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Context-assisted Transformer for Image Captioning
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Abstract The cross attention mechanism has made significant progress in modeling the relationship between se-
mantic queries and image regions in image captioning. However, its visual coherence remains to be explored. To fill
this gap, we propose a novel context-assisted cross attention (CACA) mechanism. With the help of historical con-
text memory (HCM), CACA fully considers the potential impact of previously attended visual cues on the genera-
tion of current attention context. Moreover, we present a regularization method, called adaptive weight constraint
(AWC), to restrict the total weight assigned to the historical contexts of each CACA module. We apply CACA and
AWC to the Transformer model and construct a context-assisted transformer (CAT) for image captioning. Experi-
mental results on the MS COCO (microsoft common objects in context) dataset demonstrate that our method
achieves consistent improvement over the current state-of-the-art methods.
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Fig.1  The structure of multi-head attention mechanism
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BA R 2] 512 4k f5 % A\ 2| Transformer il 4
b AT RFMEL AL . XF T Transformer Zmfd 2% 5
(Light)CAT M4 2311 5, A XS T 207 w5
TAE® W = FH RN 3, ZRiFEEIILEI
SKHECR 8, WA I E Y 512, A
R T ZE R R X 2% # K T Dropout J7i%, %
RKZN 0.1, NG RE, AR CH e R HBG AL
B E T USRIV RAY PN 0wl
B HAEHE T 10 000 K#E (Warm-up) YIlZk. 2
Ja, fEAA CIDEr-D 7350y, ARSCRH T € 15

SIFE 5%x10°°, 24 CIDEr-D 4 $UrE ¥ 48 T 561 4
PR R TFINy ) &b IRl R ZE AN I 2RI L
ARCHECE LR RN E A 50, BRI R KN E
N 5.

3.3 BRI EE NGRS

N7 SR IE TE S B 1 58 SO IHLEIAE Trans-
former fif b5 AHE 22 o (1) A 2001 A0 IE A 1, AR SR A
Transformer, M? Transformer”, DLCTE", S§?
Transformer®, DIFNet™ {ERIELEHEA, £ MS
COCO ##lEgE bttt 7 5 X LL e, & —dH 50
P CACA #E 5 Light CACA #iHe &4 1 3
LAY R AR B 122 X L, B (Light) CACA
AN, MOE B S R AR A S5 b e 4 — 3k )
I, B AR i FR I T B IS AL 2R,
KT R —ATEHZ AR YR IBCE . W
1 FR, KA (Light) CACA G 5 A R
TELE R Z BN F A h R b 1 R 2R BT 1 1 .
EA MR, £5 YR e#tn S? Transformer
A1 DIFNet 8 () e, SRR E CACA HEHR )
A S 1R R R T VA I A T B, /E BLEU
5 CIDEr-D 73 B35 HUG 7 B R H3&Tt. A, F5
fE CACA BLHgs BB 7 K 1 1 Be $& T+ L Light-
CACA I 5. 2541 5, LA Transformer
NEELHAY, Light CAT #AY7E BLEU-4 #1 CIDEr-
D 731 E4% Transformer 737l 7 1.1% 1 1.0%,
M CAT BALH R T A 2.4% F1 2.5%. %45 %
ME BT AR JTHUIER T 481 E 8 X EE )
BRI A it A2 1 S F AN E.

1B G ESCHTER B, A SCRTHI CACA itk
L5 B 1& RO E 2 R AR S A T2 T LSTM (1 fii i
MEZR. 76, ASCPL Att2in®!, BUTD!, LB /£ 4
BRI E MS COCO ¥ L%t 7 3 dixfth
SELG. T IR SRR LRI (1) RS A R AR — AN
NFEE g, Frbl HiE M E L R S H N =
1. £ 2 2 FIR=MET LSTM 1 EUG Ap il A a5
MaEA CACA B/ MS COCO HdlidE ik
RERIN. SO 2E FER M, AR H 1) CACA BHA
3@ F T Transformer fERSHEZL 34 w] DA IR HE S+
LSTM fta LR (P e

T A BT v AR B AZ S R L A A
FRACR AR, A MS COCO MR FE L%
H 71000 18 E1ME, 53548 H Transformer, CAT
A Light CAT BIAL AR B PG Ar . BART 5, B —
AR FE B N 50 R B, SRR R FVAR
WAR/NN 5. AH LI AE L NVIDIA TITAN XP
GPU ¥ 85 F k4T, CUDA AN 10.1. £ 3 id%
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F 1 KT Transformer (1 G bR AL pA

Mgty (BE) T IR SGE R HLHIE

MS COCO Hiflsfk EMTERERI (%)
Table 1  Performance of Transformer-based image captioning models combined with
(Light)CACA on MS COCO dataset (%)

FRH 42 5 BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr-D SPICE
Transformer 80.0 38.0 28.5 57.9 126.5 22.4
Transformer + CACA (CAT) 80.8 38.9 28.9 58.6 129.6 22.6
Transformer + Light CACA (LightCAT) 80.6 38.4 28.6 58.2 127.8 22.5
M? Transformer®) 80.8 39.1 29.2 58.6 131.2 22.6
M? Transformer + CACA 81.2 39.4 29.5 59.0 1324 22.8
M? Transformer + LightCACA 81.2 39.3 29.4 58.8 131.9 22.8
DLCT®" 81.4 39.8 29.5 59.1 133.8 23.0
DLCT + CACA 81.6 40.2 29.6 59.2 134.3 23.2
DLCT + LightCACA 81.4 40.0 29.5 59.2 134.1 23.0
S2 Transformer® 81.1 39.6 29.6 59.1 133.5 23.2
S2 Transformer + CACA 81.5 40.0 29.7 59.3 134.2 23.3
S? Transformer + Light CACA 81.3 39.7 29.6 59.3 133.8 23.3
DIFNet?! 81.7 40.0 29.7 59.4 136.2 23.2
DIFNet + CACA 82.0 40.5 29.9 59.7 136.8 23.4
DIFNet + Light CACA 81.9 40.1 29.7 59.5 136.4 23.2

2 HET LSTM M EIG A A b 4 405 B 4l B i A8 O B UALHIZE MS COCO #dissE EPERERIL (%)
Table 2 Performance of LSTM-based image captioning models combined with CACA on MS COCO dataset (%)

R AR BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr-D SPICE
Att2in® — 33.3 26.3 55.3 111.4 —
Att2in + CACA 77.8 36.7 27.5 57.1 119.7 21.0
BUTDM 79.8 36.3 27.7 56.9 120.1 21.4
BUTD + CACA 80.4 38.1 28.3 58.2 126.4 22.1
LB 79.6 37.7 28.4 58.1 124.4 21.8
LB + CACA 80.8 38.6 28.6 58.6 128.1 22.3

® 3 BRI SGEE I ALERT
Transformer #EE R 1M (ms)
Table 3  The effect of context-assisted cross attention
mechanism on Transformer’s reasoning efficiency (ms)

L StE FARETTOMAT I 1] SRR R R W)
Transformer 4.7 63.9
CAT 6.1 86.6
LightCAT 4.9 68.1

T3 PR AR AR AN AR T 2 R i ) R
ERr R e = WAL IN 1| N i = K E Yy
(5 &, AR TR A A SOy R s AN ]
I BT IS RCR I T, RO AE R R A
VETR, AR A I 8] 430 Bt 29.8% F1 35.5%.
X8R R B S A Bh I A8 SO R P &,
PRI 48 ) 5 4 B 1R A8 O3 2 IR BT R, A P
s (S B NI AR IE BT, BrbA, Light-

CACA W] LLE DR IE A i 25 3 1) [R] I $i THAS Y 1 1
fE. B CACA BRINEMBONE 2%, FE RN
f RN 18], ELE AR U, B ORI A R 1 1k RE SR T
SRR S, HL ARG R AR AT A (KA 2 A, P
LA, ASSCH R o SE 5 BL CACA B R,
PREUA SRR RS

3.4 EREMERBFERHARLT EZNOLLE

ARSORGHE T A A L B AE Y )5 B 4 Bh e e 2% 5
MET SRR L T VA AE MS COCO #idi 5E EikAT
T IR IR EEBLLL A AFE: 1) Att2in 5 Att2all,
i AL e = L], IR ARG B PRA FiE B
SR BEAT R4 ; 2) BUTD!Y, {fi [l Faster R-
CNN $RBUEMRRAE, FK A B TR T B 0 45 X
PLBERFE AT f 0 3) AoANet!™ {FRVERE JIT T
e IRV PR T B AR I Hh 075 306 5 4 SO D7) SEAH 56 )
5 4) M2 Transformer™!, G5k R I 12 1) 4 i )
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MEZE 78 70 FI R = 5 & )2 L e 4iE; 5) X-LAN
5 X-Transformer™, {8 F 75 0] 5 & 18 W& PEE &
JIMLHI R g ABEAS [F AL A B A —Fr AH BEAEH; 6)
DLCT®™ ] ji i EHE DX IRFAE 5 A& SRR AE (9 B B
A, WERAL (S B IRIARET; 7) RSTNet? 57
T—ET BERT B 5 BEAURMIRSCA BT
RSN S BN EBEINAE = WAL 82\ L 1N NS TN
LR R TR, 8) CATTRO A FH if 7] 1 5 T W Sk vH
B A0 — 1 5 A5 2 o HE DU P2 TR VB RS 9) S?
Transformer®® | >R H 75 [ 1 R B AT) Trans-
former i B 5 A% Hp A0 v R0 H RN MR 7 A
FEAL: 10) DIFNet, % BG4 5 4> BVRFIEAE N
WS HRFAIE 2 AR 53— AR BIR, DA SR o 5
SN B G AR AR R DTk 11) CIICH, @it s 111
HETRME S fift h JCTE I VR TR 2R 5 | kS 1 R ARAE R
PR 52 ET St vk BT B g Rk 4 Frs. AR
] DIFNet + CACA BALE A FRVFEAN 45 b L EREL
5 7 AAr s HIRCR, Hrh, #£ BLEU-4 #1 CIDEX-
D E7rHIiE#E] 7 40.5 5 136.8.

3.5 TREHZXCERNHER R SRS

D9 Y SN AT R P 1 A AR 8 ) A S R I
T RS, e SR AR A R A P RE SR TT,

AL L) Transformer RS HEZL Ry FEmt, {#
—MA [ B B B SR B SR AR R 8 TR AR R S X
JEE 77 (Traditional cross attention, TCA) fHk,
£ MS COCO #u#g % Bt AT 7 xFLbseis. Bk
5, ASTED TS A B SR 1) 3 XOIAE T sE A SR
MEMIBI NI, i 4 s, Z20F CACA #&
PAESI N1 LABSRHERS, H AR S RHEA 4 &,
T A2 SR 7 50 05 520 12 B RRAE 7] & A A BB 6
(Only historical contexts, OHC), L AT A
NFE B I SEHCYHT I 2 55 SEREE; A [a]
CACA BIHUKE 2 1 I ZI (1) 7 5075 SE4RFAE 5 A0 i
TEFABHEE, MRS SO R I s E X s N Bk
A1 7 SEAE SRR AN B4 2 1 I 20 i A 28 )
AV P2 AR B I IS SRR AE (Incomplete his-
torical contexts, IHC); A1l [# CACA I E A
AEE 2.2 TR BRI, BN XEE SR
[F 4L 1 58 BE 1) 7 S 1EBERAE (Complete histor-
ical contexts, CHC) H5#ufz3 8. AN, &
X L SIS H I AR NN B & AL E 2 5.

% 5 5| T 1E Transformer fRASAEZE T, 450
A S B IR S5 G = Fh A [ 15 155 4 B SR s e 1)
PERERIL. MSEE S R A LUE H, TCA + OHC
e L W | e 2 G R =t i s E R S T

R4 ORIOEA S SERE AR MS COCO #udidk L rEREXS L (%)

Table 4 Performance comparison between our models and the state-of-the-art (%)

R 42 FiR BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr-D SPICE
Att2in?! — 33.3 26.3 55.3 111.4 —
Att2allP! — 34.2 26.7 55.7 114.0 —
BUTD!" 79.8 36.3 27.7 56.9 120.1 21.4
AoANet™ 80.2 38.9 29.2 58.8 129.8 22.4
M? Transformer® 80.8 39.1 29.2 58.6 131.2 22.6
X-LANM 80.8 39.5 29.5 59.2 132.0 23.4
X-Transformer"” 80.9 39.7 29.5 59.1 132.8 23.4
DLCT®) 81.4 39.8 29.5 59.1 133.8 23.0
RSTNet (ResNext101)™ 81.1 39.3 29.4 58.8 133.3 23.0
BUTD + CATT® — 38.6 28.5 58.6 128.3 21.9
Transformer + CATT® — 39.4 29.3 58.9 131.7 22.8
S? Transformer! 81.1 39.6 29.6 59.1 133.5 23.2
DIFNet® 81.7 40.0 29.7 59.4 136.2 23.2
CIICp 81.4 40.2 29.3 59.2 132.6 23.2
CIICg ™ 81.7 40.2 29.5 59.4 133.1 23.2
Transformer + CACA (CAT) 80.8 38.9 28.9 58.6 129.6 22.6
M? Transformer + CACA 81.2 39.4 29.5 59.0 132.4 22.8
DLCT + CACA 81.6 40.2 29.6 59.2 134.3 23.2
S§2 Transformer + CACA 81.5 40.0 29.7 59.3 134.2 23.3
DIFNet + CACA 82.0 40.5 29.9 59.7 136.8 23.4
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XS X EE A BB A
| ZA—1k F 21k | 21k F
T o 17 v 173 o
o1z w1z L o1z
JinAn '-| Jin A |<- Jin A
1 1 1
[ SRS }*[iygﬁﬁ] [ AR }*[iyﬁaﬁ] [ AR }*[iyﬁaﬁ]
ZA—1k 21k 21k

(a) TCA + OHC (b) TCA + IHC (c) TCA + CHC
4 ARG X B TN = RS B SR m
Fig.4 Three context-assisted strategies of traditional cross attention
£ 5 AEGA X E R IIWUEIGE G A FEISH B) SRS 7R MS COCO #R 4 LRI (%)
Table 5  Performance of the traditional cross attention mechanism combined with
different context-assisted strategies on MS COCO dataset (%)
T 4% B BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr-D SPICE
TCA (base) 80.0 38.0 28.5 57.9 126.5 22.4
TCA + OHC 80.4 37.8 28.2 57.4 126.8 21.8
TCA + IHC 80.8 38.2 28.5 58.1 128.2 22.2
TCA + CHC (CACA) 81.2 38.6 28.6 58.2 128.9 22.6

B, SBULER MR R, 58 B A A4
I AR SRR AR I SR/ T R AR L SE R AR (0 2 55 AR
S, [, B2 5 SRR B2 R i
BB HLHRFAL B0 AR, ™ R R R
PeryikBERE ). TCA + IHC AHECTAE G077, 1ER
LR R br LA PR T, WP S BRAE
PPN SN R = wak i = 1 i el I VSES T TN )
SRR A Rt T N HARME R,
AT fsz e HHY M 3 B AEAE P 51 FOUI A 5% 24 v ) B
Pk, TCA + CHC 2ASCHR I CACA BLAL, 5%
G52 Ok I B, ZTTELE T VR FE AR
EHEAG TR KT Ff, N TCA + CHC 5
TCA + IHC RITEREXS Erh AT AAS 4518, i i
BRI IMAAT B T8 — 4> CACA BB A4 5 vy
JiCRE () B AR R AL, HE T 45 1 5 R A A R N
AN SN

AAE CACA Btk Bt B, AN
FEATESNE R IN R S H 261 T, it CACA
FEH G NMLGEAE L HE BT, TR AR 1P e
HARRYE, /£ CACA P IAE FT 058 Xt i
BRILZ (Shared) MRS N T o EAILE

(Not shared) B ZHLH) 561 T CACA Bk
RER I, ACAE MS COCO Hidi £ b LA [F i 4
JEHU) CAT BIROYFEREREAT 7 XL sRiG. fEARA
SE R, AN CAT BERL ) g i 45 228 2 8 3 )=,
HAENZRIERE T RIFEAR I H & N AE LR,

%6 fRon T ZHAF R a5 EHUY CAT i
FESC R 5 AT R B IS HOn (11 g
. MR RN 2 B0, NI R DA
H, TR TITEAGER RN ZH, ] CACA
BB CAT B8 Pk RELE T A P4 i b L 0
T TCA BRI P RE. BE— DX CACA
REBGEAT T, HIESH CACA HAML, A
R SRR E 2 AT 625, HAAE
BEMI AL TS RN, 3 2 i 28 R A 2 s
B S et T AR SEIR 4518, AR, AT 3t
ZLH CACA A, AILES A BT 1 RE 42
THEIN. TFIS, fE 4 2 RS 8 AR R SC a6 o, TCA
BRI PERERL 3 R AR A3 1) TCA BERAT i F 4K,
H CACA UG S LR 1 PR RE A4 1 S 2.
LREAR 6 SR as R e LR, AL T B
T RS 1) 5T TCA MBI A H 3
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BRI, ILESHI CACA B EE A ¥R T
SR PERE, A S U CACA #ibfE
RIPERPERERI RN, BT THEZ S, #
AT RE B 005 A 2) 43T TCA KRR E
Z I A IR E, CACA Bk K #l & 7=
ARG, JEHREAIEE S A CACA Bk,
K R A1 P {5 s L J

3.6 BiENELRNERMSE

ASLAE MS COCO H#lide bwit 7 —4H
SEIG SR MR 5 N AL E L RS CAT BT SR I 1
AedeTt. B WE AWC Hiik 5 CE R MEES,
ARIAKYE LB K R BUE R Ay BN 0.5, FEAR
Mo, CAT fESE M EECH 3 E. W3R 75
I SEaG 2t W m] DL ) 2 CAT BEASR A 1 e A
1EN CACA HEH AL E LR, A Re R DA 814
3K, Segeig e Tt, 1£ B = 0.5 M Tik B &AL, bE
JE IR R, g6 5 TRIMEE, ASCRM, HE
BEZIR B = 0.1 0, BIFED & 51 N7 B BRI 1)
A, CAT B R RE Bl nT AEA A TCA fy 2
fih b SEBLKHESE T, B CIDEr-D 4340 126.5
Tt 127.8. [FINF, MEEREL W 3= 0.9 K, B

JUFR A R B A 3 e 25 I SRR BERFAERT, CAT
R P RERE i 17 2% 5 1 TCA + OHC HysEi4h
R, RE SRV 7 SR B A T R SR 4G AL S S
S BRI B b 0 S5 R R R 2 AR
B = 0.5, BRI RAE -5 D S B BERAIE L AL
H RS, — R EIRTT T CAT #A
PERE. 5B EBCELFRANLL, B & N AL E 205 0
R, E R IR B AR A 7R 2, o3
EHZAMENZ . NSRREIR HE, B NAE
2Ry CAT B OK (52 THEE B 80 T [ 8 BUE
2R, [, 5ERCEA R, R AWC
(K] CAT BERUAERTAT PO F b p BT 1 LA 7.

3.7 GEBRNERWRAHS

T RON RS [y sEAE S 02 1 B B E F DL H
T R E A U, A SR T — 2 e A
B AR S8, 0 A B R AT T S iR SR 2 B
B A ATHAT TR A, 2B R B0 T RS 28 1
Y RRAE 5 UG b L 1) A Rl SR BB O, AR DA
Transformer H AT 2 ERD 2% 1) CACA By
I e k.

Wi 5 Fros, FiEE g R TR G R, BLK&

6 AR ASEEN CAT BIRILE IS SR SR8 SR RS BN 16 P B L (%)
Table 6  Performance of CAT models with different decoder layers when sharing
or not sharing parameters of the cross attention module (%)

AR A 2 AT IR BLEU-1 BLEU-4 METEOR ROUGE-L CIDEr-D SPICE
N =2 TCA 78.8 37.4 28.0 57.4 125.4 21.8
N=2 CACA (Shared) 80.4 38.0 28.2 57.8 128.0 22.3
N=2 CACA (Not shared) 80.8 38.4 28.5 58.2 128.8 22.5
N=3 TCA 80.0 38.0 28.5 57.9 126.5 22.4
N=3 CACA (Shared) 81.2 38.6 28.6 58.2 128.9 22.6
N = CACA (Not shared) 81.0 38.8 28.8 58.3 129.3 22.7
N =4 TCA 79.6 37.8 28.5 57.8 126.2 22.2
N=4 CACA (Shared) 79.8 37.5 28.4 57.6 125.8 21.9
N=4 CACA (Not shared) 79.0 36.8 28.1 57.1 124.3 21.5

F7 CRMAGENKELRE CAT FAE MS COCO ik RN (%)
Table 7 Performance of the CAT model with adaptive weight constraint on MS COCO dataset (%)
ERSPWIEN BLEU-4 METEOR ROUGE-L CIDEr-D
T LY R 38.6 28.6 58.2 128.9
] EALELIHR B = 0.1 38.4 28.4 58.1 127.8
i EALEZIR 8 = 0.3 38.7 28.6 58.3 128.7
MEMNEANR B =0.5 38.9 28.7 58.4 129.3
e TN B =0.7 38.5 28.4 58.1 128.4
[ ERELAR B = 0.9 38.1 28.2 57.6 127.2
SEEAN RSP 38.9 28.9 58.6 129.6
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KH AWC itk i) CACA #RHAEBEA RS I %1 4
Be2f UG RRAE 7 = I E A . B 5 TEs i 4
LR T CACA BEHAEXT RIS 1 7 525 50
1AL i R E . Hoh R Sk 54
WAL HNRE T KM H“RXHAWC ik
1) CACA BLHLE ) s 18 B 1c 2 B EE 73 B 45 3.
TE G, AR ST 20 38 3k B 3 €0 (1) SE B B IR N 23 W
SEABBEIC AT AR B B S TR — MR B %
KH AWC itk i) CACA UK KR40 E & 14h
T 7 BGHRHE, U8 B ICIZ 0 T 0.0732
ERJIRE. BT, 167 5L BPIGGE %), fiE
Tith 2% i A7 78 70 BR A BAG P IK B S5 R AE, RIS P s
EICAZ R N R R AL E UE R+ F
B, R, CACA FRHe 3= FAK 5 G R AE 52 s —
A TE) 5 B4R IO . 7E S SRR 2 B T R
TEEECAZ A U AR ) 2T &, CACA fidlhH
I3 BE RV 7 B RGE R N, &R EAE 0.2
KA. AE B G AR A G FE R AR B AN BT TR
P siESEICAZ e S, VA D SR ICZ S TR
BAMERE R, B BUEsL T 27 b B,

5 RN, JE sk P i 45 3 28 e B0 s R,
AR, KK AWC Ak i) CACA #5475
SHESRIIZ IR 2RI A SR AWC fieftr) CACA
R 25501 I 4E 8, BAKR AWC X A2 it
1Tk, CACA FEHIUHE UL 78 21 D7 sE 8 55012
oA S BN RS FE SR AL B IS SURFE. 45
AT, HENAE IR T CACA Bt s
EBCIZMRI R, ARS8t 26 M EME
K I 4 v G R 3t PR A s o £

TEFE 5 [RJERHR, A SORHE = I RE AR )7 s i85
A2 ) ARy B A BT T AT AT N TR
WS DL, AR S ki T = AN A RR I (8] 25 k47

HEIIE

[SEESNEA

man

Kl 5
Fig.5

0.0502
"

0.25
@ > —e=CACA + AWC
020 - Only CACA oo o103 1971
i ee—
i 5 0.1384 —~
FE 0.15 /’/.’ L~
I i
] 0.10 0.0732_~~ 0.0672 oo
b ot i1 e 0.0416
o005 00319 % :
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on a lot

g, BAKRT E, 245 LB LA T i — SRR AL 1)
B KT 0.05 (ER JBER, WET—%EL
F 170 24 Wi A 200 26 R B TR Ak FE R I B S A A
K AWC AL RBERS A R 25 51 (18— 4210 2,
LR MR, SRR FEERE 2 B A E K.
K 5 Fror, AR S 5L E “man (55 )7 A “hold-
ing (F£%)"I, CACA X 24 HT I ZH N D 5218 5%
TCAZ R AE [7) B R M 563 3 WAL A A1 7 b 2 &
VR BB A 10 AR U B “on (7E--- 2 )7
i, T EHE A S BB AL R R R IR I —
Ak, CACA H £S5 1 B30 Z 4 T LA B
DT > B3] 8 SURRAE . IR SRS i n, g s s i
A2 AT DU LS8 = AR, v CACA fiidh
PO — N ELER IR, 78 2 B 55 75 35 A RN E I AR
BERFAE, R 2w 20 00 7 SRR SRR AE, P Bh RS
A 5 LR (17 00

B & Amr & A 151

R T = BUE AR SO EE R R R S S E )
WL B py kst ASCAEE 6 o T\ UG b i
ARG Kb AR AR T —EEE,
Transformer & 288 A= G bR, CAT B8 A B
Hbm i, LS G R 5% (Ground truth, GT)
PRl 2545 K9, 7258 — A4, Transformer 5
CAT BRH ER TR EE Hir “dog” 5
“frisbee”, X153 T B AT A FH [F) 1 2 b 25 45 44
Faster R-CNN 5 Transformer 4ufid#%, Faster R-
CNN Refg 2| B4 11 2 2% B #5, Transformer
i 2 ) o] DARS Mt B AN [|] 5 bR Z R OC &, 2R
1M, HH T80 BEAS 2 A B, axX ok
FAE T 2% AP A B ER 7. MBI 45 M)k, Trans-
former fif it #5388 13 % 4 158 XA = WL S R

3.8

0.2114
———

0.2126 .
e 0.1981

———

0.2062

0.0597 0.0581 0.0636 0.0493 0.0650
- L] .
L

parking holding

T A5 4 0 140 5 S R A B 3 P 2y P BURFAIE 5 D SR BT AZ i ' A0 7 A T Ak

Visualization of attention distribution assigned to both image features and

historical context memory by our CACA module
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FROESEAT A B, NN EUR ) 2 1% WA AE VD M B
“FEHl (running)”, AT SERR b, EMG A )2 8 i
“BRER (jumping)” REAAETHH A AR HT
CAT 15 B FH 15 53 58 B 1) 22 XF = bl 78
i A2 A, ARENS SCE B 5 Y Hi v S W i N AE
KIEMGAE B, ICRERE M SR GBI AE 32 31 5 K.
FEIX—ZHH, CAT fiAdiEit CACA Bith, it —
AR B 7 5L 2 5 40 A OC B VE BEARR AR, AT AR
TN A EUER S SR IR B E (jump-
ing to catch) WHL”. F34h, ACAERE 6 R T —
AR 2. nZ4)\ s, B —Jubitk, b
THIBCE — B4l T U1 9. I A 52 28 A= Bl ) b
KT, EATTARES 2 HKE W3 (cheese) i i “Ad
T (orange)”. FHOX — 4RI IRH EEAPIA: 1)
TV V] v 1 473 T A 2 A H5040E 4 v LR R ) TR B D
TR BE AR ME DA H I N A B U RRAGE 5 2) 578 () B
5 A4 5 WA AL, SIS ED IR,
5595 G 0 2% 2 BRI IR RRAE A DU —F 3T X 4. KR
SCHEH ) CACA FEH 3 B F T2 1) A A 45 300
g3, % g R 2% IR AE R B RE 77 R a0, HE DL o

R AL B RIS, AT DL o S A A O A
B g 5 2% SR AN AR 2 ) BT 25 QR A R
P fE.

3.9  AILFMH

TEN TV EFATT, AT MS COCO 4
RREHLIERE T 500 18 E1MZ, f#H Transformer #7
5 CAT B89 HAE UG AR . N 7 3 & v i
SR, RSO AR R BEHLIT L, 3R At4 5 4
PRI G, EH A AT TS s R ) “AH S A 0 “— B0 4
AEEAT ERCFN VAT . For, A G I PR s A A2 1
B SRR (A AH RAR L, T — SRR T AR )
TR 518 L —80. TR EG, A
TUIAE FIR PR PR T bR bt o R e ) — 2%
FRal, 242 4 CL_EPPIIN G265 — 2 br i 1 AH o
B — U R R A AT AR SO 8 % S bR A
XERFE bR PRI LF. NER 8 R LLEH, fERK
S5hr@ A I<E T, Transformer 5 CAT B4
T HIAERCRE 7. R, AR SCHR ) CAT B A B
PRl LA B sm i — 2, PR &5 R R T Trans-

il

Transformer: a dog running on the
beach with a frisbee in its mouth
CAT: a dog jumping to catch a
frisbee on a beach

GT: a dog jumping up into the air to
catch a frisbee

7]

Transformer: a carrot and a carrot

| on a table

CAT: a couple of carrots and a spoon
on a table

GT: a couple of carrots sit next to a
spoon

Transformer: a dog sticking its head
out of a car window

CAT: a dog sitting in the passenger
seat of a car

GT: an image of a dog sitting in the
passenger seat of a car

Transformer: a man holding a
skateboard on a sidewalk

CAT: a man doing a trick on a
skateboard in the street

GT: a man is doing a trick on a
skateboard

Transformer: a group of zebras
grazing in a field

CAT: a herd of zebras grazing in a
field with a rainbow in the background
GT: a herd of zebras grazing with a
rainbow behind

Transformer: a white toilet in a
bathroom with a floor

CAT: a white toilet in a bathroom
with a black and white checkered floor
GT: a white toilet in a bathroom
with a checkers floor

ES/R

Transformer: a group of airplanes
parked at an airport window

CAT: a group of airplanes parked on
the runway at an airport

GT: a truck driving towards some
planes parked on the runway

Transformer: an orange and a knife
on a cutting board

CAT: an orange cut in half on a
cutting board with a knife

GT: a block of cheese on a cutting
board with a knife in it

K 6 Transformer 5 CAT A %) % br 8 & o~

Fig.6

Image captions generated by the Transformer and the CAT
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Table 8 Human evaluation of
Transformer and CAT (%)
B R SRR AR DG T B8 ) — 3
Transformer 8.8 7.4
CAT 10.2 124

former B! X152 T CACA FEHen] DL [a] i 7y 5
EEAFEIBE ), G B BIALAE bR A AR P R
AW it 2o S S, AR T A6 I B
.

4  HRIE

AR SCTH] ) G AR AR AT 55, SRR B 28 X
VER AU S Z 0 BT R i R, R T — R
Bl B 22 ERE 7 (CACA) ML, 883 g s i
SV RE = WAL 8o ol PR SN Fa B [= s
T PRI 0 3 (PR SR AE, AT BT S
PRl B AR B . T BRI — > CACA ity
BL25 [Ty 5098 B AiE A B A A, AR SCwett 7 —Fh E
ERNANELR (AWC), KPRz EE T A
S CACA B 5 AWC J7 754 3] Transformer
FERDREZE ) K3 T —FE ST S Bh M #a 88 (CAT)
B, BT MS COCO HfRfERseima K, 5
A M2 A FELRAR AR LG, AR SO 10 7 3 S
TR MFRTE. A SRR BRI 7T AR 58 ) S
FEASNEAE Transformer F R EAL H BT ZE.
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