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Recent Advances in Vision-and-language Navigation
SIMA Shuang-Lin“?> HUANG Yan"? HE Ke-Ji' AN Dong’ YUAN Hui’ WANG Liang"***?5

Abstract Vision-and-language navigation means that an agent in an unknown environment, starting from a start-
ing location, dynamically generates a series of actions by making analysis with language instructions and the visual
environment, and finally navigates to the goal location. And due to the widespread application prospect, in recent
years, it has received increasing attention from researchers especially in multi-modal research. It is different from
traditional multi-modal tasks such as vision question answer and image captioning, vision-and-language navigation
is more challenging in terms of dynamic reasoning and multi-modal fusion. However, with the limitations of imita-
tion learning and the phenomenon of data scarcity, the model is faced with the problem of insufficient generaliza-
tion. In this paper, we review the current advances in the research of vision-and-language navigation. Firstly, we
briefly introduce data sets in visual-and-language navigation. Then, we comprehensively introduce the representat-
ive models in vision-and-language navigation, including data augmentation, search strategies, training methods and
action spaces. Finally, from the experiments under different data sets, we analyze the advantages and disadvant-
ages of the existing models, and prospect some future and possible research directions.

Key words Vision-and-language navigation, vision-and-language comprehension, cross-modal matching, embodied
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Table 1  The comparison of different datasets in vision-and-language navigation
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RIFgEG], ERR SRS, wa i E s R T 5
MUK, SR 5 Jm 50 i) 4 422 52 S R FF A2 IR )
BIER T8 AT S5

T TE Rk = [ FR e s VE == e, LA
I EH R VEA AR R AR B Bl Jo PR RE T 1Y
JREAL SCHR [33] X LAME RS Al G 07 A4t TR,
U LA (1A TR 398 0 s Y i S 6 DA IE RICR
T ER A RS S S, Zha M 3 H B
HEFE F B (Auxiliary reasoning navigation,
AuxRN). &R VAN BT S5 SRR Al
TEak B T R — SR VR A, KPR Y
PIHERE AN A S BN I RE J0. BT 48 2 a5 B 22 7 Al
F84 HRIE SURORT A IA) 8, Xia 25190 2 AR [F) B2 )
14, Kbk HEMAAR, ZIRmEAM
ARERARRE ). FEALOIE S SR, BESRIPELR
FEA RS I e S (5 B, 2 fs B s
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e,
AR

) ERURR A AL 5 §

HAANFERIR R, #E— DRI PERE, Jf i
B SIS R IAE A R R 3 4 22 1) AR R 7 32X
A R

ETINEHZNMRIES SARE

L8 5 MU S5 s P s A & 3]
Ao WAL ). I 22 )2 il R2R 4L
P8 B B L R AR bRV B, A SIS B — MR
Y I PN AN T BRI R AR 41 T R AL
o)A TE F RN S B A SR AR
AR, B RERAE T AR W% R BRI B AT 4y
BT RR S A5, S8 Ot AR 1R 22 Jil ok B, A0 2 2 B
1) 22 36 S0 VRS FH 21 F AT 55 vh, AN gk AT 15
PUIA 31| 58 AL 18 5 FHUE S5 I B . R X Ty
EIA SES BR AT B 5600, (H2 & A 1R BR PR
Pl R oK. BN AR SR TT R R IR $R BT T
RN IBIEFE, 24 Fi T 2R A58 RS a8 i R AR 24
Wk, XIS S SAR R 2. i
XS AE G I 2R R RN T A T R T A4
2.4.1 ETEREIGHNIIES SRR

T R2R a4t 7 2% ik4e, Ml ILic
TR BN AE 7 AT A B PR 42, BT TR & ST
ERZ KRR =5 2772 STk 1) 5T
TR IHLHIE LSTM 5751 3 7 58 (Sequence-
to-sequence, seq2seq) !, JrghE “HAEH Y
WIGRTT i, KT 56101 7341 R FH B S A 2710 Tl
TR, XRAIIAGAT B — R R RL TV, T
VRS S U AR R R B, 2 ST bR B RS R
ZACBIR IR . AR TN TR A
T, RIRERAR IR ANE B R AL R R S
N T ARFHEAS AT WIREE FIRZAGRE ), Wang
SN SR AT A Ak MR (Reinforced planning
ahead, RPA) M) 757725, R B I O R 5 11571 g o
SR A, KRB S T SRR
RIFI RIS AL 7E R2R £ 46 HHUS T AR AL
R BRI EEFER TR 2 BN A ) U, v
Wang 555 2 — M 5 BB 5 2 177, it
Wk, BRetRnT DIRYE Ak, 22 %
AT RE R BHZE . AR F B £ DG IC PR 0328 4 B 1T %
FEARACPIE A2 . SCRR [17] St DUAE R 71, 1R
HORHASLT 2% 2] RN AL 22 ST R R 25 B AR R — Mk
BRI, FE AT B 5 20 1 07 AT B I R R A A A
JHFR (Environmental dropout, Envdrop), 4354
T YNGR B AN AR AR RS . IX Fh 7 iR A5
Rz ARy — B4 T, WKl 6 Fros, #4055 2]
SRS 2] 456 W 5 i I 456 AP 22 =) SRS 14

2.4

FIRE
AT 5 2 : s B

? @Jﬂ:gé | %%%Z?}J 'ﬂE :‘

K6 Rl Al IR 22 2] il AR

The mixture of reinforcement learning and

Fig.6

imitation learning

#, BEE A MR B I 1 BE. Wang 551 X T+
AT 27 > R R RARAT s Ak 27 ) vh B 2R e v AR
i @, SR A 28R 7 Vb i A SRR
KAih 22 I8 (Soft expert reward learning,
SERL). H A, it 5 B L KM Pu )
R R R, A A PR B L e A —
HIa) H A B 5. 0N RALE 21777 BRI BEA
THTEAR S, AW AR Ak 7 25 5w

FEREIE T ST, AR <2t 5
I GRIEME IR B, A& 52 A B A2 P H1 I — R IR &R
EATE F SA I E T, RS, IFE
KB REAE R 1 R, B DS s A il A 2
e e e Y= el - W (X i e e K [
th, AR T — R, <t T 177
THARIRAT E K. (H A P AR LE R 2217 ) 7] R
—HMIRZE, M FHORE RiHRZE, 2
IERARRER. BEXF AR E 5 5N W ZE T )R, SRR [9]
Feth TET A | IR 5 ), ORISR AR
LW B N T R RIEME RIS, Li P
URAEHRET7 b A5 2 R, SR BNV R AR 77
3 EAARH, TS5 R A7 e S i BE AL
R — PR EMRE DT 2, (R ORIER A <o
AR RS RO H, BET1F ] — MR
i Z2 55N B Bl RE 77 2.

H A, 18 2 TRl 85 & 1807 5 ) Asiadl 2 >
177, IS 7RO Re IR T, B ) ) 2
Wz E, TR S ) R AN B R S, A
REARTT LR R IA BN THZ A RE 7). T fe 50 47 ik
FERIH N G, 24 MR A2 AL RE T —
AR
2.4.2  BETARKIEFTNGHMZIES SRS

AR, BIFFEN SUAE e B2 T e Aok AN AT I
IEEHZ A RE T BT T AD2R, BAE TR R
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S 49 %

e HE 3G 9 A o BT AR ARG o0 R A5 7 20 S
I ZRBE B B2 HURFE (19 7 X 28 B B & Fi AT 55
AT DA ot 3R T R AR S5 v Re. SZUb A Kk, BT
FN R 7 EMIE T A B g,
DL Rz AL BE ST A I TR . B %%, SCHR [52] 3
7 {# ] Bidirectional encoder representations from
transformers (BERT)P S5 KR Pl Il 251 5 ALY,
KFEE TR AFRIL. Hao 50 $i th A1 H — P A (1) 7t
YIGEMHIE S MR REIR (Pre-trained vision-and-
language based navigator, PREVALENT), J£#
H EUE—1E & - (S B R AT I k. S5k W #i
YIRS TR 2 AL R IR G 5 Bh. Ja ok
Huang %" /£ PREVALENT [%&at E, 4 S4;
LT VR IRAC TN ALY ) S5 & SR [56]
g LAY AT DL ST B 2 HTE B AR, SRS m R
PR, BbAh, Hong %607 #& i Recurrent vision-
and-language bert for navigation (RecBERT). iX
AN BERT BEA, $5 e i (7] 80528 5 6
B, AR R IR LE FE 115 B % RecBERT
AR S B R KM@, Chen 55V 42 H His-
tory-aware multi-modal transformer (HAMT), ¥
SEEE I ) AR B A R A, BT TR AL I 2
Wi 778, BRARTT SR A B SR 45 B 7 A FH 7
IZRIIE 5 B 2 il £ AT WA BT AAS W] WEAEE )
SRR Z L 76% F1 66%, ST LIRS 5T
BRI ET R %N 60%. 13— HuiiE B TiI 2R A
BRI DA B 2 A e

PR TAE G RT7 1%, PG 5N T #isk
RENIR RIS, ML TE & SRR K52 T 17 2
TE PR g e RO P R A 5 K WA Bl & B8 0, 404 il

YIGRE R O 22 N 518 = 5 R 2Y ) B2 B RIT 7%
J7 1A
3 MRIESSMAZERSSE S

2 WM 3 FEAY T MAIE S SRS
PEAEAN Y /T F B A 5, AR E S S
MUIPEAN FB bR b AT A 41, FF454 R2R ik 4.
RAR FHEEEA RxR F a4 XT L A A0 3 1 5 30
(sl

3.1

ok

MIEE S FAMBIHN HEFR
T AR B PEA], PR R bR A B
TEH, Je i S Ve R (0 S B M b . BB AW 15
TSNS KR, BB AL PPN Ta bR AH R B 12 L
X2 45 TR F SNUES KT 4R, B
& SCHITHR A NS 3.2 RLAEIE 5 S AR Y
PERE LL R FR AL TS B . A5 15 5 SHUIVEN $8 A5 AL
KIEFMUK I % (Success rate, SR) FlEE K B
(Path length, PL), 1] H. 7 2 i % o g 25
TEANFE A 2 18] () — BOVERR FE 1EAT AH L 1) P B v Al
P RK NG H BT O R R, Hh R T
AR IR R D) % (Success weighted by path
length, SPL) 1) 3= B AR K 1 D 28 B A7 K BE
HACH, RATE FHRLFR. B EE S S
BUH H A5 2 R AT RE A = 2 T R AT AU BT
RIFAG AL PERE. (HE AR 2 5 B D) B8 H A5
RrE, T 2NE I R AR 022 AL I — SO ) L
Je S5 TTAE TR A BN 7 o 70 % (Coverage
weighted by length score, CLS)"™ 1% T ghZS i} (1]
FREE IR T % (Success rate weighted normal-

® 2 PEE T SHULS TR R AR
Table 2 The metrics of vision-and-language navigation

Wb X A

B LA L 711 G A AL K ggjwhvwﬂ

SR IS 24 1 5 3 24 O T d(we, ve)

AT O o 1 595 2B 5 B 20 0 LB 4 [ (i, d(oi, w0 ) < dun]

R 1 i B 5 BB o 5 BB R AT 3 KA HNE(w, v.) < don]
SET BRI SET B KDL A SR(vt, ve) -
IO B HIRE T B 2 0 T L A K PC (P, ) LS (P, )

S T B T LA DAL Ty %

H FSC ) FINASL I TR A 0 225 R AR (A ) 22 AR AU

min >3, Ewd(Tik’qjk)
SR(ve, v.) - exp (_wGW (ik>dn)

[R] - din




1 ) ERURR A WL T AT T 9

ized dynamic time warping, SDTW)® B/NFEAN i
b, FER RS —BUER . KR
()78 o5 7 B h A I 7 B8 12 B 55 % (Path cover-
age, PC) MK E 7021 (Length score, LS). #%
BB &EFFRNEGSHBRMN B, HitHEARX
wr:

PC(P, R) = ﬁ D exp (_D(th) (1)

Arp, RAGERE MR, PHESHRRE, r AW
BARMI AL B AR R, do, REBIEIEE. PC(P, R)
B P v B PR B AR R R T AR P 2 O 2 T
PRI B8 A A0 2525 B A 1 — BUME R, RE TSR A A
TR AR, 7 5 225 AR K — B T
S E A N S/NSA WS

EPL(P, R) = PC(P, R) - PL(R) (2)
B EPL(P, R)
LS(P, R) = EPL(P, R) + |[EPL(P, R) — PL(P)]|
(3)

X, EPL(P, R) &= SAURAAIN TS H WA HE
SEVEEIFAEEE, PL(V) RREEKE, PC(P, R)
FRBAEEER. LS(P, R) VAT E N HE KT
#3755 SDTW &0 Tl 6 48 F1 2 2% B AR AE I 25 AH AR
P BRI, HRAUR R — B S
5 3.2 TR EEAS [ 4 T BRI TR S0
R gE sk DL S BV PR bR BRI T L AT

3.2 MBS SAREBHXIEL

3K 4 pAlJER T A FEBIAE R2R £
A RAR Hi 45 I, FE 40 B = BPEA 45 b 1 52
IGEE IR MR 5 DAAS R AL 1) 32 EAHT ok R o 45
HT7vk, BRI O, SR shE 2 AR 2k
TEAANT . F 5 “ V7 ERIE TR 204
BETT ), TR AN & T 56 B 43 2R ) st 7 ).

H% 3 FIEE 5 Al A, Bl & 51 N B 1 5 ofn o gt
SRS 2 )5, £ R2R BE4E b, AiiE = SHE
) SR A SPL, #E LA 2] T AT, X
R [13] $2 H 1 4 s s 1 25 Ta) TR 2ORD B i 38 0 7 v
RN T SR P R R, R TR IR
FE. [EI SCER [17] 76 3D 3R B b A stk 2 S
RS 2 S I 07 3, N Ja SER St 7555
B ORI 2 B LR = ST S IR
JRA R L. AN, BOHTE A R BT SR A
BERT Al Transformer AU # ge Ak 2] 2 2 f
RO s, of LAt — P4 St Re. E(ER — 12
(52, TR AT (R It 1) RN B BAS A B Bk

#* 3 fE R2R MABURAE LML TE & SMUTEX L
Table 3
navigation methods on the R2R test dataset

The comparison of vision-and-language

D BRABICEE (OK) SR (%) SPL (%)
seq2seq!! 8.13 20.0 18.0
RPAM 9.15 25 23.0
SF 14.82 35 28.0
SMNAF! 18.04 48 35
PTA™ 10.17 40.0 36.0
RCMF 11.97 43.0 38.0
Regretful® 13.69 48.0 40.0
FAST® 22.08 54.0 41.0
EGP™ — 53.0 42.0
PRESS? 10.77 49.0 45.0
SSMP 22.10 61.0 46.0
Envdrop!"”) 11.66 51.0 47.0
SERL™! — 53.0 49.0
OAAMP 10.40 53.0 50.0
AuxRNH — 55.0 51.0
PREVALENT" 10.51 54.0 51.0
RelGraph®" 10.29 55.0 52.0
RecBERT 12.35 63.0 57.0
HAMT® 12.27 65.0 60.0

4 A RAR WHE 4 L RLIEIE 5 ST H
Table 4
navigation methods on the R4R test dataset

The comparison of vision-and-language

T3 SR (%) CLS (%) SDTW (%)
seq2seq!! 25.7 20.7 9.0
SF! 23.8 29.6 9.2
FAST® 36.2 34.0 15.5
Envdrop!” 29.0 34.0 9.0
Regretful® 30.1 34.1 13.5
RCME 29.0 35.0 13.0
PTAM 27.0 35.0 8.0
OAAMP 31.0 40.0 11.0
RelGraph®" 36.0 41.0 34.0
EGP® 30.0 44.0 18.0
RecBERT!" 43.6 51.4 29.9
SSMP 32.0 53.0 19.0
HAMTH 44.6 57.7 31.8

U] R AT REM B AR TS A, BEih — MR E AR
TR ARAR R DRI 1
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Table 5 The comparison of different improvements in LI FH U T R A SR 2K R . R T B
ision-and-lan navigation . \ R . ’ .
e KBLSKIORUH & L. SAURRS IR ) 7
ke e e snew VUSRS SRR K. BEERT RN, B
Seq2seq! — — — N 20.0 25.7 }\ﬁflg‘ﬁﬁﬁlﬁ&)\EUE)ﬂﬁjgﬁﬂ; E@1&é&ﬁ3ﬁ5§|'ﬂ, ﬂ:
RPAM _ . _ 4 %0 - W T TT IR) . AN, Bl A ORI TR 2R A58 1Y )
P 8 Y Lo e s 2 e T DN
. LS, IS AR R, T A 5e s 2
SMNA®Y -y = 48.0 - IR T
[23] > H ’ \
Regethl 2 80 HH 3 ~ 5 AT A1, BEA 5Pl RE D7 L R
FASTH N 540 ML vE 5 ST & R SN 2 ol AU AR
PTAR —  — 4 — 400 240 RAE & DA Fabr A BRI T, HEH AR A
PRESS™ — — —y 190 290 o mt 57 Im _EAAR R TR 2 A OSHE.
RCM®™ - v = 43.0 29.0 4 kR
Envdrop!’ N — — N 51.0 —
e VLB 25 AR 4R B T 2
' WEFLITIA], —Z8 42 A 52 B KR 70 N D11 50 TE.
OAAM™ o580 810 BEAE BT TE R AR N, A58 1 5 S AUE SHURT) &
PREVALENT®  —  — — 4 540 - FzAkge ) b, #ASE] T BRI, TN iE
EGP — vy — 530 302 o e E 5 0 B, AR ECHT IR BRI AT
SSMES N - TERTRY M B P THRAE B, (B R AR Rz A RE
o e e ELBLATLS SIABUIGHE. S UERN, BERLA R

AFETF R2R BIEER FEIF N FRFR, R4R %L
PR AR K (B, By 8 e A R ) — B
FREE. R, R4AR #dE4Ef CLS M1 SDTW /N &
EVENFa bR, R 4 FI5R 5 AT A1, £ SRURIIR T
PR FERR b, RAR Fida4E 2 B BAK T R2R Fida4k.
X AKIELS I, SHPERE K. HE 4
AJ 4, 72 CLS A1 SDTW I, #B R B I+ A R
NG 3 B R B i v 2 5 2158 H bR
B, 2T A5 ML — S0t R AL
T T BRARINBLI N A R R, (HIX A RE
RUE MBI 5184 WA — 3. Fitk, #F7 N RF
GREE ) TR A A TR O 7T, B BT DI K AR
A X G R ) — B 1) R T — R B B AT
BATAT LUK DL E AR A T — S A, 7
B AR bR LA — e M RE ST, DRk, ander e
U MR 8 25 B B, 2 MiE S A
(PS5 AEr-N

HEE 5 H RS L aT LA e ik 3 B
FUMBS S S R AL o) (R 3%, (BBEARR I AL
B 5 Hi e 184 558 DA S ABLAT 2 ) RS2 2] (R 45 5 % 7

AL 3 T7 3, P R A B SO 5 A
[ P AL ) S5 B T B, X e T R SR TR 2
WEETT, BBV EAR I PERE.

B2, HATAa — L ) R A i ok 1) 7TR
) — 287535, R3] T HIAET & MU SR R
. AR B AE 22 18] 2 v 2 s A 25 1A i e 4, SR
BORERITT A, fife 7 MU RE. R %51 1
PERER I NAE IR, (HBE BBk, B LB
R BB SEIA ST . T I B S st AR Y
S BLSERI N R, X/ EALETE 5 AT TR
O S PR (A b RE O T
BB I 5 SR, (HR L SHEAIFA
BAH. RIS TE 5 SALH E A S RSN AR,
BBl B ATE LIRS ZR e, 2) A5
B RIS 5 AR AL & A 2 R R g
FAAEARAE . TEHARA AR S TR R AR,
FEARIE B R AR, AR B ROt R 2 S
BR. BT, KBTI SR n] LS b s Y 2
BASE S, M AR PERERIL. (B2 TR RE
TIAS AN ALK, IO SETE 5 AT AR
HEAOHT IR T RS 22 A A A5 B 2 ST B AT, 47
AIRKI K 18], 3) AEMETE 5 FAVUES T, 2
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TEIL S 5o 1 ST FR A B AL, Tk
fa] HL 1 TE 1) R R B, B RTAS B TN DR SR
N B a7 (8] AL e 15 5 AU 9T, BPPEAR BN
AT, FEehad — KA EERIZIE, 56
1B = SHUES:. 24H7 Habitat “F & #1 iGibson ‘P&
FRSCHFIELL R . B se k] DLdE i IR BB E 58 ik
S, X UL S N B SE g R R T 2 p ]
Rtk HLAh, T Z2ESESKMAR R 24 Hlds
AN AR RE 71 22 F 80K, BTEL BERT 28 Wil 2k
BRI 5N, N ReRE ML FE RSN iR, A B
THARBSE B MBS R MM E. SRSz, Wi
EE SNSRI IR, BLAEHE SR
HCH T R 7, AR SR IE A TR A (1 2% 27

5 #ERIB

MUGETE 5 AU — P 2 BSEARAE 55, FEARK
BRER B IRIR FRE S T AR AT BN
iR AR SCVEN A T AL = S USSR M
R, EHN T # A LR EAT TR ZE A, R
JER PRI RLZ A RE ST BT IRBEAT T 4RR, R
FERAZS I BB 52 BS540 e 7 3 DU R A R SR s
I ZR 75 AN TRN R A 2 Al B S mgs . S LB &5
PSS UL RIAT 1 DU ) KR, (H2 Rl F 7T
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