A5 % 8 T (= Hl ¥ B[ Vol. 45 No. 8
2022 4 8 CHINESE JOURNAL OF COMPUTERS Aug. 2022

k

ETERSXIEFINAREDEENFIFE
kR %2 % EEE ERN

DO E B B RS ATE RALRL S S HOR B dbal 101408)
D OPERFEBEFRORBT R BT AR BAL B A= Jbar 100190)
DR EBARAR KRR AR AR B 230027
DO s WA 518055)

&

B OE A SRR RN BRI SS BRGSO T SCHE B B o R R
[Fa) ALy ) X 7 4 B 255 2% 450 AR 7 I 20 iR 25 5 L W ok R SRR AN SCAR T S ST A B W R L 32 B T T2 Y SR .
SR BLBE 11 3l 17 25 A58 2 ) 1 2 0 B0 4 B BOR B BT 22 2 R Y I A R O AR B3 3R R T B SR Y
(7] R4 PR T & LA PRI TR Y 5 PR A AN [l B 25 R B2 A RE . RIAR TE L BE A 2l 1R 25 R 5 A R E AN T 9
T« 1R s R JBUAS J R i) 240 AT A T AR, B X A [ A AR SO T T B IS R A X L 2 T Y A BE 1) 2 2 B
22 J5 1 (CCRL) . %7 B MR AT RE AL 7 38 2 Y [n] 8028 RS W R 35 TR 5 1 A 194 [ 8043 A 79 7 T o, B T LG
o] VC LAY (VQME) BRI 38 24 S A B0 58 JE B i (VAUE) R B, W58 o] 097 f 455 B {8 F T 10 4% 8 R X HE T30
T 4 T AF g 1B W I 2 > AR 20 0 ST L A6 28 A 1] A 5 ) IE TG O 3% LB 2 S8 S Al s PR B 5 LA T s i bR 2 2
SR [ N 8 A5 DC TG £ IR e ABE 3 o o B AR IR 2 0 SOOG IR e o 2 R 0 ) AR SR 0 A ST Al RE A N E R,
oI A ELAY R AR AR A BEAT AR . 75 52 8 3 23 - A SCHE AL A 1) 25 B 48 VQA-v2 B CCRL At 5557 Y 2 3h
S S B EAT T VR RE LR, S 45 R R WIZ W AR A5 A [ AR T 34 A 2 B0 v L 32 5 TR X LG P R A A
14 3 3 % 2 PR AEAS ) (4 RAE RO R T T 1. 65 26 1 v 0 K. 7EAUAR T 30 %6 (AR R L 3% 5 i T Lk E] 100 %
FEARRIE T PERERT 96 00 5 75 40 20 bR TE Ll 2 F 2% 05 36 T LGS B 100 V0 REAS bR R PR BB Y 97 6. X Bt W% 7 vk ol
PAE IR B 48 O BORE A 5 249 T b i 48 9 14 [ i e AR AL 58 B 5l 11 2 1o 52 7 4 i

KW E BT BERSIE SCHE B X L2 2 s BLE ] 2 5 T A B
HEES XS TP39] DOI 5 10.11897/SP. J. 1016. 2022. 01730

Contrastive Cross-Modal Representation Learning Based Active
Learning for Visual Question Answer

ZHANG Bei-Chen” LI Liang” ZHA Zheng-Jun® HUANG Qing-Ming"*""
Y (School of Computer Science and Technology , University of Chinese Academy of Sciences, Beijing 101408)
D (Key Laboratory of Intelligent Information Processing » Institute of Computing Technology , Chinese Academy of Sciences, Beijing 100190)
D (School of Information Science and Technology . University of Science and Technology of China . Hefei 230027)

D (Peng Cheng Laboratory . Shenzhen, Guangdonog 518055)

Abstract  Visual question answer (VQA) is a newly developing multi-modal learning task that
bridges both the comprehensions of the visual content and the textual question to generate a
corresponding answer. It attracts a lot of attention from the community and involves the interac-

tion of different modalities, which requires the capability of image perception and textual semantic
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learning. However, the training of VQA has great requirements for the dataset. It requires a
wide variety of question patterns and a large number of question answer annotations with different
answers for similar scenarios to ensure the robustness of the model and the generalization ability
under different modalities. Thus, it is very time-consuming and expensive to label a VQA dataset,
which becomes a bottleneck for the development of VQA. In view of these problems, this paper
proposes a contrastive cross-modal representation learning based active learning (CCRL) method
for VQA. The key idea of CCRL is to cover more question patterns and make the distribution of
answers more balanced. It consists of a visual question matching evaluation (VQME) module and
a visual answer uncertainty estimation (VAUE) module. The visual question matching evaluation
module utilizes mutual information and contrastive predictive coding as the constraints to learn
the alignment relationship between visual content and question pattern. The answer uncertainty
module introduces the label state learning model. It selects matched question patterns for each
image and learn the semantic relationship between cross-modal questions and answers. Then the
model estimates the uncertainty of the answer based on the distribution of its probability, by
which CCRL can select most informative samples and label them. In the experiment, this work
implements the latest active learning algorithms on the VQA task and performs performance
evaluation on VQA-v2 dataset. The experimental results demonstrate that CCRL outperforms
the previous methods in all question patterns and averagely improves the accuracy by 1.65%
compared to the state-of-the-art active learning method. With 30% labeled samples, CCRL
achieves 96% of the performance with 100% labeled data., With 40% labeled samples, CCRL
achieves 97% of the performance with 100% labeled data. This indicates that CCRL can select
instructive and diverse samples, which greatly cuts down the annotation cost and maximizes the
VQA performance respectively.

Keywords active learning; cross-modal semantic reasoning; contrastive learning; visual question

answer; mutual information
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Hoh g A8 &, K O G R . VO A i) 2 4
. d Ry e

UEAh Z AR | R S A T 23k L
i+ LA RE 68 5 1 R AL B 0 5 4 Ml 2 ) RS SCOOF
FEHR A A S IR 2 ) 1 22 8 6 R 5. 2 kAL Al
R DA B 22 14 4E B2 F1 B 22 1 R ALE 1 45 ) B X A5
FEAE G 0 AN [R] 1 v B 7. 3 O B X3 4 RURN
RO R (2 S B KU 3 1 = ) i R
W s

head, =[ selfAtt (o, W2 VWS VW) |,

Vo = Concat(Chead; sheads s+ shead, )W° (3)
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Hl
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&

i 2022 4F

Hoh BUER ) head, %5 j A TER )1 & W W,
WYIs R T BB AR M 13 3] B
TERE I ARCE G o He 1 0 — A 1) L 22 0d WO AT
BRI G  5 31 OB X O T )RR AE.
TSR A T 22 A G DX i R AIE 22 (8] 8 56
B DA T h D EE Ty m IR T 2k ik
B DI e

Xt F B . VQME i i GloVe! ' 45 A X}
Jea) R A7 ) i) ik Ak L 22 05 00 P 90 12 ) 4
(Long-Short Term Memory, LSTM) , Xf 3C A& £ 8
PEAT P H A 2 ARAE L, i I 4 11 ) RSO AL
PECSUREY I

S={s.)i0,
s;=LSTMC(s,-, »GloVe(w;)) 4D

TEAE— AW Z) 7, LSTM $252 b — I 21 #4 i
i A @ AL B 53 GloVe ] &

At LSTM SCASRIE Z J5 A5 5 i) 33 SCA 51
FRAE T T SCHRRR L {H s T VR R IR I) R SCAS £ 1
SCZH. N T s A R X () JSOA 1 2 55 3R A g Ol
J 5 14 15 A 285 o8 B 2 2T 0 1 % i) A8 D T 2 b 3 SCT
Ir BYRRAE 23 8] AR SCHL SR T T 22 K LB 17 )
B IACE AT R

head, =[ selfAtt (s WP, SW ,SW)H !,
shead, )W" (5)

B & B AL HE SRR AE R 4 Ry GloVe ia) 1] £ ¥ 41, 31
B 7 0 G B DXL o 1 ) A AR — B

ARAG AW B0 5 AL A ) SCA AL ) VQME 5 %
Py P A5ORA [0] A1 DG G 2 B2 38 % LG 26 ) AR T A
S%AARLEE (Cosine) B Wi IR 25 T 55 45 AiE 19 AH A
JE AR X RO AR ZAE 55 P AR Z L ¥ e %
PR TR i it Bt 5 J0 vk B2 46 R 08 A AR 1 1 B U 2k
— AN REAE X T T I 45 5 R L A 5 2 R A
XFFF RO SRS LA S 3 5l o > 2 By Joi
FEAS.

P A SCHEIZAE 55 P 5L A T HAS B R AL
X EE 2 2T AL A IE SR AS B A BT L B R AR A
FIRFAE 4 F AR S, ) e JIG t 3)1 2 DC C A0 341 3]
B, HAF B E LANF
(X, 2)=H(X)—HXI|2)

Vo = Concat(head, shead; ,+*

_ 4 ~ plx,2) )
*j{v jzf)(z|f)p(‘r)log 7P(I)P(Z)d2dl
(6)
X MZ Wi NEA MR RES H & F B0

Hop
A H=2]p X logp.. pla) g X 5053 4.

e

A R T WA BB AR S 2 (] AR AR R
f B8t BT LU o — S BE LS & rh S R OC T
Ji—A-BEPLAS & B . 3T Ik, VQME i i
KA TAF 5K X Rk £ AR 43 47 Ak,

R TV — A i B i 0 8 R AR SO BLF B
Sie R AR A B [ 880 D e PP A0 & = — R T %
Fl 27 20 1 AL A () B 249 B 5 P A 25 0 ol R AR 2R
o3 FIVEEC AN & o0 A X fiod B b R R 52T O T
WHAFB AT AT JS #UE" (Jensen-Shannon
Divergence,JSD) IIFAS BAF . JSD & XnF .

1 P 1 P
DJS(P”Q):?DKL<PH%2>+?DKL<QH%Q s
. PG
I%mpubzﬁpuanZ; D

Horf Dy KB (Kullback-Leibler Divergence,

KLD). 5| A JSD Ji5 . A5 B W PEAl AT LY 3R R o

TR
T(X,2)=Dis(p(z| ) p() | p() p(2)) (&)
AT DA B KL BB & T8 B A0, i TS HORE W) £+

O 1 O 0 1 £ 0 0 5 D T

. ZJ5 5% Nowozin % NU i f B B4
HIHE S /T LIS 25 T JSD i B4R BAG A K
T
D(P|Q =E, _p[loge(T(xN]+E, _o[log(1—T(x)],
Forb o i F 0 g R T K4 e 4 1) et 2 45 3 S B

FeF X&) 1] LU B BAF B e KA B A5 oR £
Wr

Lyvi =FEu.0~pislwpo Lloge(T(v,s)) ] —

B~ popo Llog(1—a(T(v,s))) ] (9)

Horp o FORMWERHE » s IR SCARFRAE. X T 40 5] 2%
o PR i B v 19 X LU A8 2R 2% 58 A 1) s A L A2
e 40 591 45 T LA S b 53 9 TR A 1) A 5 o AH EL DL
JC Y. 22 5 B R BT I 25 AT DAAT 2550 Hl B o 55 A ) B A
P o 3G 5SRO A A [) 2 AR 10 T SC AR RE T
AT 255 HB — A it 1 DG P 72 B2 A5 50

g 1k 20 B TH R AR 4 R BT AR SCfE %
T CPCMY (Contrastive Predictive Coding) i 2 Fl
SimCLR™ AR R AE 8 AL . 51 A T b2 >
2] BRI D E 56 &R PR O B9 R AR o FlSOA
FRIE s ANTE [F] — R Ak 25 18] N A S 0 it 1 o
B TCORMSUARLZ AR G o), 43 314 B 5E Fl 3T
AREAE £ 52 2 AH [F] B R 118 25 8] 22 05 R X L 2% 2
Y BIL T » 24 B DG E A9 R AE BB 2 B3 AN DR JEC 9 R AiE BE
B . X F—> batch S B [ EMZ A BT A L 545
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X EE2E 2T A BRI T

iexp(v; OS]
ot log Zexp(vf SES) a0
i

H o] =1Cv,) s/ =Gs,) N JE B P A SCA
fIE N FRAH R 26 78 VT T A [8] U AN DR E , « oh it B
SR X AR O R LA 2T 4% eR R Y 4y T
AT D24 OB R 7 30 D JC AR A 4 AR BLE i 43 B 5 D)
24y SRS Y 437 376 DG I AR AIE PR RLBE L 38 3k PR IR B L
FRAE R A DB TR SUE B, A B B2 R A1 23 0] 43 A
i LT Ay 45

MR O A L0 A LB T A& 2 s B
IG5 AE IR B SE - AE o A1) BSCAR KR E s Z2 )5 .
AU AN R A o F1 s HEATRENLAL G 2R o A s Ok
B [a]— SRS S B[] R0 A5 N 25 02 DT E 1Y) DA A
IEA, An ok B A [ RE A B ) A AR AS A T
) A . 25 - 78 BAR B i KAL R 43 » R IF
Al T 5 T R RC T 1 B A 2R /DN O AR 40 J2 45 DS TRE 11
WEBHE A 301 2 0 AR AU B2 B 43 AE X L 2=
A Xk B AR T AR 0 ) R AT 4R R R B 2 )
) B 7 30 DG I A A ) B P A DG C R AIE 1Y BR
B3 o DT AE TE B 451 2% 2 o 5 H R AE 1 0] ) 0 P 7t
— T b 2 AL A DT PR A A .

X T A8 T SCAS 18 4 Ak A2 B » Faster-RCNN
Fl GloVe BRI i B T WY 25 W AL 76 % b2 )
SR L O6F B A R MK TH 23 X R AR A AR AT 0. T
B %) 2 2 3 F R AR Ak A G i) R A0k 2 1] 7R A
(ERIORS A (S = W S T

TEXT L2 2 v R ik 2 #5 aT DA 2R T GAN
(9 A SRR T AR B 5 RAB I CPC X b2 > A e
A 26 LT e A [] AR O RS AL, X B )
H A A B A ) ) A B ) 451 2K 2 A [R] A B B A
S AFAG A B AR S EL A S TR e A ) )
HEE L B ok o L 9 B I R H AR AR T BRI X %6 B
2] AR U e CREAE 27 > 48 ) 0 0 1 482 B 1) 446 32
BBy o) — B P S AR b JR] 2P JET
ZWCSURE P | AR SCHE S 55 vh DA 391 28 A AT S50 0 1ty
R W7 XoF L 2% 2 R AIE 3 A AT SRR B8 L 7 031 e A
SCPRR U ER AT FE 5 1L VQME $8k1)
Y .
3.3 IRERTFTWMEEEE VAUE

Y25k 78 43 1Y A0 5 [0) R DG JiE P 155 B VQME, A]

PURE BT A B A bR 1 AR 55 45 B ) RUA =X 3E 47 DR
75 2 VE I 73K D E 0 %50 14 TRt Ul DA A 2 BT 3
Bz BRI [B) L 3 B8 T A RS N B AR T TR
FEUFI AN [F) 9] 7026 Y 0 [ 25% o 4 38, ) DA HE 2 i AR
TR M T S A o) WA £ [ UL AT A5 ) U] e 2
RE 7 3E T 3 Bl 2 2] AT DL 2 34 455 33 2 PR M [ R0 %o i
A AR EAT AR o i R 3 4 TR B PR . H 2, X
ASC 3 3ok 5] AN AR B D E OC R IEFEAE A X T E 5
22 R UIATY IH RIS 78 43 1. A9 0] 257 ) At %) 4 Bk
TE T AR S3 0 0 A& P ER 4 . VQME $ 5 1 i)
TR ZZ AN 2 S 25 0 A AN Y- A [m) AT SR AFTE.
TE B2 v BB 0 B4 56 WA ] BE A TE 4L
I b 25 1 R 20 A T R TG ) 250 A 32 v 280 58 /Y 0 A
AN 2 T B50b T Y1 2 4R 0 A0 TR 228 A5E 7R Ay )il
SRR3R ARG o 52 e [ 257 2 i 1) AL ) 4

BERFTR) 20 0 28 S bR TR 20 AR S M T e 2K
T E B L i (VAUE) B 25 I &) 3 F R A
B EGIVNERE =Wk DS = WAL PO R SR
[ R IE E A7 00 A B HG v, G B DXL e T R )
1 ] RO 32 AV 3 0 S R ) 5 (3D A (5D, %
IR DX AL 58 A A SO PP B R AR R AT 23k A T
JIRCE 2 2] A 15 B8 19 T 8 R E.

I3 0 2 2 AN RIS RRAE IS, O 1 i R 2 S R
P 1B R XS 55 iy ) f5E, VAUE 78 38 - E NI AT
R R SCAS , AR o 1) 24 4 3 v [ 5 AR AT 1 B S
fR T CAE .. ) P ) A SCAS AR AIE 58 ) A
ot A %o ML 58 5 AR R AT H AL i R AR
iV

head, = [ selfAtr (o, W? ,SWS ,SWHTL |,

Vo = Concat(Chead, shead, s+ shead, )W° (11)
b S AR RS Y T R )RR AE A g A )L TS
AR (7] RS2 1) 1 T R AR AN 0 B 3 A
A 22 H A T SCAR [R) 545 48 0 R AR 10 T 2 )
O3 R RS Y B S B VAUE RESS B 47 3
DAL TR 7] 25 A AL 03 A

VAUE 43 ) % G F0 [) 8 A7 5 AIE $2 0T 40
BRHIE  Z 5 18] softmax 7326 4% FUI 18] A 24 5
HEERWT

p(ylx,q) =softmax(concat(v,s)) (12)

VAUE [0%8 5870 J& 4 W0 o0 » 1R 1348 T2 82 ST hm i 45
WG 8205 P e BT A4 AR 1 5000 R b T 3, DA
PRAUEAS BI85 SR A p M 82 D R T
CA RARTEE A58 1. 7E 448 RAEHT . VAUE ]
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oV EC R b A B E AT U 2R, B bR pRECAN R TR
Lyave :EDOgEP(yL |17L sqL )]] s (xpsyq) €D
(13)

13BN A BRI 50 i Z 5 . VAUE 2343
e T 5% I 280 T o 149 A i S EE . S ) S E e 10 P A R
XoF 2 PEIAET 1 T 280 R figp 658 2% o 08 T 38 W) 6 32 L A AR
HE f% 1 75 10 3 1] 225 A TR0 114 P B A 2 0 K i 32 T A%
gen) F3h 2~ Jr ik K 2 fd fl 5 22 (variance) #1538 X
Hi (cross entropy) S5 $§ FR A S A B A2 B 14 A
{3 S5 b AR A TG VA VA B2 1 43 28 5 B 110 i)
JOL FE T I AR SO T — TR 19 AN A 5 23 RO D
XA A A PP AL 2 2 %A ST R
_HC(i)(y|x,q))
Var (p(ylx.q))
Hort Var 77 2 puw Cy) 28 T HE 28 v B K14 48K
# . HC(Highest Concentration) Y1 fff 71 :

Sua (@) =1 X Pmax () (14)

HC(p(y\x,q»:%( (%—P(ym|x>>2+

Hrp C WERTMAE. HC fii i 7 24150 BE R 5 Ai
M R . X FHER T &8 p(yla.), IR HER
F18 3 A i 4 b D) G At 7 AE 3 30 A 3 b 1 AT R
FRAR S TR 2 43 245 kA 0T o 1) B B e PR A b R
5 1 AE 238 004 Ay 000 1L, IS 2 sk VR TR A C 6 AN
1 BE R S RAIG. B X (15) L AT DA B4 SCH I A
X (1) BA = 5=l (D fu. €10,1];
(2) f e PR AR ZE B AAAH S 5 (3D f o FHME 2R 1) 5 (1)
S P RE B R AR G, R R R IE TR A2 A 2
FN[0, LI [E], J7 i 247 He A ) B 5 (2) A (3) £
TE T AN A R 1 A [ B 2 R T RARE R T L A
R SNTE LS T

Wk FRAR, VAUE $EAl T [a) 2455 8 %6 4 fi
PG ) FB I X ) AN o 2. 4, VAUE R % 8 T
GO B ZREE 6 T bR T ECHE v A2 B Y
B ZRTIL X AN A B HE AT Y 0 48, AR IR B S
A5 2 B b 00H AR R — A AT R T A Y BN 4R L B
WK E . 2T 1, VAUE 243 51 43 Fr 1
B It Y = 2R ) A5 B AN At 1 & R o A
18 0L s Z S5 K BRI AE 4805 LA Ol R B0 29 2R i
PEA B A5 B e & s 2 S bR i 2.
T — 5K EME R BB A7 75 2 Fh 6 38 1 0] 8, PRI A 1
RS2 A B K R B A VT T [ 8, 45 B
M oy . TSR R TR

sc'ore(x)Zquc[(x,qi)Xrate(ymax) (16)

Horp i ISR EE « (58 @ AR, raze () i 5
TSI K Iy £E C B 7 5080 L P 9 [) 2 [i] fE
JO o Y b S ek [ 2 O ) B A R L P
R BR 2853 A

Wt (16) 1155 . VAUE % R bR vEREA SE 1T
TN E BEVEAL L [R) AR 4 AR R AR T 2 A A
ZERRTE S XA 28 BEREAT T (B VR A% o DA T i o A 7Y
S [r] T 1B 5 RE 8 1 18 B 45 O3 A1 B REAS HEAT [0)
T FEPRIIE 32 8l 27 20 SR A 1 v 550t 19 [ B SR Ik B
Jei FARR T B A 1 B R 40 A S5 A A8 AN YA 1 [
3.4 EBEEFHEZXRE

4 VQME #l VAUE, A CHj g 7 CCRL #y
PRAE )24 3h 2 2] Jr ik, BREE R A %k 1 iy
N s TE N kB BE 5 38 3k Bl ML AL 15 21 A9 4090 1 7 T
I 0 )R8 SCAR 3 3 0 R A o A8 1 I 5] A 6 45 e
5 R I KA H CPC X L 2% 2 Bk 5l 28 VQME, Jf
IR A B o ) BRI 25 VAUE B #3225 3

B 1. CCRL &

A : VQME #i# 0, , VAUE i 0, , ii 4 ¥ D, 45

U B bR TRk U epoch , 2
o Ml a
St B R B IR T RO
Lo BEHLEERE T ASAKAR HE 5O HE AT bR 7 00 46 1 b 3 5
fia ity Dy AAR R Dy =D— D,
2. WHILE size(D; )<<B DO
3. FOR e=1 to epoch DO

4, T Lvave Ml Lyaue

5. HiH VQME: 0] =6 — a1 VLvaue

6. HH VAUE: 6, =0, —a;VLvaur

7. END FOR

8. Hil DLWNERNH

9. il VQME 315 B & 4R i B 2 DL T 1)
R {q: | VQME(ay, 5,0 >>0. 5}

10, ST T BE A R 8] XS Cap s g0 TR AN T
JETEL foe (2 o)

1. ZEEBEREST B RAR A bR 1 25

12, score(ay) = fua(axysq;) * rate( Yy )

13, BRI ECHT T REAS

14. U=argmax(score(x))
2€ Dy

15. D,=D, UU

16. Dy=Dy,—U

17. ENDWHILE

18. RETURN e & (1475 14 504 Dy
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or. ZJ5 VQME X BT A7 AR A5 T (1 & 45 A R] A X
PEAT VE BE P K DT I 0 K00 vy 1 P 4R ] 8 2 g A
VQUE. il 2 %5 5 1 48 58 70 A3 VA A5 8%t 1 18] 5% Il
B ASHE TE . 2 5 VQUE Giit 1T 5 i 5 it 4 11
B BRI AT AR S Z R VR RN E L 1R R
5K R BOAR TE 70 K. Be it BAT 22 Bl 1] SR 5 1) 2%
G A1 ST S A AR A A LA R A A T 3
WAL TS 73 RO o A R AR BEAT R B AR T & i
ZReARTE . CCRL (A FRAS T A i 2045 14 K3l
A  BE % S 3t B 1) AL 0 ) 25 465 091 5.

4 ZREHH

4.1 ZWIRE

Sy 7 Bk CCRL KA AR A o 1] 2 3 3 7 ) T
55 b RIPERE A SCTE ML A AL o ) 25 B9 4 Bk
T ES S AR 5 K CCRL A Al S5 8 1Y
PERE S ALY F 32 2 Jr ik HEAT i, JF i — it
T 2P LG A A AL OE TR 22T Y 3 Bl A 2 BILE AN AR
FghE IR LBk AL

TE 52 bR Ry FH s 32 3l 2 ) B R R 9% B AR T
B AR TE R FEAS L (8 T AR T R AT AR TE. o T 7
S v 3 3 AN, Bl 2 ST % S PR N T 3 R AR SCAE
FHT A B 1) W5 1) 257 50406 B A Sy B4 1t I 40)
U6 A0 2 B 3 3t R A A v b R B 3 it P A B L AR
A ()R 280 0 T BB & R ] I i, HUA Bk
Wt AR IEREA S AR T AE B AT L.
40101 Mo ) BB 5 VQA-v2

VQA-v2"* & i fc 8 F R 38 ) 2 8040 4
For iy R B 4300k B MS-COCO #4214
KEGEE S MR R BRI ARG TS
AL AE BORNE X e &, Hp g i) A £ o8 A
T2 R, LR K VQA-v2 &I 73 g =84
YIZRAE (80000 5K B FN 444 000 A~ [ REZZ2) (g ik
£ (40 000 K ER A1 214 000 A~ 6] J1 24 22 | 3 46
(80000 FKIEIZFN 448000 4[] 24 58) . ££ )%= 2]
IBET L UIZR A N i A BY ) 24 22 R 2 AN AT DL iy, 52
0 235 TR e A0, = 2 [ RS AR ) 00 oA A R B
[R5, 2 5 o) AL, A ) 1) DA % A 1 Tl 2%, S B0 2%
R VQA Challenge 2021 55 %€ 3 J0 J5 B 7 M i
Eit = R I SR o S S I R e < N
BK Test-dev Fil Test-standard, 5% FR T 7E £k ] 3,
Test-standard J 3 42 {3 $2 {1 G0 1 2.

412 FEHFIRE

TEA SO 3 3 2% 2 L3 3 43 - VQA-v2 {1 91l 2k
RAE Ry E B 2T B R A W46 Tl i I 25 4R 3k 4
M =2 Y6 (8088 HEAT AR T A B0 b 1 Sk 90 B A6 1
P B3R o A B A R AR T B . e A
B ) AR BEHLRE R 1= 2% B9 K ds AT A 1
FRETUR B=2000, —3L4rid 9 8. b T ORIETERE LE
B0 S AT e 0 3 R 1 R [ 25 A TR
K F MCAN A i F ] — A~ BE AL W) 46 16 19 A 1
B A R R AE B T O, HLEAT 5 IS BR BOT- S 1.
I e i 32 2 2 k0 B0HE Il 25 MCAN B
Y0 R 7Y Y ) 8 oE B R AR O B A ) PERE K
it 76 SR A Rl Y 32 By 2 ) PE g i, AT B
BLRAEAS B 2 00 B9 b B 1t o FL T A 5 vk 3 4
A KR L B VQA A EBA R [ R RE L BT
PATE M AR I h HLJR R 88 — 48 R AR (400 Bl iR 5 — 6
(20 Y0) 5 d . 72 2200 i AL i, Test-dev F W MEH
5 48.69% , Test-std | 49. 03%.
4.1.3  AERXT LAY FBhE ) ik

AR 52 55 A FH BB AL G bR 1 7 A O J2 B2 o) B
LITVE. N T BRI R CCRL B BE RE . A SC
TEET S5 B 10 L R B 1 B B 2% 2] Jr iR CCRL
PEAT g, Hop 3 TR B B kA LLYY
SRAAL™™Hil MOCUMY L FHEAR ZHEME R ik A
CDALM? [ Vab-ALM f1 TA-VAAL™, 53 6 )5 g 76
S 56 v A Al A U0 AR L e BRI SCRUAR
5.
4.2 LIGMERELEE
4.2.1 Test-dev ZL I 4t B

K 4 /R T1E Test-dev MK 4 & A F 82
2] D7 AR BE 18] 24 AT 5 v 1 1k el e AR T LR
B, 5 CCRL B J7 75 2 R 45156 T Bl B R A R 45
J5 i O B 1 T B2 ) O R RO 4R T T
1. 61 %, 3 2 35 1 ME R4 TT , 00 B AR SCHE 1 3k F 1%
B X H 4 2] 19 CCRL Jr ik 78 ML 38 ) 24 sl 2 )
155 B BA o3 OBk 1 Rl LU 38 2 43 B H Aty
PERE R, T DL BLEE T O 5 BE 9 75 (LL,
SRAAL . MOCU) , H % RE W& =5 T 3 T FE A 43 1ii 19
7573 (CDAL, Vab-AL fil TA-VAAL). %34 A
PFG A SCHE S| 5 3840 0 T 5E 0] 2 3 8 2 2T A1 55 1)
Gy 0T, DR R ) 2B AT 55 2 B B AT 55 AR AR Oy
P8 A AT (] 24 b 1y B AR TR & UL X R
BTk R AL G B T REA 3 A 0 5 i AR ME AE AL
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5] 2200 b 25 ) — A 304 1 2 AR PR VTEAG . IS AL Y
W B DA AE B — B M HEZL T iE 47 2% 2 fil iz
it T AH R B CCRL J7 38 5 H VAUE #8835t 7]
TN 2 19 2 (R B0CHE 43 A AT T R B R I T 2 R
TSR LA 95 () 22 4 Pk DA TR B S T iR 4R
) (0 55 WL SRR AS o A 00 9 R S B ASE AR BT G e R
PR TR A R ) 1 S, AT 3 B TR LA AR T
HIFEA. I 5 CCRL FEAU bR T 20 %0 W AEAS B, BP
FIRE 65. 01 26 1 1 2, %) Lo filf F 42 0 AR A bR 1
TFIEEIAY 70. 042 W HERG R, v DLk B CCRL fifi
20 0 bR E S IR R T AR AR RIS 92. 82001
PERE X PR FE R TE T B

(B 20 B bk - A v 3R =70.04%]
64+
621
<5601
581
%61 ——CCRL  —+TA-VAAL
—+—Vab-AL  ——CDAL
541 ——MOCU  —+—LL
—+—SRAAL ——Random
5215 I I I ! ! ! ! I
fa 6 8 0 12 14 16 18 20
Frid LA/ %

B 4 1 Test-dev b #E 3% > ik L (2% WD 6 1L R
FERT . MEREYS K 48.69%)

4.2.2 Test-dev =25 n) & 52 B 45 B

g T SR H O A B AT o b B 5~ &L 7
I3 R T BT R A S A 2 = 2 ) Y UE
B 2 ] SR L A T Y [ 2R A D R BRI
S5 RIVRT 38 B 558 pm o 0 58 T G Al 258 ] it g A5 = )
RE AL E T AL B B AR B EOE 2K % 8] 2
P i OR B . A BT S B g R LR B, 115G
CCRL 75 =28 [m 8N P RE 34 35 8 Fe fF, LT A
IR I0) 24 P RE ) i 1] . PR CCRLL v (% (] 8 27 52 DG fig
PEAE AL A1 VAUE B3R IERR I BT 5l AT
[B] R = 22 A PR 1 JE 1, CCRL RE 8 1 B b D7 Al =
25 ) RUASE X R B T 1L, 5 3803 TC A FR AR A 3 T
A FR 0 b5 0 = 7 T 78 X 1k e 4 T S KA.
W ST PERE B LL A1 SRAAL J5 32, w] DL & PR
LL 7 H: 28 R0 50 57 288 [n) 0 T 0 BCA 1 O B Y &4
HAHZ AN M REH N B E, 1 SRAAL
DUASAE 2 75 26 ) R B A . PRI O LI 3l ik 46 2% 9F
Al A5 B AN B 28 P 5 1 15 25 0] REPE RE A 01 550 A 0T A

481 [E Sy EObRTE T HUME R —54.04%]

381 ——CCRL ——TA-VAAL
—+—Vab-ALL ——CDAL
361 ——MOCU  ——LL
——SRAAL ——Random
T 6 8 10 12 14 16 18 20
FriE Lol %

75 Test-dev |- i 807 2 i) 18 A9 3 3l 2% 2] VERE L&
QYRR RFERS  PERER O 31, 6000)

04 [y FidniE T AOMER R —85.42%]
781
< 76
5
-
§ 744
721
——CCRL ——TA-VAAL
—v—Vab-AL —e—CDAL
701 ——MOCU  ——LL
—=—SRAAL ——Random
687 6 8 0 12 14 16 18 20
FRiE Ee il %
B 6 FE Test-dev Iy J& 7 2 [a] # 1 32 3l 2% > PERE L4
ARG REERE  HEREYT 66, 34%0)
o (B2 A biE T (M %—60.52%]
521
501
-
=481
£
46
——CCRL ——TA-VAAL
A4 —+—Vab-AL —e—CDAL
——MOCU  ——LL
42*] —s— SRAAL ——Random
1 6 8 10 2 14 16 18 20
PRy Ee il %

P 7 e Test-dev b Hfls % 17 ) = 52 2 B i 1o
AP AL R FERT HE R 20 37, 46%)

15 P9 7 2K [ AT, L ) 2 40 O A A I X i A LI

X2 S [ R A e B /D BT SRR Y N P S B

TYEREM TR, T SRAAL Jy % 32 B4 46 10 '8 5%
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Visual question answer (VQA) that bridges vision and
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cognitive-level task, a good VQA model requires a large
nunmber of images with corresponding questions and answers
to achieve generalization, which is very costly. This greatly
limits the ability of VQA and its application in real. To solve
this problem, we design the cross-modal active learning
(AL) approach for VQA. The ultimate goal of AL is to ena-
ble the best model performance with a limited label budget.
AL methods are grouped into a distribution-based method
and uncertainty-based method. Although previous methods
have made remarkable advances for single-modal tasks, they
are not suitable for cross-modal tasks. AL for VQA requires
the semantic comprehension of different modalities and accu-
rate measurement for cross-modal informativeness, which is
the main challenge for this task.

To solve these problems, this paper proposes a contras-
tive cross-modal representation learning based active learning
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estimation (VAUE) module. The VQME adapts CPC cont-
rastive learning and mutual information maximization for
image and question matching. Then the VAUE designs a
cross-modal acquisition function to evaluate the labeling score
based on both VQA uncertainty and answer diversity, by
which our CCRL can cover more question patterns and make
the distribution of answers more balanced. Experiments and
ablation on VQA-v2 show that CCRL outperforms other
latest state-of-the-art AL methods with a large margin and it
achieves very competitive performance with only a little part
of annotations, which verifies its outstanding effectiveness on
cross-modal data.

Our research group has already worked on the topic of
active learning and cross-modal. Before this work, we have
done some relevant studies. These methods proposed by our
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This research was supported by the National Science
and Technology Innovation 2030-Major Project of China
(2018AAA0102000), and the National Natural Science
Foundation of China (61732007, 61771457, U21B2038).





