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Online Adaptation Through Meta-learning for Stereo Depth Estimation

ZHANG Zhen-Yu"** YANG Jian"*?

Abstract This work tackles the problem of online adaptation for stereo depth estimation, that consists in continu-
ously adapting a deep network to a target video recorded in an environment different from that of the source train-
ing set. To address this problem, we propose a novel online meta-learning model with adaptation (OMLA). Our pro-
posal is based on two main contributions. First, to reduce the domain-shift between source and target feature distri-
butions we introduce an online feature alignment procedure derived from batch normalization. Second, we devise a
meta-learning approach that exploits feature alignment for faster convergence in an online learning setting. Addi-
tionally, we propose a meta-pre-training algorithm in order to obtain initial network weights on the source dataset
which facilitate adaptation on future data streams. Experimentally, we show that both OMLA and meta-pre-train-
ing help the model to adapt faster to a new environment. Our proposal is evaluated on the KITTI dataset, where
we show that our method outperforms both algorithms trained on the target data in an offline setting and state-of-
the-art adaptation methods.
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Fig.1  The proposed meta-learning framework for
online stereo adaptation
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7 3 FRIR T4 F T T ST OO R EEAl TR i M A ik 1449

BAS BN ZHITE DL, AEAHSCHRAE T H0 % 2 I 254
BN Z. H%, BRI S #TI4)G, 7T LA3RkAS
XL BN ESiiE & By = (s, 02). 285, BB %G
PAUF R R AE B bR AR SR i it &L AE =0
W2, ¥k BRI B, = B,. 1E ¢ I Z, ¥ S6Hi
ZIM) BN it & By = (-1, 07,) MFEB. B
WRHER & m MR {2, -, 2, ) 53], WE 2
T Y FTE Z) BN g8 H 5 i e

m

1 & 1
fo = — > wio} = oo > (i — ju)? (1)
i=1 i=1
EENESE a; € R, LIt — 1 ZIFE B 5 1
Gt & By = (-1, o7 ,), W ¢ W2 H 5 K4t it
=N

pe = (1 — ag)pe—1 + agfiy
2
0'252 = (1—at)03_1+at%6? ( )
RN EE BRI YT RS EN R
SEAE. X% BN JZ45 @i\ o, Wi 46 H R E
it (3)

T= ’y\/of + €

Hrr, o 80N BN 2 HSH, e € R AW
R URFFBUERE. FL b, 38 o MRHES A
XIFEICHEE, HRE 1% BN JE1E N T 24 Hi i i)
FERE. PR, 530k [12] T Fah e IEAFRE,
AR e 207k H e RS S & B E a, 1,
L AP 5] 3 BN G vt & 508 FURFAE 20 A1 % 5%
NfEER W, £ FXH, o RANFTA BN 230 & 1)
HE.

2.2 TELTEIENEE

AT AP HR H BIAEZ o o) i MR R
H AR B AT IRV = (L}, BKEANT,
Horh Lot BRI EHE . UER BV AT
FELIE NN, A HE 1 3T S 80E .

BE L EERFIENEE

1. i #: OMLA (V = {I.}]_,, 60, ao, Bo, Mo, \*)

2. %f ¢ =0to T $UAT:

3. Dy, Big1 = @ ((6, at, Bt), It)

4. Ly=L(Dy, Ib)

5 If ¢t > 0then
6. At = Optimizer(Vy, | Lt, A*)
7 0¢+1 = Optimizer(Vg, Lt, At)
8 at+1 = Optimizer(Vgq, Lt, At)
9

CRIEL 041, argr, Bra, At

S5 1 B T PRI 21 ¢, W28 3 B
21 IRRA H LU B S 50 2 ) &L TR
b, e XM 24 0,, BN Giit & By, M4 S35
IRIUG 2 21 N, LA RIS SR N ST AN S
B e X LA 2R R, A BN 5N S
oo AEFRF. 5 3ATRRTEL BT Z, 45 € 200
BH0,, TNEURXT 1, WIT0n (IR B B R Dy =
(dy, d) = ®((04, as, By), I,). BeAb d; Fld, 7355 X
G S H EGX N RE R ERrmad g, &
AL EE 2.1 35 TP H IR I RRAE 70 A 6 55 L, B
Noay. Bt & B S T I ZIH . 54 17%
71N TRUI PR B TR R A 2K BR Y £( Dy, 1) AT VEA . 3
BE|F ) E N N 2R £, S E R, 7Rt
B Z1) B 40 58 RS, RO £ SRARET X Ny (RS
B, IR LA ST 3R N BEAT RGBT B R AT 3R A3 4 ¢
N ZIFH TR SE 3R N, LB RS 6 17
Fon. Hlk, FEET B 2% S HE S %
Ne—1 FHHTI 240826 £, 153 7 BHIES T 47T %)
s\ HTSECER. &5, 758 147 8 17,
FVESET A SR S 80, B & o, FEATEREE &
B S, B 2 2 3 S N AR A
Ji , ACA S DL A I %0 2 ST RN 0 DL A %)
1) H B R N B RS A T a0 2 1 S 8
SIER AT RS S A B A B T, B A
RUPUHE R T 4037 5. /£ OMLA d LW G, #
HHAZ 0041, ary1, Broo F A7

2.3 ETRFEINRETINGTE

N 2 e IO B TR S R R B [ i
V5, AR AL PRI 1 IO e B R 3R A AT XA
S PR ISR . BRI TRERLAE 422 5
PR, S AE AR T AR R, F4RIEH T OMLA
BOETEL R IE S5 NI — B 1, Bk
SR OMLA J7 ik A 7E — BU il i b
REATFELRE NI TR, AR 5 AR 415 A58 L E 12 AL AR
ki bR, ERHER RIS, B L, |/
VIR A S = ({1} o)) B N D KEN
T AT HURA B R a7 355 A L, O Ak ot 45 AR AT
J7 B ¥4 4 R AR T B, AELLE S B Af PR PP S 4007
B (A B AT DIRAT R 1. BV A T 0 A8
RURLUE 0, ff A3 A RS FEMLATUIR 1 3E4T ¢ 26 OMLA
TELR % S b R 5, A8 A SR M AT S0 A1K 1 453 2K iR 4,
IS, L((D, 0, ar), I) MEEAR. EERR,
0 % TELEAS FHARFAE 43 A5 %8 55 77 25 1D (R F A 009 55 B
SRS 2 AT IR SR 0 B D BRE 57 2 v
JER.



1450 H 3

(8

49 %

¥ i

Bk 2. BT 7T THORBTIIGS
Lol (e} iy 0 a0 By A Aeca

2. gradg = grady = grad, =0

3. Mk =1to KIAT:

4. 0%, ok, B5 NP = OMLA({IF}_y, 6, a, B, A, M)
5. M t=t+1t0T HAT:

6 Dy =@ ((6%, a*, B), IF)

7 Ly = L(Dy, It)

8 gradg+ = VoLt

9. grad,+ = VoLt

10. grady+ = VLt

11. X = Optimizer(grady, Ameta)
12. 6 = Optimizer(grady, Ameta)
13. a = Optimizer(grad,, Ameta)
14. IR [Hl: (6, a, N).

B2 R T AN B RS AR, A
{{IFYT o}, © S H K AMRURALR. AL KA
SR BEHLA S k3, B EARARE. 12551
VGRS B & MKYIESH0, 51 F N, BN 23]
B o MG EB. T6% T E Ao T EH 6, A Fla.
5 4 AT RRAHEEM R RN U 5, S
T 0, -, Wb, DLEEE 1 AT 7R LR R R,
RS TR 3E 1S T 4 TR, 58 & SRS, i %
F2J5 1T LA A5 B0 R 10 9 4% 2 80 0% B & oF, BN
G Br RIS 3] 26 Nk, Ak Sy A i L, AN LA
MUARHR 5 k Ron SR, B W R T AR, 75 SEhRiz it
i, RG0S TR 2 S5 AR SR i R BT
s . Rk, 7258 5 ~ 747, TEALMUR 4% 1) A SR it
(IE, .\, -, I8) FAPRRARETIACR. T 0%, o, B,
AE S VIR S0, a, B, A 3575, BIILTESS 8 ~ 10
AT AT THEL AR SRR £, BRI WG S EIRE B, IR
— 2. EREREHET K MBUR G, f£5 11 ~
1347, BRI Ao SRS 00, N Fla BE4TBA
JE R BRI T . X RO B AE T SR A& I
UE S EL, (A A AR R AR LR IE B G, 75 R R
ERBEBLT, B £, (HBAE. H 2 HR i R R
HATZ UG, M0, N Rl W FEBR YIS
¥, 76 FRRAU L 30k 4T 75 2238 I LA 3R 75 50 40F (O VR S
Tl TR

REAEHRE R

AT ELEFE VMBS 2 PER A W&
REEAGTE PR s . 5 Cik [9] A E 2, BLAL DL
MH B 1, I 95N 3RAG 0 B A ZE B dy, d,-
i L EL 4 f,, B ZE K d, WA BGE AL
SIS

2.4

jl = fw(Im dl) (4)

KRR, BT AR R 7 v A BUESR 1S 4 B A

EE LR, HE WA E EG S R R R ]

DA sz 28 FEE Tl FRD s S e 4 IR BR B PR £, FEL

R Ze A T g5 M AR (Structural similarity in-

dex, SSIM) M) H BEMIRZE Lsgia (Z WITHR [9]) AL
L=1-a)||l; - Ll + alssna(ly, ) +

(1 —a)||L, — L] + aLssma(lr, 1)  (5)

il FH B R 3 % ol BEAT U 25, AR R e NS T M B
HERTFIR LA T BE ), AT R N RE I B TE 7
TR FH.

3 tEHRSCIE

V& 75 AN FRE
1) fEZIE RNSCR IVl 71, R4 % > BlOdE B
AR AR S A e NS XS A
ML, ARS8 AT DR FE A TH AT S T . R R R Y
F, TESEIRH N T A B L PP A AR R FEAR R 3R
5 P 45 SR J5 LRI HEAT VPAG, AR e AT S .
TEREA A N TE R , TH B X Z A 1 1 35 2%
RUAVPAL B R E T2 A0 b B AR R I, [R5
J& 20% FATIL ) ~F- 35 250 SR AVP Al 452 Y 7 B Js B B
T OB sk,

2) PPALHEN. A SCR A S SCER (1, 9, 40] AH I
(PPl E DN 5 P o AR AT B VR FE LA 1B
FEH, di, di S BUNTER R i KR TN £ SRR
P FLAE, JUIPPA 7R DU 4 T

a) “FHEIMXTIRZE (Mean relative error, Abs
Rel): (332, ( di = d; 1)) /di;

b) “FH X RZE (Squared relative error, Sq
Rel): (3527, (1 ds — ds [2))/ds

c) #7712 (Root mean squared error, RMSE):
VoS - d);

d) X #3577 % (Mean squared logarithmic
error, RMSE,,): \/% Zf:l | log d; —logd; ||2;

e) UL ABMERTFEEE, Bl R KA 6 = max(di/dAi,
di/d;) < o7 WITIGE HE d; BT o5 Ee il 55 Sk (1) AR
[, Hd, =125 7€[1,2 3]

HIEESIHEBMET
AT DA B AT 81 ) E 307 A
PE NSO e, AR B B B AT TN k. BAI
S IR O B AR ISR FE, R8s E BT A

3.1

3.2



7 3 FRIR T4 F T T ST OO R EEAl TR i M A ik 1451

LR 38 N ANPEAL . BT O 0 R

1) SynthiaP® Jy—AN3 7 25 3037 5 1) A R
FE. HALE 5 ARG FZET N H AT, A
SCAE B PR ZE DA B 3RS Skt 1A
AL, SRS 4000 XX H BMG, FRTE %5 Eidk T
IR L.

2) Scene Flow Driving!"! A— NS5 5 1 &
FRAR AR P . AL 5 AN R A AL 8 42T AT
Y ). A SCIE RS A AT R BT A
3£ 2000 *F X H KE14&.

3) KITTIM NELSEAT 4 S 8 e . Ak
SCHER (1] $RAE T (fAIFR Eigen T-48) A H Frisi3L
i ZTHRAE 32 MAFMINGS 50L& 28 MA
5] R 3 5. S A DL 28 AN A0 AR AT 7 28
i N AP

ASLLL Pytorch!™ ~F- & 38 J7i%:, LA—H Nivi-
dia P40 GPU BHAT IR, 52K, S M
SRS RZEEE BN 20 DU TRE 2
AT F5. 15 A BEE S L B gad R R, B e
104 % S BT 100 A ISR, S8 )5 R 5
%2 34T 10 MR TGO 2. eAb % E N =
1074, Apeta = 1075, K =8, MUK E T =38, ¢/ =5.
7 B bR 7E 28 3E B FE AR A OMLA 532
(RIEYE 1), JU¥ I REE NN =107, $R-IEH Fi
X5 VEANAE Gm S I 25 1) BN 2 W 31T, BT 1l
AR B A Adam b asi,

3.3 SLERSHHR

BOLHRASCIE
N T UEA SRR A U, AL RAE
I E IR FEAG THAEZE (FESCHR [9] iR i) BdEAT 5
EIHRL LS. A PR, RAEZHE R ] 1R
DN HEREEAS T T M S H i, BB S AE STk [9-10]
TR X H IR BEAG . BRI U, BT R AR

3.3.1

¥J1E Synthia 4 Et AT HOUIZE, I HAE Eigen
TR AN b AT 78 23 AN TE AL . BN
BT 5 B BT AL R, BPE M Synthia £ 42 Fil
YIZEA5 B IWTUE N 28 ZHOT IR AR S IE BT FE . 2%
(R RAT 53 8 PG R B~ 35945 45

MHRF RIS RAER 1 PR, Hd, B
VRN F — FBOBh B T Bk I AR 20 AR, 7
AL AT N FF R U 28 2.1 b o7k, BR
FHFEAE DT VR AT AE B0 LAY . bR Tl 25 07 7%
FORAMEE 2.3 Wrhon TN g7 %, AR — %
W7 RIS, 1 e ] DL SR B ASfd FH Fiti)ll 25
I FR B AR ME DL B4 AE B AR AR b HUAS A A
ERVRCR, Tl R VX R ST AE S
PR 3R B T AR VRS RN B8 O TR A7 AR 35
HRn o PR AR EE T YA A
RRFIE AR 55 e, HACRA BT, X%
AH L R A% 0 7 T Ak 3 7 420 B T R R R S 5 1
AL AT OMLA Bk s Jalt— D4 . I, i
R T TR G T7E AE AY , FLAE 20 38 B U R 38 1A
FHFRE TN 255 v 2 X e gk BB 7 AR oT
= ) BRI U
3.3.2  AEMEIREFN¥HE FERY LI

R TP IS UE AR ST VE A S, AT
1E 3 PPN ZSAESE T HEAT X LESESS 4374 DispNet!",
MADNet" f1 ResNet!”. 546 3 B L 1 3 Wk %
A OMLA + JeTRIZREIE I 25, Hop i 732
TEPRI AT bR T 2Rt 72 [FIE, A T 3RE A
SCOTVRAEAN A0 FE )38 & e, A5 90 7 4 Syn-
thia 1 Scene Flow Driving 4 & _F3E47 Fiilll 25 LA
PR, MRS IR 85 AR 2 R . WTLLEH,
TERNM AR OMLA S HE 1 I B 42
Fh. XAUER] T AR IEAE /NN 4% (41 DispNet il
MADNet) H5ReHAF R 808 . £ EdEE |
OMLA FEs5 ok 73T, UEBH 1 ALK 22 1) 1)

# 1  KITTI Eigen WA ASFEH RS (GOFA 50 m 2 NEGIREE AL TH AR )

Table 1  Ablation study on KITTI Eigen test set (the results are evaluated within 50 m)
15y A 20% WiF4155)
Tk TRIZET5 2
RMSE  AbsRel  Sq Rel RMSE),, RMSE  AbsRel  SqRel RMSE),

Syl )y v x 12.2012 0.4357 5.5672 1.3598 12.2874 0.4452 5.5213 1.3426
Bk 9.0518 0.2499 3.2901 0.9503 9.0309 0.2512 3.3104 0.9495
WAELFHAE AR T ARETRIN 575 3.6135 0.1250 0.6972 0.2041 3.5857 0.1031 0.6887 0.1910
OMLA 5% 3.5027 0.0923 0.6611 0.1896 3.3986 0.0882 0.6579 0.1735
Bk 8.8230 0.2305 3.0578 0.9324 8.7061 0.2273 2.9804 0.9065
AAELRAFAE 53 AR 55 TN 3.5043 0.0950 0.6627 0.1992 3.4831 0.0896 0.6545 0.1921
OMLA #3: 3.4051 0.0864 0.6256 0.1852 3.3803 0.0798 0.6176 0.1801
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Table 2 Comparison on different network architectures and datasets
i = Wiill%T Synthial! Wiill%T Scene Flow Driving!"! ‘
R 2% 170 5k WHHEZE (/)
RMSE AbsRel SqRel  RMSE, RMSE AbsRel SqRel  RMSE,,
ResNet FEWE T 9.0518 0.2499 3.2901 0.8577 9.0893 0.2602 3.3896 0.8901 5.06
esNet!

OMLA + jtHilgk  3.4051 0.0864 0.6256 0.1852 4.0573 0.1231 1.1532 0.1985 3.40

MADNet! FEHETT V% 8.8650  0.2684  3.1503 0.8233 8.9823 0.2790 3.3021 0.8350 12.05
/ et

OMLA + gk 4.0236 0.1756 1.1825 0.2501 4.2179 0.1883 1.2761 0.2523 9.56

" e T 9.0222 0.2710  4.3281 0.9452 9.1587 0.2805 4.3590 0.9528 5.42
DispNet!"

wpe OMLA + Jtfilgk  4.5201 0.2396 1.3104 0.2503 4.6314 0.2457 1.3541 0.2516 4.00

Weid Pk, 2% 2 i [F I LU 7 SRE S AT IR ), DA
A (Wi/s) JFER. AT LLEF], OMLA Bk T/
BLAAMEIRS BE Rl AR 7R, BRLAE b T B v,
W R A T KL 20%. SR, 25 R8BI B 1 R0R
PEFt, ZISAT I (]S T DB 2 1.
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B (EPFIF E A DI 2R A ) [ 78 2838 B 4%
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PRI SGE: 1) 78 B brig B AT 75 24258 B AN 5
W15 2) 16 B Awsk DU 7 VAT 7 2R 58 N AR B
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XU R P A TH AT A PR TE 280 B 7 V. A DR IR
1E% 3 ER, B OMLA+ CTRIIZ IvE4h, HA
RS S5R AR e TN 25 75 1. v DA B, BT
H AR AT T S, 31 7 v JE v o 7E 2R3 oL
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FWE, Wk W RAE TASONERRCR. LRSS
R, RS TUAEYI 2R3 R A MR B2 figh LS A 57
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Table 3 ~ Comparison with ideal models and state-of-the-art method (Results are only evaluated within 50 m)
DX 245 5 1Y TELRIE Bk T ik RMSE Abs Rel Sq Rel RMSE, a>1.25 a > 1.252 a > 1.25%
o H brisk 3.6975 0.0983 1.1720 0.1923 0.9166 0.9580 0.9778
ResNet FeE Tk H brig 3.4359 0.0850 0.6547 0.1856 0.9203 0.9612 0.9886
L2A™ PRIk 3.5030 0.0913 0.6522 0.1840 0.9170 0.9611 0.9882
OMLA -+ G %k b8 3.4051 0.0864 0.6256 0.1852 0.9170 0.9623 0.9901
I ER7RCY 3.8965 0.1793 1.2369 0.2457 0.9147 0.9601 0.9790
MADNet FAEITE SR e 3.9023 0.1760 1.1902 0.2469 0.9233 0.9652 0.9813
L2A% i 4.1506 0.1788 1.1935 0.2533 0.9131 0.9443 0.9786
OMLA +7u il 2k by 4.0236 0.1756 1.1825 0.2501 0.9022 0.9658 0.9842
x H F7is 4.5210 0.2433 1.2801 0.2490 0.9126 0.9472 0.9730
Sy H 78, 4.5327 0.2368 1.2853 0.2506 0.9178 0.9600 0.9725
DispNet’™ L2AW s, 46217 02410 12002 02593 0.9062 0.9513 0.9688
OMLA-+ 7T %5 eI, 4.5201 0.2396 1.3104 0.2503 0.9085 0.9460 0.9613
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Fig.3

Performance on three different videos of KITTI Eigen test (We illustrated

predictions of initial, medium, and last frames)
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