y. PIATAE55 IR 1E B4
YR A, dropout WE N 0.3, TYIZRET
batchsize WA 128, FEALIIZRIT I batchsize BN
256,

FEUE X UUECB R (2.2 ) AE S A Bid (2.3
T MINALERG, FHSE 6, 0, 0, #RE:
[ 58 o . PRAEE S IL [ 5] 5 UG AR i
(2.1 1) % 2] 2 URE SCRR AT H bRl 5
R 1) PR SONHINE 5 Se Il BHG Stk : B
BRI AT R0 5 S %02 1e-3, PRIRIE
SCVCHCARERAN H AR 5 PP A i I 25 1 2
SIRVN 2e-4. FEAEFHIE S PR K HAI 2 AR5
SCEETh N ZRmt s UG IR AR R I 2 5] R
de-5, a~ BRIy S MEVAE 1, 1, 0.15. 2) Ploew
N S LI EM R SR MG R AR A R
RINZRA 2 ST 208 1e-3, Y5IRIE XL AL H
FRIE & AP SR TN SR 22 I RN de-do 1
15 B8 5 PEAN 220 AN 2 B A 15 SCIL IS 22 Jah Il 25
I, PUMRFER A B 2 2 32 1e-5, av B AN
y MME A HUE 1, 1, 1.
3.3 LR T
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Table 2 The contribution of different rewards for cross-lingual English image captioning on MSCOCO test dataset and

cross-lingual Chinese image captioning on AIC-ICC test dataset

P

2% L(66) T r,_fv . BLEU-l ~ BLEU-2  BLEU-3  BL{U-4  METEOR  CIDEr
N 41.0 214 103 53 143 141
N J J 42,0 22.6 10.9 5.5 14.6 155
PR E SRR
N N 49.0 26.3 13.1 6.9 14.0 16.4
filiid
N N J 48.0 289 17.4 11.0 14.6 24.4
N N J J 51.7 31.4 18.9 1.8 155 27.9
N 45.5 28.6 173 10.7 22,0 16.8
N J J 46.4 29.2 17.9 11.4 226 182
PR E PR
450 30.1 18.8 12.0 225 19.0
fiid
J J J 51.0 315 195 12.2 229 204
v N J J 51.7 329 20.9 13.6 24.0 217

IR A BRI b 0 AR

3.3.1 YHRksZ:

AT AR R & Al IAE ST EL LR A H bR
B O R R, ARG AT T T s
® 2 BoR T LS 25 CHI B R R AT 55 15
i S 6 &k SRR I S i 3 o 1 B R IR AT R
RIS . R 2 LA (D) w1 L(G6) N B b
BB Ny Baseline JEAERAL;  “ v 7 RN
ARk S5 7RIS, B, R A 2206
FORBRASIE LU (22175 514, f#
R P RS TE 18 LRI (22279 &
5Nk, (EH re 20 BARE S SOF B (2.2
) 251Gk, BAE RS s P B rig RS 45
SCHEH B

R 2 Guit, TEZREAE SUH SR
&P WYER R, % Wit brth 415 21427, &5 Baseline
AHEL, CIDEr 154320 B3R Tt 1.2%50 1.4%. 45 58,
PG &l 1 5 S UL AR T T ) 718 SR %
Yo HBREUE F 2 re (RS TE B A AT
R E = SO A FlR AR S5 B AR BB AR,
5 Baseline #Htk, TISEr B9 EFA T 2.3%F
2.2%. Ak, TEEREIEE R re ARG TG
NXUCECAEG o IEFEER T, TERNMSESE R
RS D YRR 4k 242 7. 5 Baseline #HLt, CIDEr
B5 ETET 10.3%8 3.6%. X% B E Gk
B [ 2 AL e R rg B R IR 5
FEVE S BTN —8. BJE, RN res P B P

PMALFEER T, &Oifeks E XL THERA, 5
Baseline #flLt,, CIDIr 7340704 EJF T 13.8%40
4.9%. MR, 7ER&HNE A H bRiE S
MALFETE ST, B S BUE R BIA 5 5] B R
BGOSR, 52T T AT IR AN SO S

WAk, H5UH re Z 5L, 1E re & o
1205, CIDEr 4343735 EF+ 7 8.0%F1 1.4%,
Jili e SRS FAES BE 2257 R . X2 RUNTE
WEEBIES ECEEMARTFESH, Wil£E
MSCOCO W 1> Fdzse, Bl . &%
WA, MAIE X B2 . thi, SkEE
18 -5 718 LUCEC2E T o 7R T A0S IS AN TR R
71 CEFF8.0%) o WifE)E&¥iE S B FdR 1
fE45rh, MPIREE AIC-ICC Wl Bt — (£ L
NN ED T DARFR IS AR, AR5
WARIET T 1.4%.
3. 3. 2 BSils F e AR E AR A AT

3 R T AE TR TGS B RN
fE251E MSCOCO A% Fr)sesest R A TAR
S EE S EAR ARSI AT T 6 L, X s
HARGHE: 1) Baseline: R FHAARZEA AL (1)
HFR R R BV AR AL AERY (L 2.1 95) 5 2) 2-Stage
pivot - Google API (Gu %%, 2018) 18 FH K4 ik 2k
PR A AR S, PR S @ Goggle FEEAY
AEF R (HAFIES) 5 3) 2-Stage pivot (G
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Table 3 Performance comparison with different methods for cross-lingual English image captioning evaluated on the

MSCOCO test dataset
5% T3 BLEU-1  BLEU-2  BLEU-3  BLEJ-4  METEOR  CIDEr
Raseline 41.0 21.4 10.3 53 14.3 14.1
2-Stage pivet (Gu %, 2018) - Baidu API 41.1 20.9 9.8 4.9 14.0 1:L0
i 2-Stage pivot- Google API (Gu %, 2018) 422 21.8 10.7 53 14.5 17.0
BSE B
2-Stage pivot -joint model (Gu %%, 2018) 46.2 24.0 11.2 54 132 17.7
Pl dik
SSR-Baseline & CIDEr Reward (Song %%, 2019) 44.0 22.0 10.5 53 13.0 14.6
SSR (Song %, 2019) 52.0 30.0 17.9 11.1 14.2 28.2
A 51.7 314 18.9 11.8 15.5 279

e IR T A BRI b 4 e DA

&K 4 AATERTEES P EBR RS AIC-ICC JUlE - KRB
Table 4 Performance comparison with different methods for cross-lingual Chinese image captioning evaluated on the

AIC-ICC test dataset

1% J7 i BLEU-1 BLEU-2 BLEU-3 BLEU-4  METEOR CIDEr
Baseline 455 28.6 17.3 10.7 22.0 16.8
2-Stage pivot (Gu %%, 2018) - Baidu API 35.5 20.9 10.9 3 18.4 11.1
EITE
SSR-Baseline & CIEr Reward (Song %, 2019) 11.6 244 13.3 7.3 21.1 11.6
[EEEE o
SIR (Song %%, 2019) 46.0 30.9 193 12.3 22.8 152
EN'a 51.7 329 20.9 13.6 24.0 21.7

VE: I T AN REIUR bR 0 R ALAE

45, 2018) - Baidu APIRH Bk (2) s EG SR
BARELE A i phiE SR f5, R #HE AP 153 H
PRiEF IR . AFZ A TR Goggle APT ity
Baidu API. ASCH#INT Baidu API MIIR; 40
2-Stagepivot - joint model f& Gu 5 A\ (2018) $2£H:%]
— MR BRI IAR T, [RIRE SR i R
IR RS SRR, PR RS S A i
PHEYR R ERES, SHTHMNE AR A E T3
AR G b 2 RN AR AL 284 N S ECR I K
FALZE R, 5) SSR 42 Song Z5 A\ (2019) %4 AR
X 1) UG -] 1 B AR 52 B 55 5 R AR, R
) GAH I 2 A S GRS R B e i ik
R D T SOR SGHE o 1 SEBR X L, Song %5 A (2019)
it E T SSR-Baseline & CIDEr Reward #57, 3] A\
FhER 1) CIDEr V75 22 5l & e i 412 HA 1 ) 1 et A v
S, AT RAG S S IS

% 3 fios, 55 2-Stage pivot - Google APT AL,
2-Stage pivot - Baidu API ¥4 e RILAE:, JCHAE TG
Tk REALTERE. FIFFRE I T Google API £t

EHHEE L Baidu API L. R 2-Stage pivot
Google API IEFR /A iR, MELZ T, AL
) BLEU-4 184341 CIDEr 184 & T 6.59F:
10.9%. HIMLFRE, 5 A0 HE S fR R s
B 5BERIIG. FEATRRER M B 5 Aa L,
AR RN AP . 5 2-Stage pivot - joint
model fHEL, A&CJEAE BLEU-4 P¥45r E3EFFT
6.4%, {1t CIDEr vF4r 142 b7 10.2%. 255K,
HARE & HOPM R 5] SRR 5 2] 175 1 H AR
B RBET, BRK T B EEER AN B X A
T EZA . 5 SSR-Baseline & CIDEr Reward 57
A R, AR BITEFTA TR FR bR AT I
&7t Hrh CIDEr vF73 3271 13.3%. iX—45 %M,
1 A# F CIDEr Reward 584k 2% >] SRS, X >R il & 24 1)
PEIE T BUE IR TS R im i A . 5 H A fg
SSR JiikAHLL, AT5ikfE BLEU-2. BLEU-3.
BLEU-4 #l METEOR %% 4 MR HE bR _E 439070 5l
BITT 1.4%, 1.0%, 0.7% 1.3%., 24558%8, HH
b SSR X AR ) - 7 H w) - A s S st bl
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i, ASCHE R 2 S HE X ILRECAIE 5 15 2
B, HEALEG. HE S EARE S E 5
PELTR, WA RIBEAS B4 Hh ok m) — B SRR
1k, RES ) B R R 18 SRR .

Kl 3 RARSCERLOC T 518 5 g S RG IR T 5%
12 MSCOCO WA HMLBUR, At ihkr
K H Baseline BRI FHRITE X, SR ihk
K H AR SO R I IE RIS o B 3 3R B, — 71,
ARG A Rl P A I B 3 S N . A
ASCAAS AT DR AR JE v R AN IX S
“woman” &4y “boy” ; W LAHEEIXS K FR: —
NN “sitting on the green grass” 24 14 “sitting on
a horse in the grass” . 75— 771, ARSCEIAIA B A
FEHHEWES KM Z T BN Flan, AR SCRERAE Rk
()] 58 Qi ) AR TS 5 A I S A AESE b i e 57
#J2{: “a man is skiing in the snow in the mountains.”
(—ABANEL R WTH BT, i Baseline £
AU R 2550 RN I E VB2 1. “a man with a ski pole
in both hands was skiing in the snow” (—/NXFZ&
FHIREMMAEES) .
5:.3. 3 IR T OGN A R R T

= A4 JRIL T ANE T R T RS OB RR
fESSAE AIC-ICC Ml A ERIPEor80R . A3 4 T
PEIE 5 S G R SEIR 34T TXFEE: 1) Baseline
J71%: 2) SSR-Baseline & CIDEr Reward (Song 45,

Baseline: a woman wih a haseball bat in both hands
was stanZing - che court.
A X 7 aboy i playing baseball on a baseball field.
| JCsEHiF: A boy swinging a baseball bat at a game.

2019) J7¥%; 3) 2-Stage pivot (Gu 4, 2018) - Baidu
API J79%; 4) SSR (Song %5, 2019) Jjik. X&)y
%5 332 iR EriEAEE.

=& 4 pr7s, 2-Stage pivot - Baidu model 7E T4
P77 S T R gE. fHEL T 2-Stage pivot -
Baidu API /772, A %L () BLEU-4 Al CIDEr {584y
Sy aEH 7.3%F 10.6%. IXFE, EFXEEE S
BIGHIRMTES, S B ER-ES-HiviE 51
JIEMIEE, ASCEIRE ALY . 5 Baseline J5iZ
FHEG, ARSCEERLE B fabr E#CHUSE T B 48Tt
FH#t BLEU-4 Ml CIDEr 4} ST T 2.9%F1 4.9%.,
5 SSR-Baseline & CIDEr Reward J5 AR b, A8 3CHE
M4 BLEU-4 fI CIDEr B9 miRT+ T 6.3%A7
10.1%. HPEResmiraT SSR kML, A iksE
BLEU-1. BLEU-2. BLEU-3. BLEU-4. METEOR
A CIDEr &AM Fabs BV Earnligrt 1
5.7%, 2.0%, 1.6%, 1.3%, 12%F1 3.4%. DL F&5
REH, BiESH CEGRHRESF, 1215 LILAD
REHRANE S PP SE FEAER R, R AR AR i R
T SCoE R 1)

B 4 AR ST = TP R R (5%
£ AIC-ICC MRS B TR, LRIk
F Baseline #AIEI R ARG X, SR TARRREK
H A SRR BE (1 IERA S o AT 4 BT 0L, — 5T,
AR AR R AR 5 B SRR T SCE ARG 5,

| Baseline: a man in a white coat was sitting in the room
eating.

| A amanis cwoking food in a Kitchen.

\ | FCSfi b A chet sreparing food in a kitchen on a platte..

Baseline: a man with a ski pole in both hands was sking
in the snow
A X7 a man is skiing in the snow in the mountains.
JLHAHAR: A person in mid-flip while skiing in the snowy
mountains.

Baseline: in the room, a woman in a white coat was
teaching a group of children to play games.

A X 47 a group of people sitting at a table in a classroom.

F5Aii#: A group of people in a room with remotes.

¢ \ﬂ Baseline: th're . a child in a raincoat sitting on the
nlaviim by the pond.
Z.: a yroup of people sitting on a bench in the park.
{5 Airi: Three people are sitting on a bench looking over
a pier.

ine: a man in a hat was sitting on the green grass.
i a man is sitting on a horse in the grass.
/: A man on a horse looking at his cattle.

there are two people with chopsticks in their right
hand eating in the room.

a group of people sitting at a table in a restaurant.|
i#: A group of people sitting at a table holding
different nizzas.

_— S |

= am>nin a blue coat squatted on the grount to
foed the animals.
/#4: awoman in a hat is standing in front of a horse.

horse.

Kl 3 P51 5 2GR E MSCOCO MIHALR I FE]
Fig.3 Examples of the cross-lingual English image captioning from the MSCOCO testing set
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G Baseline: — 5 A PIRAT R B A4
N A A GHERGE N A LA

. il
| Fd: A FEH TR ZARE A B ASEENR
JEARAT o

Baseline: — PN N R E, FHREHE - GF AR
ATk —AFE RO L Nk L.
PO AR R L AR R R B

Baseline: — N4 B 2RI A (W HEST IR LA
R —F H S R NAER Y LT,
| Bk — AR L AFERRI EITRER.

Baseline: — AL NTEV IR BB G,
FER T — N NTF P B 5 bR .
S WRT A NEERRTE M ERA

AL NEES L, TR e

A NAE B LR /N LAk .

A TTATHIBLIR) L AZARAT T A A A A 2L
Hi L.

Baseline:
i | A
b WEE

Baseline: —A I NAAE—9k B 1F5%, THEAT -# T-hl.
A NV e ST
M| | SO AT A T AT K L N A 1

£ 5.

.

| Basetine: —A B A ShifribE I, T NS0 plv
| AP AU NS KA b
SESAE: AT ST U A SRR K
WAk b

Baseline: — A FATH 110 L NSEAT — B 20 (0 ]F) 4o
A AEATHY TR N AT
FESAHER: — A AR L (i L.

Kl 4 515 E T CEIRREIATE AIC-ICC WS HE A1
Fig.4 Examples of the cross-lingual Chinese image captioning from the AIC-ICC testing set

ASCAERS AT A s D 1 AR S BT A R
AEHfe: Baseline BAARLH) T “— AN FH UL
FIAESHT I 55 NS E— 2" RATI H— A A5 R
2R TG, RSO AT “— AN FE TR
FHNIE—DNFEER T ZNFL” , FTHEE
B IESUE B AT ERPI RS S
“F B pIRAR B IE R SR LA A R
F—HH, ASCEA A AT 5 B SRR IE R
FEFEARIT o A5 T AR SCABE AR A S 11 ) - B8 i ) B S
W) CEELE HFERE R HIR RS, fFE HEREET
ARES — AN NAESMRI 55255 122 78 7, T Baseline
BERSTEAG ) T AR R <2 5 i Z4em)a “—A
LNAIE—TR IR T, FREE-HF. 7

44 W

FERTELA A5 18 5 BB 7 AR SR = nt
15 -5) 7B B T AR O H AR F iR 5 B R E X
KBy, HHEEHRES RIS ZRU B8RS, A
SR T RS NE UL ECANE F Y B 1 E
GBI o 7 DAG B2 A 25 Dy v SR i i 7
B AR T B & TE F TS LR, i
XEFRE S PR BhE S AT REATIE SCULR
THERZ AR 115 S . IR A8 T H
PRSPPI, 8 ) HARIERHEE P S R
RAAC IR I 5 R . 7RI SCULRC RS &
PRI RITE ST, AR A R SCE HERR AN F
ik i RE Py

ASCAE MSCOCO F1 AIC-ICC WA a4 5
HABIA J5 vk BT T 85 5 S UG iR F s
B 5 o UG R MR AT 8 E B LS SRR
A SRR Z APV br LIk BT, AR ik
HHESH) BARE S S E i, RA RN E
PERIE R e tEXT L SRR, A SRR T
FHIR 55 PR3 SC— 20k o [ I8 fi S 56 45 R 0,
AL HE USRS V8 = PR 2Rk A 7R
FEA T RIRAEF

P AR SO X MR A 1R T e85, AR
HRERS B EE AN . Rk, 78R4 ARkt
FEGINVER JINUS], ¥R BE AR (1515 5 R
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