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Vision-Language-Action: A Survey of the Integration of Vision and Language

Li Rui, Zheng Shunyi, Wang Xiqi
(School of Remote Sensing and Information Engineering, Wuhan University, Wu Han 430079, China)

Abstract: The idea that we might be able to give general and verbal instructions to a agent and have at least a reasonable
probability that it will carry out the required task is one of the long-held visions of robotics and artificial intelligence (Al). We
have noticed that more and more scholars in recent years have tried to this target using the latest advances in the field of
computer vision and natural language progressing. In order to follow up the research in related fields and grasp the frontier of
the fusion of vision and language, the latest progress of visual-language-behavior is reviewed in this paper. We first introduce
the weak coupling experiment of fusion between vision and language, then focuses on the Vision-and-Language Navigation,
the Embodied Question Answering and their similar research, and finally looks forward to the future development trends in
this field.
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2 H. 2 A ZPU(IQA, Interactive Question Answering) 45, FiRHT
RAMEFEM SR SIETHAR, EFEZ G (agent) Fxf
BT SCAK I, 7E 6 40000 2 [R) PR B vh 3R AT B AR R FI IR R
FHXST & XA 518 5 R RS o T P9 A AH QS 1)
RET AL, R E R SO ERR 1) Ty ik B £ 2
T ARIX T T R R .
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TEST BN T FHURHE B i) B AT 5% 2 0, AN 6] 5 =]
i H R AR 2 ARG SE S TS . B T
R A AR S VAN B SAE AL B B SOAR AR RS
TIE S AN TE 2, BEEEA 2% 2 S g o 75 2 ) I 458 FH 5 A 43
BRI R, FEE S AL M8 S 5 kAT T R E AT A,
KA, S, BT BRIE. XESAFARRNESEESE
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1.1 [Efg4EiR (Image Caption)

AR Y e R R R, BIAR R 4552 B B B AR R
T E R WA R R TAL B . RFAESR ORI SCA
AR E AR, L R S AR IURFAE, SVM AT g A
TEM B A%, 1RIE H AR @A et) 722 24, (HRx T HirE ke
SR R ) T FEIR AR e AR SR K 2 2 TR 2 T $R
fRYRTT %, 2015 4EEK DeepMind [ BAANZE & K BN 23 B4R
TR T WS- i (Encoder-Decoder) HEZ2 ¥ Show and
Tell®) Al Neural Talk(?® 574, {di ] CNN+RNN f#0; 4
RO HTRIZ% (Generative Adversarial Networks) P71, - FF gk 2
>] (Deep Reinforcement Learning) 2810y 2 /741 il (Attention
Mechanism) 291 5 Bl 42 51 AFH T 72 B MO 5 SR 1K A,
BURRRAT S Ay 2, Lhan 2 T 8 20 1) B 3tk 75 580
IR ST AR 1R AR A 1] B4
1.2 #5EE (Visual Question Answer)

PL5E 1) 2 FT AR RGPy e, AR55 T
TR ST, 4 — IR E R T B I R, e ) TE
R, AFEREE W o8 N B £ Tk EEEA L, & EE 1
AME AR, R ITEREARTT RIS N A IR
(Joint Embedding Models) . 7 & /1 #l i 4 £ (Attention
Mechanisms). k2] A&4EAY (Compositional Models) F1%1iH
FEIE SRR T (Knowledge Base-enhanced Models)B4, &1k A\ 7
ER BB FAE AR R 22 2, TR LA A R 8
AGRFAE X A (7] DX 38 PR AR AE RS AR e i 75 [ R, AN 2 5 Y
IR T BE R L p 25 B (Neural Module Networks), %R
27 8 AR R A A/ R TR AR U B SR I IR Y 1R R, AR AR
B 18] B 3 AT A A% i) 25 (Video Question Answer) ik
2 52 32 1 R B
1.3 TAKEGER (Text to Image Synthesis)

SCA MG A ) TE 4 UG R IR (R T [ ) B, A5 5 SO
kA g . 30 HmG8s (Variational Auto Encoders)lel,

T WA A BB (flow-based generative model)37 1 it Ll
Pixel CNNEEIZE 7 v #S b F Tfif e s 1) 8 o 2 15 A2 Joond Bt 14 2%
(Generative Adversarial Networks, GAN)BIF| X\ 3z 7 & (% 4= i BA
H, HHEBERWSHEOERTE. UHTHET GAN Ktk 77
WA H— R L 450, Ll s in ) 5 o L4l 2 5
ANZAH U, B RS FI A SCAREE, iyt = bl
B2AF0 MirrorGANII 48 T 4F , H = 2 3 I 40 29 3, L
Condition-GANUIFL I 45 T4F, H IR BUAER, gt
5B (Scene Graphs) HSURIE X b [A]E  (semantic layout) 25T
PEUSL, )RR SOAS R A T 55 T AN AR 3 T — Bk e, b
R T 2 BE A RSB R I nMALET (Story Visualization)
55 FISCAR A AR A A 481

1.4 #5XHE (Visual Dialog)

RUE XS T T AL R ok e X g, £ 2017 4
CVPR &l Elm I E Tl Das A % ANfg, S5
i) B P ERIRAS ELAN ], ARG B R B R T A N A 5 A
FKRATZ Ui, Bk dr, stRES B Xk i
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SR HERT BN S0, AR R 2R A L A LS AR AR
IEA ‘Guess What?!” AF551H /2 HAX PR T8 58 “ & ” 8 “ i ”
A R AL e BT, Alamri HO&5 A — 28 51N T BLARR 1%
(Video Dialog) MMEZEY. Mo xt il H 4 (IR 7 Z 2 EF -
FEFEEmIL2S] (Deep Reinforcement Learning) [1)4# #4052,
R AIHHIY, AR 2 B Yt 38 104, AN T4 22 ) 45 45
Ht (Neural Module Networks) [t 22 i) 55144
1.5 HHESHIEREF (Multimodal Machine Translation)

ZIEEVLAS RN VLS LR B, HEREYS
SE TR B VRIE BB AR B, AR SCAR A AR BHR SR ALY
BAME BRI H AR 8 500, [Fi) Specia & T TS,
HRBPARESHAE N, ARG SHRE ),
Elliott % NE— AT % — 9 e B 2 il 507 (Lbanoe T 1)
— B EE AR ), Wang Xin 25 A HE— 54T
F R BIWARZ T8, BF T 1A F B 5 NFER IHLHIBY,
G3RAE S5 H AR, 78 43 4 P A (R R 0t AR AL 81, iR A 2 2] 5 V)
fHES2, TS IR T R4
1.6 IhE&

B 7 BAEAESS 2 AN, A ARSI b SCAALL B A A
AL (Video Scene Text Spotting)4M 5%, 34 W S ARk A &
WA B ICE MM EL S (Visual Entailment)SS1T: 45, ] #5106 5
BT B v o kAT HE B o fe TR R R 0 HE 3 (Visual
Reasoning)®oT- 45 %5 . (48 13 il ELE P 1) K30 40 7 W F e 1
HRAMGANE S Z X BT R, tan B 3 R 2R,
MAITFY e BB i 45, BUAE FE LAl i N 48 2 T HEER 45
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2 URESSM. EFEEREROSMR

5 ERAMESZHERASRME,
(Vision-and-language navigation) F1 H & jo &

oo i 5 %
(Embodied
Question Answering) % E & GefA (agent) ANEBER ZEA 1
WHIEFRT), LA KIE T 5 I F B A BERE T R
HIME R, TR H S SR B AR, 3517 58 Bt 8 AT 55
RIZETHEHAL 5 (Computer Vision) F1H4AE 5 4b# (Natural
Language Processing) 2 #h, &N T 47 M & (Action
Planning) MI¥B4r, T HINH.

2.1 #5iBE S (Vision-and-language navigation)

211 WEFMAE S FAAN KT R

Fe TR (AL T EEIA B 1 Se e 5 BT 681, mi
fERBOCEIE . R EIBOAIZ S IREUEE LAt LA v
= E O 70, B TR K S E G S AR A, 3
HAEs MG R R b, B W] 2 R QB A, (H2
TE 56 42 AN 2 T2 A e b R B0, BRIRAL £ 5 Bt AR 30
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PLMFREE G B R AR AT A (A 4 l3. 740,

[F B 27 38 AR A 4 QT R T L ARE 5 B ARS 78, 5N
B 6 5] B TSR AR A2 B3V 2 00T, (R AR T
T A T E R R,  HIniE 1R A IR R E
¥ Pl AR B 5 i A T A 28 DA RRE B 558 B A A o
Fric 808U, B A B ) 78 X R A RN B PR R 32 BR R
S5 7S 78 71 ST AR SR BN AR 22 8 1 2 RS AR A5 A AL 1 1 P
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Qi Wu %5 N7E 2018 4 CVPR £l LR THHiE & %
i (Vision-and-Language Navigation) {145, ZRBGEIALES E
EHRAIENT, EEFRMR Matterport3D Simulator 1/
HHE, MRV E 2L BAnA B, IF HH0 R
TS KREET R EBAERK RGB-D 45t K #H 4
Matterport3DI], {H & H AR X & R B A ) 5 5 Rl 5 5L BRAs
KA. HUkE 2019 4, Qi Wu 25 N#k— bR Hplifk N
RERERE(Remote Embodied Referring Expressions in Real indoor
Environments) [I4E55, A& a1 454 (4 [FIF S1N 18T 30558 ) 2L
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213 MRLET FAEFRATER
QiWu 2 A5 RIS, [ $ TR B R i ok

KA H921Z (Long Short Term Memory, LSTM) 5451 3 7 %1 45
¥ (sequence-to-sequence architecture) ¥ & 7 ML 41 B e 25 %
25 LAST(YY fifg 1 7 22 01 BB AL ) SR8 s AR e oL B A0 508 ek 8 P ik 2 B
EA RN BRSSP IR (BRI 86.4%).

MATE S SRS E DS EE S A0 NI
MG B B bR S FERE AR 3 & (trajectory search) [7]
B, HET -k Fried D #24 speaker-follower ZZB, ALy
speaker A% T2 5] BRARREIR , follower 57 F T Y5 Al 44T
B4R, 45T RS (panoramic action space) £t # i
iazh 2 a) (visuomotor space) 7y EU Al £58 REAA AT LU 24
LB 360° LM,

N AR YA E S 3T 55 T 1 R A S R b X v
(cross-modal grounding) [a] @A 587> 4K.AE 77 (generalization),
Xin Wang 25 A\ #2H5E F otk 2> (Reinforcement Learning)
MG ST/ (Imitation Learning) F 5 mg181, 3] A\ 7 34k B 15
AVLHE (Reinforced Cross-Modal Matching) 5 ¥ H I B4
%3] (Self-Supervised Imitation Learning) /7%

RIS, RIE S PHUES T EEN bR = AT
HoE R R R AN E S B B RIFIE R, FIE SRR E
SHUES TR R E R LA . B R Jain V4
TR AR HE ] 220 e T 4 5 15 S RN () 3G (RPN A v
CLS(Coverage weighted by Length Score), JfAR#E I8 R T
R2R ¥ ¥k, RHEAOSHELZHTAMELZHEMALBKAERN
R4R(Room-for-Room) %4 (81,

TESERR i b, A E M TR E 4RSS AT
RSN AT AE B VE R R IR B AR I T A 5 2, FE Qi Wu
2 NiE— S H Remote Embodied Referring Expressions in
Real indoor Environments(RERERE) [1J{F-4588), Hrhf £ 2K4u
“ LA ARIENE (Go to the bedroom with the striped
wallpaper)” ] 5:/iii (Navigation) 553 RSBl “ A 55514
Bk L2453k (Bring me the pillow that is laying next to the
ottoman)” f{J#8FrFK L (Referring expression) B9 #F4y, R4t
THERR A S-48 MRS (Navigator - Pointer Model) [1)3iL4; &
%o
22 AGpEE
221 A FiksbrA

H&i\% (Embodied cognition) X —HE&EBEE L. A
I A IR G 0T 1) R R 9 T DA SR T A o A 37 6L T s LI
TEFRAGEAE Y, T AORIE BRI AN 1) TN Dy K 2 O st 5
B R REERTHREE T2 810 , HTHEE
SEBRIE I, IF BRSNS A 32 B4 (interaction) AT H]
#EAVEPE (manipulation), BIiA&N2—FhIEH B4Rk (embodied)
A S (situated) MIEEN0O0. BIRIIMEFI LM SRS
A SRR AIZ IR AR E T RAVEFFARFIE
AR, S 2, KA INNEIS YO A A EAR LS 5 0 BUR
BZMREHRZIALR R Fib B G A, 5t
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H & 1% (Embodied Question Answering) & Das %5 AfE
2018 4 CVPR 2 B3R MESET, Ja & R AABENL 2 =
FIRBIP R EAGLE, JEHUEF R Rl “RER B
2412 (What color is the car?)” Bi% “H % /b4 Ea BA#
F (How many rooms contain chairs?)” 252840l 75 IR E(E B
A, NTARBIRBNER, BHe (agent) FFEH EHIXH
BT R R BWERFENE R, REX I E MR, &
ARSI H &5 RGB R4S SR H, A R BEF
B, 85 E RN E R R
MR, BRWRAERTES ARG WESMEE, BIEE AR
FRE, FEGRRT S EMBESNENEL T, @S5 Ak
IEEARIAC T, STOUN PREE B3R, T 5 1 ] i ) TR 2
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Das % NJRALIBLEE PR BAMN . B SHMMHE
% (vision, language, navigation and answering) P43 B sk
PO, HAp s JE T @ CNN K RGBS A ik il 52 K
INRIR, BFEME M LSTM 4ifid, SRS 51 N &k
YA CHTHE, 2%, A MRS ATE E AT 3 (1, 2+
FR 4% AR B 1 O B A 283 (Adaptive Computation Time)
T, 1AV v B B A R S T - 1) A AL )
P56 % 5 19 8K LSTM 4 fididh 47 L e -4y Hh 45

FE_EIRFF TR AL L, 2 NFBAT AR — R &
FEURE X B (LA T2 e, AR HEmMSON “EITE
-7 B AT R UKAE- 4R BURE 27 A PR AR 2D 11
Ja K, Das 5 NE— 4t T BEHUE A2 2T % (Neural Modular
Controller)l*1 , 2% 3] H ks in LASH i -

Yu L % A EQA (£ &N MT-EQA(Multi-Target
EQA) HIZE &L 5l N T 2 HAREY, Lhindefl “Hh = B
Wil & LB 5 BL I 4658 K4 (Is the dresser in the bedroom
bigger than the oven in the kitchen)” X 4% 7] i .

Wijmans E % ATt T 28T =4k s 4% 2N B B il 2 505
& MP3D-EQALE, it IFMNK T 235 16 FhAS [ ) i e ms 21
&, JRMBURIECT % Inflection Weighting LLEZ 47 517 1
AR
2.3 HibHEUEFR RS AR

52 Tomasello. Skinner 1 Bruner Z5£:06 3 Y % “iE=wl
LB AR MAM B R, BEFREN Yu H
Zhang H 2 N$&HH T8 BeARAE2C B 24 20 5 205 5 10 B
FF4 XWORLDDEY], f14% 5451 (navigation) AlIja]2 (question
answering) ¥ Fif 52 BLAR R, Y Be AR T IE I A2 B U5 2SI 49 = 34
ORI A 17 B W R kR AE B R OT B B AR S A T Y 1

(interpolation, 7E [FFEF1% I T H B 48 S 1E 45D F
HhfE Cextrapolation, {57 A A HAth 175 150 BRAR B o e 6 (38 1) ) O

AR A ST 1 B 4 A AT R 1 ) DO R ) L TE R S
B TAEH, YuH F1 Zhang H %8 N — K559 e B =430
¥ XWORLD3D ¥4,

Gordon D % A7f 2018 4 CVPR 2 L3t H M
& (Interactive Question Answering) f£55124, HARSHEA S A
B AL, R R A TR AR PR 1058 HL v 58 BN 45 7E [R) R
B2 . {EF A 32 33 8 HIMN(Hierarchical Interactive
Memory Network) ffFEHR 775, {Hi&— MM gL, A
— Tk Z HARER M S 2T HT,  H RIS AR A BRI

S MR SCHR P 2 0T ERT, RATTAT LML L 15 S A
1T =TT TR A AL LR 285 5 45 A AR AT TR 51N
7y W 1 PR, WSS RTRIG AR T UG TN, RS
ARSI TG ARG, AT 9T R4 k3 k1 A £ 5
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Fig. 1 Asimple classification the task combining computer vision and

natural language processing
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MEES SIEESEELS 3 MESEL, H—% Qi Wu
S NTEFR A5 5 S ME S IR R2R(Room-to-Room)
ARG, R Jain V& ASESUHT 55 VPN J7 VAR IR )
R4R(Room-for-Room) #5408, H =1 Qi Wu £ N
RERERE {F- 558 @ s (A48 (R ARTTFIED . & 1 2=
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Tablel  Comparison of common data sets of the Vision-and-Language
Navigation
A€/ S s Homes  Floors  UngQns  Tol Qns
4R 643 \ 147 4246
EQAV1 LS 67 \ 104 506
g 57 \ 105 529
WIgRsE 486 \ 2030 14495
MT-EQA IGIESE 50 \ 938 1954
ks 52 \ 1246 2838
WIgREE 57 102 767 174
MP3D-EQA il 10 16 130 88
kg 16 28 239 112

1 W REIESE: A& XTHIIGEESHIENHIEL.
2 AR ERAESR: WUFR S IAE TS B,
3 R2R: https://bringmeaspoon.org

R4R: https://github.com/google-research/google-research/tree/master/r4r
A G ETAHIREEERRE 3 MURE, H—=2 Das HA
U ¥ EQA(Embodied Question Answering) vl ¥4 £E[17],
—R& Yu L AN ANZHBEMESNRDN
MT-EQA(Multi-Target EQA) ##4E[131], H =& Wijmans E
SR AE 55 I BOdE S8 R MO D ISR R HdE AR
MP3D-EQA i £E[18], Ja MM Euls S iy RIFI. & 2 2=
NIRRT, £ 3 BB BRI L, FE
FEREE, Hdadeh &gy Unique Question ffRIE, 2
TR RE P AR B SCH ), Bt B 1) o [N A7 AR P 65 DKAR I 1)
B “What room is the air conditioner located in?’ Ftaxr=2E i X,

4 WHMIES BRES LBRA KK BIRE

41 AEIMEEIRSZLEN

M5 HRE S A TEIG T4 A B HE MR, MR
U 5T PR R S i A TT L R BB R ) A 3R B R B R A
BOAR B FITE = BLARIA BRI LR IUAT 2 IR BE R, (HLR 48K
OIS HR I T IUA B R AE R R B AT . WK, B
&3 H AR IV T 1 H 3 R T 5 R R (TR B b 2
05, EESEHE TS KRN S5k, #H
JEAERAY IR 3 U 576 2 AR AL 78 B FU SR BT o b n] e £ i 3
IRZ BRLZ ANl R, TR A2 R o W 7 R e B 4 b
EE T EGE RS (s E S % h SOTA BkE ]
DI AE SR ANA W] WISIESE b A3 liE 3] T 73.0%F1 61.3%(1 B2
208Dy, A D 2 3 B VAR SE BRI B o in DABGAIELST . [
AR 5T HEE T 7] 22— AR A A IR B FUSE s b, AR
WA, ARSI SURHOckE, R AR B B ok
P EE AR IB R MY, RS ARYE IR 200 By A 2

F2 HAEH BT HEERER
Table 2 ~ Comparison of common data sets of the Embodied

Question Answering

SHEWE BIEHRG
/e S PaES FEAEY

PRIKEE PR

R2R RS 14039 9.91 9.91
(84T KE G e 1021 10.2 10.2
29 A~Baii) ANTT LY AIE £ 2249 9.50 9.50
WIZEE 233613 20.6 105

R4R CIRE AT 1035 20.4 111

ANy HLsIE £ 45162 920.2 10.1

RERERE 45 5181 \ \
(AP E CIR RS 1668 10.3 10.3
19 A~ Hii) ANT] LBAIE£E 2174 9.56 9.56

1 Homes: ##adirh i A ¥ 55 I35
2 Floors: %44 btk K IR =4
3Unq Qns: FA35 rh Al fE I8 LI il At
4 Tol Qns:  Hrdlidi b A vl il
5 EQA v1: https://embodiedqga.org/
MR, AT RERAR T RS ARG & R
ST ST 149 B 2 AR ISR R A AR BT, RIR)
P S o PR D S 56 U B v R R AR T A S O B AR A
e
42 SIEERAKINZERE

H AT SLITRRI SRR, B ik 55T [0 B A2 E AR
AR, AL ZATHFR . B sh Al Ve 3]k 48 52 o B 255k
A, I HAREU 3% R e Ry 2 Ve B CEE R it |
FERAAR), BARTERBTIIAI h O & KL “UBAER 1
FZih IRk Z 45 (Bring me the pillow that is laying next to the
ottoman)” BLX AR BN Z AL HIE A, (A2 EREH®L
WA BT g s NH BRI E R, I HfEL 7 ]33
B i 2 PR el “ B EE-AXGER” M C R
BEACN T EE IR, EREMIE PR R AR E R
Sl CART A ) 75 B2 S B s RA) 1, T IR RO S T A5 Bt
KX T3 LB TR RITT 102 S IR &,
A2 A DK AR S50 T N E1M 5 75 25 R 24328 H.J7 s FLs
HVPR RN U] B R A0 5 T BRI [ 14 T R e 5 R e B L. B
S5 B I AR SRR, LB RS AR S AN
PR Bl AR B g 8L i T B e E H AR R I
bR BB A RO G S LA o XL PR R AR X B AR IR AE L2 H AT
B TR R R D {EL 5 AR OR B RE A AE FL SR s AT BT i 1
4.3 EIERENISIN

AT EIR R TE S ST RS F%, FrasfEs
B CELUnARYE T 5 3R BIIA A b5 1] B [0l 0 5 h 5
MIRAT A BEOAE ), B B S AR 0 v B 22 e it 7 A B E 0 ) 1)
AR, LSRR HE B OUE S5 g LA R R A RIS
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SVIRMEIRE ), DLRIEEGE. AR SRR . R
SRTEFRT 90 O S HEFRRE /7120, (B T5 AR i B, Aokem]
RESXBINIAL “ B3 MBS AT 4 A% 2 7 Bl “ 345 s h i —
ARHUSCEE 7 IXFhS KM o A R T (AT 55, AT 7 R R
ARHE T s [ P B AR A LG G P AT R SRR PO ORI B AR 17
PEASEAE RN HERAG BB KR A R, 5 &8 75 8 Rk
REAS X A B0y /DN BLERRE S AN [ 1 S0 . 498 B AT A
SRAE T 77 THI FAD 300 8 P A e s 288 o) R AT A 5 K s ], {F R 3
A8 10 s A ELRE 0 I FEAS o — MBS SRR B L7
Ml
4.4 ZHERANER

=Y 5 B T DU AL L R T T R A S
Wijmans E % N RIITE B & [ B AT 55 P s 45 50T AR TH8 g
PRIBERR RE 77 1) 2% >J 081, Wang Y % N HE 5 R AN LUK — 4B XL
R MR A 48Dy = 24 5 2 5000 o e R B v L b 00 7 v
JEEDOTY, TR £ 2 B T REAS RTE AR S A 2 7 L 2 R =
AT HSSFEAE T W2 M5 B (HR— 7 1 526 T 05 = 50 3R
Y BCAS RIS B2, PR T 70 PR R BT ASE 2B 76 60 T LD e oA {6 T R B
TFIIBEBHN N R R, AR R Sz R s A B
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