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ABSTRACT

Domain Adaptation and Scene Reconstruction under the

Unsupervised Learning Paradigm
Rundong Luo (Computer Science and Technology)
Supervised by Professor Jiaying Liu

ABSTRACT

Unsupervised learning is one of the main paradigms in machine learning, re-
ferring to model training that does not rely on labeled data. Instead, it learns rep-
resentations by discovering the intrinsic structures and relationships within data. In
many machine learning tasks, the methods and theories of unsupervised learning
play a critical role, and its value becomes even more prominent when the cost of
data labeling is high or labeling is difficult. This paper focuses on low-light high-
level vision tasks and 3D object discovery and scene reconstruction tasks under
the unsupervised learning paradigm, i.e., how to improve model performance on
low-light data through unsupervised learning, and how to extract object-centric 3D
scene representations from single images. The major contributions of this work are

as follows:

1. Regarding the problem of enhancing deep neural networks’ performance on
nighttime scenarios, this work proposes a “similarity min-max” framework
that does not require access to target domain (i.e., nighttime domain) data,
involving two levels. The framework generates a synthetic nighttime do-
main that shares the minimum similarity to daytime domain features at the
image level; at the model level, it achieves day-night domain adaptation by
maximizing the feature similarity of images from the two domains. Com-
bined with this framework, this paper also proposes a stable training process,
including an exposure-guided illumination adjustment module at the image

level and feature alignment of images from day and night domains through
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multi-task contrastive learning at the model level. Experimental results show
that the proposed method can achieve day-night adaptation without access-
ing real nighttime images and significantly improve performance on multiple

nighttime high-level vision tasks.

2. Regarding the problem of 3D object discovery and scene reconstruction from
single images, this paper proposes an “unsupervised discovery of object-centric
neural field” (uOCF) framework. Although existing research has made progress
in unsupervised 3D object discovery on simple synthetic images, difficulties
arise when attempting to generalize these approaches to complex real-world
scenes with complex backgrounds and diverse object types. The limitation
lies in their object representations: they represent each object in the viewer’s
frame, entangling intrinsic object attributes such as shape and appearance
with extrinsic properties such as the object’s 3D location. Unlike existing
methods, this research focuses on learning the intrinsics of objects and mod-
els the extrinsics separately. By decoupling the object’s intrinsic properties
from its external attributes, this method significantly improves the model’s
generalizability in complex scenes, allowing models to learn object-centric
scene representations with high fidelity from sparse real-world images and
supports applications like scene manipulation. More importantly, this method
demonstrates the zero-shot generalization ability to identify and reconstruct
objects from real images, thereby offering new perspectives and possibilities

for research in scene understanding and 3D modeling.

Key Words: Unsupervised Learning, Domain Adaptation, Object Discovery,

Scene Reconstruction
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€] 2.3 YOLO-in-the-Dark [13] *J: T HITRZE B ARG A 2 1 2507 %

STRHGE, SRR OE AR I A ARE . BUATII S, MAET fE%
B2 55 S 4L BRI AR (image signal processing, ISP) thGZHUAMET, kIt
WIEREIGIR ) RGB PG %, i3I 161 ISP 1k BRI RAW S 2t FE WG
SRR IR RGB IR, BURIIZERT, MAET R T 2L 40, 1)
AL R 55 BRI, SRS G o R ST 28, A2
SEHEHI KN 15 B2 T4 . T AT 45 B W3 FE 412, MAET
T T IESE VAR E WA LA , TR AR )£ 95 460 12 2 T TE 5
MAET E 4] DA 2 #9146 2 FRRR IR b, I 2 B 10 M 3T

FF AT 30 51, DANNet [49] SR JHRHILE 5T A AEHIT , 58 T 1
Yo BOBRIE RO RS FIR, QI 245775 . DANNet H9{E 55 b
AR AL AL A R BRI SR Cityscapes FERSEI I A AR, 1
JEHIRE ISR Dark Zurich 4(3E4E, HL Dark Zurich R4EE A1 T Tobis

12



FE ENAMIR IR TAER

AT GPS JC 5% A5 B R EOH 75 19 H K- 61 L K- R Bkt pEFe 142
HEJEREIZ Cityscapes 1i#4 %! Dark Zurich H17) 5 R E s, 8 J5K-7E Dark
Zurich FRE R ERIFTEAL T Dark Zurich B [ 2 19 D r s WS R, 1
TN RS R, A, DANNet R H Tﬂi;’%—?—m B S RIM 45, ik
A TSR XPiAe ) . A BRI RN . R M ZEL AN [RGB
g T—5, 1k S EIM 2 IR gﬁﬂ:ﬁim S ) 45 T e A s 1)
IRTAE T, FIr R I 4 R 8 ok E JieGh 2 B Anie. /MR AR
Ay R T ERANX A S, EA TR IR SR

PRy Lliyhl

2 L; ight

4] 2.4 DANNet [49] AR HE L

RelightNet

Semantic
—leulir IIII Se; 5nl':l tal l

[:] Discriminators

.
:' Weight-Sharing
.

——| D,

FEXFEMATLSS, Wang S5 NS 1 —BhBH3T 2= ALE Y ] 2 o) 4%
SR SACC [11]. X — AR 32 1 ESTAIBLI B R B e A, RSE IR I3 i
DHRERA NI £, S alad B R R S B — M. BEAh, A T E A LA
SR IR, WP 18T 7 — MR R A B IR, JoREdr
SEALS AR R . X — AR RN SR T A L R E, A T — ik
e B IO B ORI AEZE, N [11] Frs.

BEAh, —2E RS TAEt R 7O IR BRI R [50] &R EEAG T [S1],
RGBT [52] S54E55

13



JERUREEARL A Bl i 5L

Norml Ligh
§ ='.__ 8 Feature | e I
Deep Concave v 7 i;* G .M Extractor ea 1

Curve 3

%e Ve
WEm Curve = Integral i Feature
. 2 — mm c 8 sw — a Bl a Head — l:,_
e Predictor C i — 1D Conv e Extractor

] 2.5 SACC [11] fyn] =7 ~] BT il 28 5 B BRI ZRHE S

223 ERFERBEN

TEARGERIE Y I YR Z A, BREAERUIE WY 5 1575 18 T — S AR 4%
7, BIJCIRZRHR LSRR A R AR — B A A sE, Lengyal 55 A [15]
3T Kubelka-Munk B ) R (5 BEL, S H — A ADRIZBOE AR
ML SAG I AS  HAA Y IR S HOEE B AYIR L :

E(X\ ) = e(X 2)((1 = ps(2))*Ros(X, 2) + pr (), (23)

Horbr o 2 BRI B ZSRAE, AT, e(, ) BOGIRIYEE AL, R
MBS, pr J2 Fresnel S 2550, X FgEfrfifk, nTASEIRF G TE
Ko A, RRBOCHAZ HF ISR IR AL ML, RS R AL S
FHJZ (color invariant convolution, CIConv):
2 9SS _
CIConv(x,y) = (log(CT (2,9, 0 = 2') +¢) ,ug’ (2.4)

gs

Hor CUZIEHAE T, s Tl o5 27E 1og(C I + €) LIFEARIGERIT 2, €
AR RE T R AR E PR/

BEAh, HISCHTR MAET HEZE [16] FE0E A MU [ B RS, B
A AN B REA T IR . AL, Sz AT 9A [53-59] il X — I E

JVEAR XSt OISR T AR TR R AL RCR , (R0 T
NUFIRAAGEAT 55 5 AR GEIGE N7 ¥R T BT 55 R IR e gk, 4 i
Wik TEsN TE, RS TR 2SS iz ALRE S EAMER
AIE Y ITIERIPERE B — . FEATTIEAR, AT IR R Z T A

14



FE ENAMIR IR TAER

RZ LR AR T EROEIERS I, R MR T AR R B A
UNSSON AN

23 Z#HG=RIEMSER

231 FTHREWERLI

FEGR LA 2] XGRZ 1T, AT YA K 3R (object discovery) UL G A T 2 F
FEM BB b E ALY P 14 [60,61], Ho iR SO PLAE TR (visual words)
ol R B SR 2 (cluster of patches) [62, 63], XAl R IMER RPN ATRE
AR, PABGE AR [64, 651, RIEMERIMERBIAY 5| AHES) 1%
U, ) 73 FS SR A ) B (660 X EETT VAR E 37 55 0 R LA R
gy, e R R AR T AR A R B [67-70]. SRR AW [71-78]
w2 [79] MIETERAE (latent code). REENTEAF M @HAERARL, HE
A BAUYI AT 3D PR

N T BRI 3D PR, — Sl i) TARZ AR RN 2
LA R [80] B dndk rhay:~) 3D B, PASKEliZz Ak [81-83], Mk
BT ] BT AR A ERL ) AR A A D i 3 8 520 [17-19). (HAS R
g, Yu S5 A [18] St 1 B — R b A B (A S 37 S 5 7 uORF .
JESESCHRECEE TR [19] Mok [201. 2810, ENTRIPIRRIRZ 2 SR
s, H BAER A St Iz ALRE A IR . S22 AHB, AT 7 VA i
R ARSI AT SN 1 20 5

232 PMEAFILRIERER

PR . DA D =B 5 20 @ NRIERYEARE ST,
B AL SENILAR  GU M KT 4Rk, — &5 TAE [84-87]
VAR T BRI ST AT e i 1 ST LA At X — A 55
HA g URIETAE, 40 AutoRF [88], il MARYE R S E Pk (4
PG ) o HABTTIRRFAIE I 50 AR T 5o M 2237 3R B B W AR 1 (89,
901, XM, XL TARRRTEAARELIR AT IS, S Km0 o B

15



JERUREEARL A Bl i 5L

B o 75— RO BT TAEERIE T AT 5331 ph 4o 22 e 370wl S i
PRI 3D 35, BN [91-93]. SZAIR, FATH TARGH 2 Bk KR EA T
M, WXL T 2 A .

233 ERKHEG

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
1.2,0,0)— —
' (xJ/z 4) I:l |] (RG B(7 > ) . /—\
e iz AN LES
> > Rayz S
| m-ex

&1 2.6 FZEfR Y (NeRF) $ARHELL [94]

#2) (Neural Fields) IRZIMIIAE 3D 37 S EBIX —FURAIHFTEE O
TR 2237 5 1 1) DA [95, 96] AE = i3 SR AR EHUS 7RI NI A4S
o MEFESH (NeRF) [94] Fi=HEmii e (3DGS) [97] PRIUTF AR
ARG IR T RT AR REDTT, Hib— it 7 3D 37 B
R A fE . AN 2.617%, NeRF A Ji 4 22 9 245 R AN TE YL A2 237 St i) A
5149 (radiance fields), %422 W 2% PAZS 1] AP AT 0 AR R AT ISR A1 /A i
A, iz A, gEmE i A ESE (volume rendering) HARMAL
LA TE g BT . NeRF F 2 240 BGAE Ilghd, JFidio)
Pl — LA N E G A R BB SE BB 2 [ 22 e d A TR A I . ARSI
YRR ) NeRF ARG IR I = HESRAE, I SCRe R IK Rl A 4P

24 IREING

ARFEATCHE 2 T NV, 8 TR GR E S S =4 iR % B 5 37
S S I U AU TARREA T TR Y4, b 1 X BT ARy
RMIAEE, e SCRT VR st T AR BEA TR B

16



o T AU SR MR AR A B B B 5 75

FZE ETHUMESRNMRAUHNEERERRENTTE

ARFERFIR ST WA i A T M B AR B3 B2 1) YR AR TR B E A (R L AT 55
ERERE. SEGUERUIEIE N IANAAR ], AT A R TR S A0S MOX
—I§E, RIS B A AR AN DS AT H ARt . AR pg sl B i) 3 Bk
AT 0 I BRI R, DA AL B RIS . NEBHEARAR
B —Hbs, [15] 5IA—MH T AR B AL B A AE G FR . [16] 1)
B0 ISP AR DAZE G A D bR A5 i) & R A R . SR, R = T
TR R IR (] ERHCRE & R A D 2 Bt 200 TR GURFESR G A
RJZ A7 VR L R HEAS TR, i 20 T R R B RIRFAE . X AR AN 2
PASHIZRAR L BB 5% 5 S 2 B BRI B . XEREA AR BRI 2R

HEPX M, ATPEMET A R A R f N KA
o FEERBIETE, ARIFIRAN G R, 12385 RIS AR A
RAPESRN, PACORISIR] B FERARZ M E, A7 Rl e KA A 1R
HOFFIEAR M, PASE BV RIE LY. -

3.1 EBEXSER

WNE 3BT , A A eoE W7 YA 7y o T I AT AL T R R I AL
PIZE, HENPYTAE G . BTIaBAF I TIA [15] RO T B2 i -2
BOTRIZEAR A D AL, (ERXEIZRF IS ELWE R 5. &
T EBIE AR 7 s S e PR )2 w2 ISP [16] 2 GAN [7,8,12,98] 450K,
R r 2 1) B R R o B . SR, R T s I HANRETE
B TR AR Z IRl AL , 1 i3 7 Bk BT 5 e R Ak e, PR L IEIk
T AT IR BREABOE H .

AJF L, B 5 YRR B ok R () 2 T R R R AIE 2 [ (A L5
A TARE R MBI T T RGBS, HeE T — 580 MR &
BRI MR HESS . BAORYE, MRk (BIg) )2, A5kt | xR
BB 1) A e/ M SR LRI AL BRI AR AEAR UL . TAERRAE (B

17



JERUREEARL A Bl i 5L

1R BRI 1R BRI (R

==

;

RAIESR %

ﬁ%k%ﬁm&i

FHER IS F

AR

RAESR UGS

YA
Wi fL iR D N

/MR

(a) BETIBEAIE (b)) BT EBELRTE (o) ARETRBNINE
Bl 3.1 AE 4 Y W 2 A R R

W) 2, A7 VIR FRXFERRIACRHER MU . XA A AR T
XF I AR AL BB R I R

WK 3287, ATEME TEE DA F SR BRI, 20
TR AL SR AR F (1) o MPOEIRA SR IEEOR BRI 1 KL
A D(I) WHRBURFIEAR®RL, Horf D() RE AR . o A BT I
ETTIE T 20 D X F R E R, ARJ7ExE D 5IABOMIZR, H
ZOR D S/ MEEURFFIE F(1) AL F(D(1)) Z TERIAR A -

B& R

FHAREAN

—e
A% SR | e

" - R—

B oY
a2 Y.

o

AREGEIE <> S/MUALLE
® WHEEUEHHE e FALHIBLE

Bl 3.2 AEEATHR A R A5 B 7R A

18



o T AU SR MR AR A B B B 5 75

ARIFIEATVARE D A F B h— oo/ M- B KA AL 1)L

n;axrrelin Sim(F(I), F(D(1))), (3.1

Horp 0p M1 0p 3 3ilZoR DA F IS4, Sim(-, ) JIEAFFHEZ 18] A B

sRinn, FEATC B.1) AT U, Bilin D At R ey AR, K

FONFAT S A SRR ARAIE o AR oiX— 08, AD53553 500 D A F s
Y IE D

max min Sim(F(I), F(D(I))) + Rp(0p) — Rr(0r), (3.2)

0r Op

He Rp fll Re BHEDT 1IEFZ BRI
G AE I T Rp A1 R e A3 (3.2) B X8 . DU RN AT
Gt Rp Ml R, PARAEEEA 22 HESL

32 ETHEUMERNMAUHEERERINE MER

321 BEREE: fAMESIME

ARATRAREACELER D Byt D WY R =i

o Rtk 230 (3.2) N AE M Rp AR IEARZMI ZR AR 15t .

« Atk D WARER— AR AL, XTI AT DAM D(I)

2 > WAL PR L3 R 1B 3 5 A B AR
o RIETE AT IRA BRI AR RE ARG IEEH], AAE O itk F A Al
HIZFERIA -

APV T — U 7| 09 1248 iy ok 2 btk 51K
PSR R] AR )2 8 B MR B R IS AL D73 [7,12,98] Al BB R
WSRO — > HAT AT 2 ) SR T30 R RO TR TR

AIPEEI MR, AR e AT B RO E G MR, A TTERAE
SRS AEAR UM foe/ - R AL PP R AP LR (A2 ke ), FRARIIE D 330

19



JERUREEARL A Bl i 5L

— LA AR (G2t ). e, AR T A R EERIm T A
-] B 2 I R E 211 B A i S (1l Nl

WAL R, 77 S SO (AR KL 4 A PR T € [0, 1]V
AT — AN £ 2 0,1] — [0, 1] FI—ANBIG Z R A <
[0, NOHW Sfe b3 4

D(I) = f(I, A), (3.3)

W f Y24 e BRI ) ADRIR X EEBE , 3 R X T IR B o 30 f(L ) =
1 DA AR B 2 2% (BN, INEHAIE ). SRTT, XTI L, JIF— 12K f(La) =1
AHREM . P, AT R A — DA I B S R %L g ¢ [0, 1] — [0, 1]
TEREE, % B € [0, 177 4. BRI AL R nT AR -

D(I):g_l(f(g(LB)’A)vb))? (3.4

Hor AF BHERH DA 1 A BB AT TR E -

T PRIE D AR (R, D(I) < 1), fibRethtk. Bk
Kk, ABERM fOAER TR [40]: f(2) = h®(z), h(z,a) = az® +
(1 =)z, FHHRM g MEREERE: g(z,8) = 2/8,

I/ ME. B8 D g illgh ARt & Wl AU/ MEFTE 55T, X
TR, AR IR NEFIEZ 8] Y

poim _ __FU), F(D{)))
P FED - IF(D)]

(3.5)

Forp () JR A B )Y AR
TE DUART0 Hy PUAN 5 G 2L B T 18 1E B 25 1) (% — BB 2Kk Lol [40]
b, AJy AR T =AM IE R K -
B, RIMAATBRGREF H R 55 MG REFN A 1 Pl -
Leewp= Y, |Di;(I, E)=Eil, (3.6)
1<i<H1<j<W
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o T AU SR MR AR A B B B 5 75

BAES I SHZEESERE

BRI
e S .
F() R

Pl 3.3 PG 2 T AR (eh e/ M A B

H D(1,E) /& D(I, B) W@ M. Elgidfh, ERpa cEiE
[0,0.5] Z Ta] FEALAHIEL -

BeAh, ATEAE A BRI, EoE b, AFTRsE R . KB
W BB AL — DR SR AL, (HAERB SRR G AL B . 3
i — @k, ATrRasm 1P A ik

Lin(A) = Y (VA + h(|V,A)?),
ce{R,G,B} 3.7

h(z) = max(a — |z — «,0),

Hrp Vo,V 2352 E KR BRI s R, o B— S S5
DR BAE MR, Horp bR AHSR AL, TR BB SRR I 4 AR SRR
IR, XAE AR A E2 s WL

w5, BRIEMA Lpex(B) = 1 — B VABEGAERGEL g GG
LREVA BB, ARSI 3.3 R M 2845, I A IR 5k
PRECIEA TR A1 25
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JERUREEARL A Bl i 5L

['D — Asimﬁsim 4 RD7
pp (3.8)
RD = )\c—exp‘cc—exp + /\colﬁcol + /\ltv‘Cltv + Aflexﬁflex-

322 REEE: HAMESEKL

XFEEa~d [25,26] 52 A B I iz —, HAl 2B S e R IR AR AT
AP B 25 ) [R] INFSR SR AR R AR AE B o ORI, 20 2R b i [R] R I R s o)
H AR QB3 SR D SURE AT, AT B PERE . O 1 I — i)
AL, BYOL [27] #2i T— AR A AL A, BAEIE EERT {v, 07}
Z AR BEA TR 55 -

2 (z(q(F(v F'(v*
W@(QQQMJ ﬁ&h’ G5
ool g, RO, T - T, AR A A R 2
HIBL. Pl q 5 F R g SR R B e, (R SEheRE, o
WA IEEF Ty (EMA) 785

FICLPE dpe KA. 4707 :% | BYOL Hit By %8, lad x> o R4k R
i 5 R LS IEAR L . 47 F1 R T AL B, A7
25 R SR

Leyor(v,v7) =2 —

L3 = Lavor (I, D(I,E)) + LeyoL(D(I, E), I). (3.10)

TR, AR R E 25 (3.5) MAsX (3.10) Z[RIEAIE 1. FIRV
w3 (3.5) gk F 5 EFALIBI M AR RACHI G . AT, ARRIFRAREL
BRUETRIMEE LM BE A SR RE RS B IR AR s 1 fiist, BIESA 25X (3.2)
IR NI R S AT55 45 5 Hip A DL A2

BeAh, 52 (3.6) HH B AR, ARINEEH— ARG B AR
HIE, B WU CPRET (0,0.2] Z1H), DARBLIBIR B BEHA . i e A R
BAEss b —8, A A SIS MRS . Woh, ATk BB

22



TAMULE fRe /I R A 25 R A B B B 5 95

b
|l

gl
it

SR
BELILBERE =%~

(D> E’ 2

0o

»  EgE YD

FHE SIS LR /e
F' q' — z !¢ F

FRAE BRI § > ' FRAESE LS
F F'

Pl 3.4 A 2 T (Y ARHEL I A R AASE R

PRS2 MUIRGRTFS 2o BB R . BRRUL, B nIAFIRA:

E' =U(0,0.2) + 2 + 2. (3.11)

BEAN, ARTTIRAE R BB A EASIN 1AL 5548 58 I B BHE 5 Leasko
BEEITE , AR A M 245 AN 3.4, AU i 2k R B/ A H

P :

Lp = AZ"LE™ + NaskLrask- (3.12)

323 HEBI&TRIE

BISCNAR T B Z AR U e/ Mb (55 3.2.1797) FIABTZY 22 [ 9 A U1
ARAG (5 3.2.277) o AT IRy Bk .

R GAN [99,100] Hr R I 2R BB — R B R 7 ¥ . SR, 145 D
FE BT SE0RRENERE, SRR S . AR T AR
EAG R P20 SR SR Rz ) - el 88 D H ORFFSEAL F IBCE A E
SRIGUIGRBER FIFAARRERAL D AR e . AR S, S8R, 2
NGRS SRR A [R]85 26 BT RE A 63.84% FE=F] T 65.87%.
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JERUREEARL A Bl i 5L

EPSAE

. o
o . .
9 Sv
(a) SIEFE A Y (b) BT J5 A

Bl 3.5 FAREE (L06). ESSRmsh (). Sl (46) FHEmFgEn]
R AR S

TEFTA MRS, FHESE B AT 55 BB th B RO 2R B SR 4L
I S B RS AR N R AR (BRI AR) . RE, ATER
PR AR E , LR ZRAF AL S s AT S5 i (BEZGE Y ) -

324 ME{LIEIRBYZIEMIERT

TEAN AL R B ] B A9 O T B [B] 2 @ AR T TAHE R A S B o oy
T, BEE AR PEER T BIAAE LS TR SR, BN, P 3.5 50 5Kk S br
B MG ) SR A 5 N AT SR, T AR e iR A R T Ik
MR, SRR R . S2iz ), SRR AT (Y S 2 s A3 ]
BAEBOIRE [101] A, AT7E R R ORHAE S A R I AL R 01 . O
GEE, AR BT3RS B RN AL 53 A - USSR RIS A AL
ARML, ANE 3.5(a) Frose sSXAWRERRIA, A iR RS AL R vl AMAR AL =
T AL B[R

24
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33 KRERSHH

3.3.1 SCIEEE

IR Z T AR A SEAE S5 TSGR T UAMUR AR 55 05T
Wl R E . TS AL A B IR BRI R . A RAYR
Pl T VNSRRI, 1A T Kt RAE A B (1] . A SCHUR T iA &
=2 OISR . Bz, TRAREROEE N .. X EETTIRTE IR
BRI EAE . ATHEITER SRR = AL T

332 WEE®RSZE

IR S A AT 55 2 —+ g3 98. CODaN [15] 214>
B 10000 5K B K ERIIGREET—A>70 314 2500 5K B RFIR A ER )
MR 10 288daE . AT IR H RIS EIIERA, HAEnailid4E b
PG EANT. SEBR R T M 452 ResNet-18 [102].

FMEMNAG AR W RTER 3.1 3558 7 R M SAE I A BRI i A1)

RIEER, I PRFARRANAR , AT SRATAT R RE I 2 o S (T VA RN
T RALSF, MAER W & A FR S R BA . MAET [16] 4K T4
AR IRE R E S RN B S, AmAEZALBE 1 ERBIAE:. CIConv [15] R
FIAT 2] O AR DGR g, 3k B E LS 55 P S 0L IRABAL TR A
B MILZN, AT ERIR S T R Se ) JiiE (60.32% v.s. 65.87%),
RIARTT A GE—HEZE ] DAPAT XSG IR AL AL S R IR -
RS, O TP UEA VA SO AEZE, AT57E CODaN [15] 4 [a] il
S BT T ORERSRE, R T RERAY Top-1 7p RMERRL . SCIRE RN 3.2
Fis . B BT IR AT D ARS8 25 ORI i A s Chy MR R T
BERA IR, Blnss BEJH%E (PIL! HifY Brightness) FI{IEhi%
IE (D(I)=17). a0 3.2, PRI IRHUS B SEB 45 RIS AR AT kB0t
AP

"https://pillow.readthedocs.io/en/stable/reference/ImageEnhance.html
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¢ 3.1 CODaN [15] B[] 4 FfY Top-1 73 S HERHJZ

i3 | 5k | Top-1 (%)
HL T | ResNet-18 [102] | 5332
EnlightenGAN [2] 56.68
LEDNet [5] 57.40
‘ Zero-DCE++ [3] 57.96

S i

e RUAS [39] 58.36
SCI [4] 58.68
URetinexNet [1] 58.72
MixStyle [55] 53.12
Wiz Ak IRM [54] 54.52
AdaBN [53] 54.25
MAET [16] 56.48
EREAIRIER, | CIConv [15] 60.32
A Jj ik 65.87

GG, ASCIRERIY T f AL REIE . 3 320R, ik
(flz,0) = 25,0 € (0,1)) FEHHL (f(z,0) = U=222 o ¢ [0,1)) Bk
T HAR T TR R AR W M 2 25 ST 1

2% 3.2 WEALBLE D FNARARL P 453 2 1 71 ik S5 g6z

LG ] | ik | Top-1 (%)

BRI ‘ ResNet-18 ‘ 53.32

" v | SESETREE 57.96

JAN
e " N AN 2% 62.60
e D (W2 3% T ,

B D (T80 TRET R £ £& 64.16
w/o L5 and L5 64.08

AR PR 2 wlo Lm 64.56
w/o L5im 64.88

A Jitk | - | 65.87

333 REIEXSTE

AT B PR & AR S5 B ol BT VE N PA
ResNet-101 A&+ 1) RefineNet [103]. [ KIJIIZEHESE N Cityscapes [104],
HATE 2975 sk TNy G F0 500 5k FH T30 0E 0 &G, irfs B ERECE
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¢ 3.3 Nighttime Driving #] Dark-Zurich Z{{54E [ i1E #4558, DA mloU R IR

TR ‘ HE ‘ Nighttime Driving Dark-Zurich
HAT | RefineNet [103] | 34.3 30.6
EnlightenGAN [2] 25.2 24.9
Zero-DCE++ [3] 32.7 28.3
, RUAS [39] 25.1 23.4

- i

ot SCI [4] 28.6 25.7
URetinexNet [1] 28.1 24.0
LEDNet [5] 27.6 26.6
AdaBN [53] 37.2 31.1
iz Ak RobustNet [56] 33.0 34.5
SAN-SAW [57] 28.1 16.0
MAET [16] 28.1 26.4
ZREAR BRI, | CIConv [15] 41.2 34.5
AJi ik 44.9 40.2

BRAEVERE . Rl 4 /2 Nighttime Driving [105] 1 Dark-Zurich [12]. iX
PN BB f 5 50 SRBLIR FREA 151 SRS AARTE 172 18] 5 5

MG RANER 3.3 . ARG I IR R AR AR 22, Bl
T A IR R BRI Sz AT VAME M B B R AR R 22 1
MIMTFECT AL N RIS . 117 RobustNet [56] K ] T DeepLab-v3 [106]
2, AT AT VA SE B R Y RefineNet [103].

TEEFEABIEY J7AH . MAET [16] B AL Z S, SE™
EIYPERE TFE. ClConv /15 T HAFRYZER, HIEFAMR. ML T, &AHiE
¥ Nighttime Driving [1¥) mIoU 4044 5 %] 44.9%, Dark-Zurich #2521 40.2%.

B 36088 1 AR A R AR _E i 5E 1 BIAE R . ARG B SR T IRTER
Y 5 FRIIAME. A bR B T RIS R R R, BRI AE R
T HRETRIE LA

27



JERTR AR E Bl i 3

(a) AL O3 (¢) RefineNet

(d) MAET (e) CIConv (f) Zero-DCE++

(g) SCI (h) URetinexNet () A7k

Il 3.6 L[ o #] T R4 L g 25 2R
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334 WiEMREALE IR

AATHEGTSE AU E NS, H E AR @ B G ks 2 s 5 iy
GRS ER . SaSSREIRT, A8 R AW R AN i i
Bl . AJrEET GeM [107] (R A ResNet-101 1E & T/ 4% ) Tk,
1 GeM H1, MZEEN—HIER {p, ¢, -} R, Hod2eify ¢ AT
Bt po PILEAE— AN AR EREATUNR, ST A< 7 YA ME 2L P AR g o Bt
UL, HEE R T RGRN B, B0 TR B BRI
eI A5 — R R D, BliJs, K D(p) 91284 p B9—ESMLHL,
B, — AN ATTHEE AN ERA (AR —AY) F1k AR, BRECR A
Retrieval-StM 4k [107] #4715, HAEE S 2P B AEFIILE J7 011
T E I Tokyo 24/7 i s Four Hab A T34 [108].

PERELAFIREE (mAP) BB IRAETESR 3.4 . R ITEM SRS H
H [50] F1 [15]. A EML T Ira BREA T, IR 550 E N A
%o WA, B 3TN T I AL SR - BT BB A GO A 7
W TR ISR, WA RN T IR .

(c) A%

B 3.7 e AL E IR BIE 55 WAL R . FRE D70 GeM [107]

335 {RFEASIEI{EIR 5

TEEMGAE 5540, ARl T AT 55, i sh VR R . IR
PEd 2k 5 HMDBS51 [110]. UCF101 [111]. Kinetics-600 [112] A1 Moments in

Time [113] (5% 2600 N IEFE A B AT77A4E ARID Bade s
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% 3.4 Tokyo 24/7 ¥idla 4k [108] LR BE (7 B R 125

Ty k285 | ik | mAP (%)
SR, U-Net jointly [50] 86.5
%ﬁ%}%ﬁfﬁ Al ) | FAZeMAC + CLAHE [50] 90.5
VIS EdgeMAC + U-Net jointly [S0] |  90.0
EdgeMAC [109] 75.9
U-Net jointly [50] 79.8
TREA SR Y. GeM [107] 85.0
CIConv-GeM [15] 88.3
A Jjtk 90.4

J7 R AT PN [114]0 SR B E% 2 BT 3D-ResNet [115] 4 13D [116],

% 3.5 ARID #findi [114] LRy Ui 458

il | Ik | Top-1 (%)

BTk | 13D [116] | 47.02
StableLLVE [117] | ~ 45.08

TG 58 SMOID [48] 47.27
SGZ [118] 46.42

BRizAL . BAEAERUIRIE LY.

AdaBN [53] 46.17
A5 i 51.52

MG e B I35, FERITEHATI T Ui LEIZRE 1k
B, BLDARA v B iV A o R AT, BT 425K (3.4) Y
AR B JEATISAAG T o TR R A, L5 FEOU Br i, A
G s\ Tl 1 = W X2 S5, 5 e 1 =\ 1 5 2 I NEE S
Thge, [N LA FE O B

W3 3.5 R, OGS IR 773 StableLLVE [117]. SMOID [48] 1 SGZ
(18] Aokt RES t A PR . S BRIy, AT AR PR RESR T T 4.38%,
JRILT AR E R . B 38R T RIAAL SR, A T G
WESRITIR, TR T IR ST .
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A7k
iIIIIIIiIIIIIIiIIIIIIiIIIIII:II!!!I
SGZ

- ‘Walk (0.872)
StableLLVE

Walk (0.746)

B 3.8 AR Bl VR TR ) nT AL 45 2R
3.4 REING

AREPR I T AR T AU i MR B REA R AUE k. B
Pty AFIREEAEPY: (1) ERGEE EA MR, %5 HK
SERARMEAR U SRy, DABCRISRIB; (2) FEAZL R b KA I ]
BRVFFEAIUE, PASEBURBURE Y. . LB T AT 55 B Ry R E SRR
T AT AR
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BT DA AN DR =AY (R R IS 3 SR R

FME UYEAT ORI =ENELREIRSERAE

AREERFRFC WA T B o S M AR . DA A oD i) = 4E37 5t
PR BT E M RERATENEE AT, SR NTEREE (W
FEARMSII) SOMEEYE (AP ike 3D (1 E) BEHg e —#. ik, ¥
IR A o AL BRI AL B ) B N R AR 2 Sl 2 O N IR E R R . B
WL WA AR R IR % 5 00 BT RS — 2, (BAEFLA 1) 3D LA IR
D I B XA AL T IR AE R 45 [21] B, X
FRAASHENS FZ A 2 G E S (22, 23], 11 A 7 ¥R T R NAE RIS ME S L 1Y
IRE IR THERZALRE ) . 0k 4107, BRI 5K A G s Y 7k
SR ALE BRI, (BRI 2 HTE R AR A U S IR B 22
o XU T, EHRUEESNAERE (82) SEESIMERNE (4M2)
M ETEYRRRAE T, IAEA R AL E A [R]— Y R SRR U A [ A 2%
fik, D52 WA A

M NI MULEE LA
PR RAL R B fiehsh
[]

)

TPNEEES

Bl 4.1 ©A R AR AR R

BT A RS, ASCHEH T B ) B — EUZRHERT 3D AR Ayl
ISR, TR TC B R 0% 5% (Unsupervised Discovery of
Object-Centric Neural Fields, uOCF) . 534 5 VEARRE, <) EHe B k%
W22V NTE R, FERME R s, WEIAIE o RIE. W
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(a) Yl &%

HAEIG %{Eﬁl & oS — TR
g J -
DlNOVT B —>=='=. . 5
@'(') ‘ &
- U g
. ) M
@ ///”"—”/ : : 2
(tof=e ) — (et ﬁzﬁﬂ s @.<_) & g
= (ex, oK)
b z§( ‘L_] J L
m%ﬁt f AV TEE PER ATALA
f (c) PIHENeRF i 43

] 4.2 AREE AR Y A U SR

B 4987, A7 IERENS A ER SRS A MR HERf L 2 B Py P i, I SCRe AT
EAEE RS R Tk,

41 [EBEXSER

e P EUR , ARTTER) H AR 00 DAY S R AR v i i A

3%, B9 IR PR 2R DA B B rhC ) AR A i = T AL B0
EH MR, HIRBGX LLY R 3D (78 . K 42077, AT iEfE I HESL 4

s, — D RAEMERREBIHOA — MR85 .

Suih A, G as s A B T PRI AR £ € RVC, Hp N =
H-W ZFHEERM RN, C REEREER AEZR N Hmibas h— %
451 DINOV2-VIT [119], JFEHAMERR.

AL TR, SRAE DAL H MR AIE ] b T 8 IS 2 3D 37 5% R W R 1Y
RAE K IHALE . AT EBRES S — D E SIS KAy ik
. B, AR -SRI 22 € RV HI—HAR IR RIE 2 =
2" zy' - zil|T € RFP RHMBACE {prtL,, H pi € RY FoRiiE
FAFRHBIALE . TR, SRR T K AR, SR SRR T e
REALATY A

RIS &% ASHESLA AR 4R T 454010 NeRF - g(x|z), 'EDA 3D il x
FFAE z VERE A, AU TIE GRS B RN 2 5 o ANHEZE R A~ MLP,
g° F gt A BT SRR A .
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42 NEERFHNMERIERVE

R R RAL. FAE TR H A2 — T 2 ) a2l (qf =
[ qf - q¥]" € RFP) SEARSIERNUEEHES E, A& —1E
WHE R SEHE (q° € R™P) o 33X —45 5 B EE 0 38 R Iy L AT 24
SISk B K0, KT, QP, OF, VO, VT it :
A — exp(M;;)
" > e exp(My)’
1 Fﬂ&r&%ﬁ

Hrr
T

M= e RV (E+D), 4.1

VD | Qf(q) - KI(F)”

it el o i AR R TIN5

u’ = (Weq)" - V0 (f) e RMP,

u' = (Wia))" - Vi) € RF*P, 4.2)

Horh Wi = <8 Bl AL FAREA R RO EERE D . SRJFE AL A F Ok
A

Q® —q"+u’, qf g +u

q° < q"+1°(q"), q' < q' +#'(q"), (4.3)

o Ft1 2 MLP. AR R B HEAT T T Wk R, MRS EHE
HIPI IR AL S AR £ RAR R AR R A (Bl mtds) PHE, &
ZATFHFRAL 22 FIET SRR RAE {2}

AT I FRAL B 5 B STk Y Slot-Attention #LTIA K [76],
(AR LA KRBT A A E (1) PR E g el 1), AR
TR EI A OREE, DAEERIIGRREE: (2) AT IR & SR A L
AN, HFEI AR E AL E S b5 AR S B A2 B AR R (3) AT iR A
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Transformer ZLHF: X T GRU [120], DAL RETR -

T o e PSR R L L. 8 T TN R ) RAE S LR, AT R R
AR I EGARRR BRI — LA pi™e € [~ 1,12, WIHARE NE, &
JEiE B & m H5IH—1k 2D A% B € [—1, 1]V ERTERE TGS A
ST R

P (W) -E® - (1—m) + p™ - m. (4.4)
AT RO, AR AR B AR B i [77]:

EP := concat([E™ — p!™¢ p!™ — E™)) ¢ RV (4.5)
Hrpr concat @ik i G — M EEMPHE. T2, 230 @.1) iy M Al Ak
5% _ y
Q@) KA+ ()T
1| Qe K ()T
VDs . ’
| Qal) KT+ (B
Hrfrhy R = R @—AEMmL

VRIS, RAEAE R o Yy (A i) S AT B AR AU B, SEBl 1K
SO S 5P YIR Z B SEE . DD F] — Py AR A R R,
P8R Jo— IR ORI AL — X AR AR B e ARG P A i), H
2 =W E N TER . BRI RBERY RS IR, ISR A AL
BEAIN_E T — A2, B p™ ™ + tanh(ho(Wiiin)") - o, Horfy
OIS H o« = 0.2, hy: RY — R? 2 —EMkpREL.

I\ Pl 15— 2 A i 7 2 0] = 4 A b, £ 0000 75 38 ) (R 1 PR ) i A
FRpi™ G, T A B St T ARAR R DAIRER pY . AT TR MR
oL ARG T R (B, GER A [1210) , WA ER S AT A
FCAPFEAEII R AT CREHIHLALL p™® 2 (] AR AE (DA S5 0

M =

(4.6)
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BIUE AN LR =4 iR R I S s

KL AT IE KA TR

4.3 uOCF-P (7)) FluOCF-N (1) HifEWi ik =4k bRy ATl Jr =X

TAHAE) 5 A BT AR T, DR IE K BIRE d - s, Horp d 2N
W2 [RIREEES, {si s, &t 68 AN S B AR TS VE i A4
P2 TN B 4t B PiARN 7550 53 F5 A uOCF-P F1 uOCF-N, H:A uOCF
BRINFERS uOCF-P., [ 4.3]7R T BT R AR .

A Pheeie e, TS0 P 17 B VA T AR I EAE LB AT H
55O ARAR A SR L B AR R b AT AT AR A4 R R R 28
Yo PR b, XTGP x € R?, Sgild x = R (x — p})
e HEEH BN o« DR A AR R, Hod R Ron AFPUIEEE RS . 1
T x TERTE S B G AL (¢, 00) = o' (xilz) M FAESH7 00
(€0, 00) = ¢°(x|2°), Feia F3k LE (R I 5 BEMBCF- Y75 31 37 5 25 B A 6
(¢,7):

__ G

o= Zwiai, c= Zwici, ;H\:LJP Wi = (47)

)
. g
i>0 i>0 Z3320 J

HE A RE TR RGP R RABIG . AERR TR AR, B A
(7] ISR 4 B 2 80 ] I A B o) 45 o B BT

4.3 H=E)IZR

43.1 YRERFS

TESL IR AL G 37 55 EA T 0 B = R TR e S e A TE T N TE I B L
Yo BIAN, 24— ARG GE_EATUR P AR I, HE PR T B4R 3]
YIS, AR ORI IR S 0 I NSO P A A o
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HhaEs

fR DA — R 2R T iR Se . i, IR A e Dl
A SE IR 5 A AEIRME R E AT TR MR ot 2 a) e B U APLEAS
ol AL ) DA AR P RE S S R AL IR A A . PRI, XA 2 Y
YA SERAEIB R R WS Ry S RS E Rz AR . BB TEAARE, g
TTESERA R R AL R BAT PR A PRI A Bz A, RLRERS
SCRFEIYIRSER . A WS F RS AR R S (B, e
IR G eI Iz A A de sy (ansIaldEget ), SRS A
A )RR Soli A nT BEELA AR AN [R] Y37 5 LA M 25 R A Jy ) B A2 237 S
). B A4 IR T YIARSER S T B .

BrBLL: il R I RS

Kl 4.4 AT5 3R I PIB Bol ZR e

432 WAL REE

N i BRI e A R R A DRSS RS, ASOTIRER I T
PRHLREERI SR, DARERAE RS R B IR AL E L. AnIA] 4,571, FEYIZE
RIS UG AR T 0 DX 20 i S5y PO B e T TR 8, s T 3z
ERLHR RS BEIE BT R PSR T DALESS I U A% R A AR
(R AERPAR AT T ST 6, AT S 2 B v B i R AN 3 S R RO

T EAPIA NGB, GEBIRE UG 2R, T IREE
hE IR AR 2 LA B FERE D INZR R, B2 DA B K PR A A, 9

38



BIUE AN LR =4 iR R I S s

>

@ ZHiRpEA

WA
@ (REIHTAE A )

Bl 4.5 PR D oRAE BRI IR BGR OR S AR R TR, DAY TSRO

WA FRIEAOLE, WA AMS S RAE R, eSS HEE gt
FrHCB AT . BB S B S I T IR ZEIR Lrecon ML BEIR 5
KB Z AN R Cpere [122] AHBG. BEAL, AT IRIEH IS R 80 H TR
PET SRR, I 51 AGREEHER 2% [123] Ry St WAL i 2k [124]
KA DREA NeRF H i WL I P I B SR

AL, SR RS ik -

L= grecon + )\percgperc + )\depthgdepth + )\occgocc- (48)

44 SEWERRSH

441 FHIFE

NOCTETC B AR E L B A ORI 3D 3 SR ESE O AR T AR
TR,

B gl SR g TS B AR AL DATP AL B th I i, PAK
— NG RBARAE T2 S MR SR, 1 4.6 R T IR B0R 4L iR FEAR

Room-Texture A& A4, oAk B ABO [125] Hdlifd “3k
TR R0 324 MEEL. BAGRES DK, RSN Rk
SRR . ARSI AL, BRSNS 2
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19 4 S
AR
\\
N
N ’ %
| RS N &
B =

(a) Room-Texture (b) Kitcheﬂ-Matte (c) Kitchen-Shiny

[&] 4.6 SLTE R R SR

EIGFRIA, G 2-4 MR . PR 1296 N5, T
Z PR AL B I ) 5000 A3 st AT ) 100 5. A5t
LUK, SRR SR .

Kitchen-Matte Za 4L Y I S A B MDA HL , A0 S Al S5 -
o] B SR TR A R B P 5. A 735 N TSR, 102 AT
BT 3-4 MY ERER, FAE 3 U TRER) 824
T B R ) A ES.

Kitchen-Shiny 448 1) Bl St (K B A BOHDGEE 4 A . 5 Kitchen-Matte
FAL, T EREEA (T HR S AT RN A2 2R ot oy SR . B AR 3L 324
AT NG, 56 AT,

PR SE8S Y 20 A7 VR B SR A — MR T B A U [E] 3 5% Room-Texture
YNGR, X G A G T AR R . (R, R A
B , wOCF W] PA%E > 85N AT R AR Je ks, FHZ AL B[R B k21 . il
A BT oA B B W A S g A stz A B B SE 5t s i s h B

VR bR, A HTILA G U SE B i T PSNR, SSIM I LPIPS 4515 3
SO EIR S SR A T ARTHEEUM =AM K AL ARD (TErA i A BB %
2 BIt5E). HiS ARI (FG-ARI, TEmisti AEGIR 2= BT8R Al ARI
(NV-ARIL, TEFLABRE LIHE) o ZRBOMENT, FTA TARHRTE 128 x 128
SRR R

Wl Jith. F2 71645 uORF [18]. BO-QSA [20] A1 COLF [19]. A&l
N, AL AR S ARILN S ARG, I B RS
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FA RGO T AT R, SRR PN TR AR R AL AR ok
RO, PAMRIEAE AT R IR A . BRATS LN, BT A r i i A g
WEN K =4,

442 FTHE=%#YknE

AATHETC IR = 4 AR 2 BT 45 6 uOCF A7, 1256 @ ik
WS RERGR N EERE 4, WX T RGP EESRE p, HaEing s, =
arg max’* Od;, o

TEER IR 4 1H K 4.7, FEG A Room-Texture 35 H, ART7IRTE
g fats B3 T . (ERE RN, A — I EEIT R E RS
TS Kitchen-Shiny 37 5 7 AL G HAY /- FIZ5 R . Bk UL, uORF FFirg
YR ERIE = b, SEEEYIE T E] BO-QSA RAEX /AN A ) 452191 ;
COLF Te#ilf b= Joid L Es R, eI ARk 2 A i — 2k . A
2T, A3 To i DL, wOCF B4 X 7y 7RSS, H—Eobr4:
T NBERASRIGER, R T HAEY R ORI P raRE. it
4b, uOCF BEfZALHY (A H IS 5% .

7 4.1 Room-Texture $#ide b =37 35773 FI-5 B WL A A iy < 1 4%

S Wy FLA A

ARIT FG-ARIT NV-ARI{ | PSNRT SSIM{ LPIPS]
uORF [18] 0.670  0.093 0.578 2423 0711 0254
BO-QSA [20] 0.697  0.354 0.604 2526 0739 0215
COLF [19] 0235  0.532 0.011 2298  0.670  0.504
uOCF-N (A 77%) | 0.791  0.584 0.722 28.81  0.796  0.138
uwOCF-P (A7) | 0.785  0.563 0.704 2885 0.798  0.136

443 FAAEM

ARFATHERRA B AT 55 ERSA TR AT I I 5 S A
BV, HEHHREBIE NS N5k 420K 4.8F7R, AT
Prf fets E Rl BTk (EREENR, AT BRI EEARX 7 |
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- uOCF-N
(KT71%) (KI7iE)

& 4.7 #F Room-Texture F1 Kitchen-Shiny {#ii4E ) =4k 37 570 E) & PRS2 IR 45 7

SRR SIS MER M A I =4 5 P AT AR s IR
(137 5 BN LA B AR

¢ 4.2 Kitchen-Shiny fil Kitchen-Matte Z{E4E M & il E B LI 25

Fk Kitchen-Shiny Kitchen-Matte
PSNRt SSIMT LPIPS| | PSNRT SSIMT LPIPS|
uORF [18] 19.23 0.602 0.336 26.07 0.808 0.092
BO-QSA [20] 19.78 0.639 0.318 27.36 0.832 0.067
COLF [19] 18.30 0.561 0.397 20.68 0.643 0.236
uOCF-N (& J73k) | 27.87 0.842 0.055 28.25 0.841 0.055
uOCF-P (A /57%) | 28.58 0.862 0.049 29.40 0.867 0.043

444 ZHEIFFRH

AT A TVEAES SR RE Sy o i T AT ISR DA 3 5t i
TIfe: 1) YiR-F#s , il Bk B e 0 A G B SC B 2) Wi ARRR R, il
TTﬁA E AR LEY RSB, T SCSEAE Room-Texture B4R EXF ATy
BT BV, BERTER S B Kitchen-Shiny Biladl EoEAT5E HEPPAL .

Ei%&ﬂﬁﬁ%mW%*A%wﬁbﬂﬁuﬁihﬂ&%% e
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FEEIE uOCF-P (R771%) uOCF-N (A7) uORF BO-QSA COLF

& 4.8 1£ Room-Texture F1 Kitchen-Shiny ${#g4E 1) = 4E 37 5435 & M S 06 25 R

U, TP IARFTE G R 2 BIE R 5 ME  B T B R E R T35 ToU, 5
Ko Bt = W E N R R ERI IR . (ERRERRR, BRI RRI N IR T
PREGHAXT L E R, AT IR T A E MR A, T DASRVRLERT AR
WA%Eh . AN 430K, ATTIRAERTA fabs IS0 TREMES, IR T A = 4
W B AR BEAh, WK 4.9F1R, AT RERS A BABK R AR
YikZon, EEXEYIA, HAFRINTRIEN =45

4 4.10/#/8 T Kitchen-Shiny ¥4 b 1A B8R = 237 SHEIN I E 1L e
G QAR , uORF KEFTAYI R GHFEIE S, LA SRR RIL, B
BAELGRS RIG AR ; BO-QSA KRREIEHIX A Histfk, M SEHEL
R, MHZT, RITRGH T HE AR HAERCR A5 R ,

445 ZLgENSH

SEI6 1 i BRI AR VR BEREAR T REAZ A RE 1. BREAIZ AR
T SE 6 R B Kitchen-Matte | I 25 ) 4% 284 3 o 0 15 3 £ 4k 32 4k 3] Kitchen-
Shiny ik W35, 5% Room-Texture [ I 5177 4k 3] 25 N F H B ds 4
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CIPNEES

~—

KR HEE uORF)  KREE (AT7%) WREAE (RJ77%) WREA (RJ71%)

Kl 4.9 AT IEAES BRI 55 HRCR

2 43 Room-Texture 54 |- = 457 SR E IR Rt

DRI | PSNRT  SSIM{  LPIPS|
Wik r-#

uORF 23.65  0.654  0.284
BO-QSA 2521 0.700  0.226

uOCF-N (A7) | 2770 0773 0.156
uOCF-P (A J573%) | 27.66 0774  0.156

Yokt b
uORF 23.81  0.664  0.282
BO-QSA 2458  0.698 0247

uOCF-N (& 5¥E) | 29.20 0.803 0.132
uOCF-P (A< }7¥%) | 28.99 0.802 0.136

HM3D [126] R W35 . SCEREE R 4.1 FR, AR Ta—45K, %
. T SAT AR EAACR, R ERGIRMY R E RS KR
KL, CATTEMEAZALEIR W A SR RERF AT S R 51T R8s, A
TR AT BRI DA R — B Sz AL B ki 4 b A2 R
Yok, IR E Rz AL RE

T IASEER MITE Kitchen-Shiny $didk BB EAT VAN D HEAZALEES) . 5
HiI SC i S A BN R AR A TN RN ], ARSI 5 I8 T — A S L Bk
At s, BB DR R AT SR, AR DL 3
st BRI, A 4120k, BEE GRS BCR A RD, BRI 3 5
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BN g

Wikrszh

LN

Kl 4.10 7£ Kitchen-Shiny ¥l b1 =4E37 St E ML R

FHGURI R TR Fenili, TENRA RIS L, BAMEDAKE
YIRS ERRXDIF. X BRI T T EIRER/N T I i % BUL 55
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uOCF (ours) uORF BO-QSA
(a) Kitchen-Matte = Kitchen-Shiny

Input image

uOCF (ours) uORF BO-QSA
(b) Room-Texture > HM3D

Bl 4.11 FAEAZ AL E P IR AR
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AR =E  324/0.058 100/ 0.095 50/0.107 10/0.115

Wik u
© o (Y a

DREAYIR

il 4.12 Kitchen-Shiny e b/ DHEATZ ALLIRER

4.5 EEING

ARETOITE T =45 rp R LB SR R Bk, AU TR
TERFALXS X — R B2, HR I T T E YR O 240 5155 (uOCF)
X HER . O T O APPSR T AR BRI R S,
ARG P S R EAR SR W R AT 2 SO . SR SR
T, A LB R (A e > RERS R e R = e A
PR )2 AL fiE
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FhE B4R

ERE REHRE

ASCUAMLAS 2 > R e BB 7 IR I AR, R T AR BIsE A
=AW AR 5 T S R P LS U A N . AR s
WALSS, ASCRI T — R MR/ N AL I AR AL Yy
P b O e U TRE Y Ry ] o] L K 2 s L e TR o 646 Sl
R AR IO EIA I T RIRIL: S0 =4 R A S R a5, A3
feth T —FAY A RO A R LS R EERR, PO E B A G
By, HEEON ARl T AR B R TR 2 AL e

AT E SN A LA TAEIAT RS, FERARR TAEIA TR,

50 A®XTIERL

L AP EOE WL P A, AR SR T — T MU - B KA B
I ge, HAGREME A& B . 0r REGE 1 RG22
RO 21 Y 2 A 55 R et~ 98D 1 H sl e MOt , - HLAE
Z AL 55 E eI B3 AP RESR TT

2. AR U IR R IS S S EE YR, ARSCRE T R AR L Y
Wik e BTV BN T Y A DRSS ORI R R TE AR
EB= SR INTIE YU = 2ol RN OE L2554 7/ L PU RS NG S E 2N
ARPESESE TR ZALRE Sy o AP IOT R APFFOIE T = A B Bk
PR RS . ERESE ERIIL R AR, DAY DR Y
PRI T7 ~] BENS 235 5 v o B — e IR R SRz AL RE )

52 FKFEMRRE

B IChE A I e, AR SRR ROE 5 =Y R R B S R
SN P T — RAVEH R, RS TR PERESR T AR R R
Z b A REBEAERITIRERVT, VAR TR ROR Bl
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SRS Az A, AR SCFTd, AR - KHESR . H
A R B AL DL IR, AN BEAL PRSI T 5 b B 2 ORI IR A AR AR
BN FoCiR . hEEIRsE. Wik, KRR TAER ASE— S0 AR HE S
TR INGRBOAR ASE SRR B A2 Z 6 IR SR AR o M o

SR Y s W = AR B INSRIR T B, ASBIESE S H
WA K BURR B LA R IR IS T REE R ISR T, (AR
TRy R HR R e S 2 MG SO A b e
FERELAL b, RORAYIT I T AR RAE R LAY R B4 (40 ObjVerse [127],
MVImgNet [128] %) b2z )iz (L s A e, DASEIIE 297 S =
HEMIAR I

50



2% Lk

[1]

(2]

[3]

[4]

(3]

[6]

[7]

[8]

[9]

[10]

£25 SRR

W. Wu, J. Weng, P. Zhang, X. Wang, W. Yang, and J. Jiang, “Uretinex-net:
Retinex-based deep unfolding network for low-light image enhancement,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022.

Y. Jiang, X. Gong, D. Liu, Y. Cheng, C. Fang, X. Shen, J. Yang, P. Zhou,
and Z. Wang, “Enlightengan: Deep light enhancement without paired super-
vision,” IEEE Transactions Image Processing, vol. 30, pp. 2340-2349, 2021.

C.Li, C. Guo, and C. C. Loy, “Learning to enhance low-light image via zero-
reference deep curve estimation,” /[EEE Transactions on Pattern Analysis
Machine Intelligence, vol. 44, no. 8, pp. 42254238, 2021.

L. Ma, T. Ma, R. Liu, X. Fan, and Z. Luo, “Toward fast, flexible, and robust
low-light image enhancement,” in Proceedings of IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2022.

S. Zhou, C. Li, and C. Change Loy, “Lednet: Joint low-light enhancement
and deblurring in the dark,” in Proceedings of European Conference on Com-
puter Vision, 2022.

Y. Zhao, Y. Xu, Q. Yan, D. Yang, X. Wang, and L.-M. Po, “D2HNet: Joint
denoising and deblurring with hierarchical network for robust night image

restoration,” in Proceedings of European Conference on Computer Vision,
2022.

V. F. Arruda, T. M. Paixdo, R. F. Berriel, A. F. De Souza, C. Badue, N. Sebe,
and T. Oliveira-Santos, “Cross-domain car detection using unsupervised
image-to-image translation: From day to night,” in Proceedings of Interna-
tional Joint Conference on Neural Networks, 2019.

E. Romera, L. M. Bergasa, K. Yang, J. M. Alvarez, and R. Barea, “Bridging
the day and night domain gap for semantic segmentation,” /IEEE Intelligent
Vehicles Symposium, pp. 1312—-1318, 2019.

H. Gao, J. Guo, G. Wang, and Q. Zhang, “Cross-domain correlation distil-
lation for unsupervised domain adaptation in nighttime semantic segmen-
tation,” in Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2022.

W. Wang, X. Wang, W. Yang, and J. Liu, “Unsupervised face detection in the
dark,” IEEE Transactions on Pattern Analysis Machine Intelligence, vol. 45,
no. 1, pp. 1250-1266, 2022.

51



JERUREEARL A Bl i 5L

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

W. Wang, Z. Xu, H. Huang, and J. Liu, “Self-aligned concave curve: [llumi-
nation enhancement for unsupervised adaptation,” in Proceedings of ACM
International Conference on Multimedia, 2022.

C. Sakaridis, D. Dai, and L. V. Gool, “Guided curriculum model adaptation
and uncertainty-aware evaluation for semantic nighttime image segmenta-
tion,” in Proceedings of IEEE/CVF International Conference on Computer
Vision, 2019.

Y. Sasagawa and H. Nagahara, “Yolo in the dark-domain adaptation method
for merging multiple models,” in Proceedings of European Conference on
Computer Vision, 2020.

X. Deng, P. Wang, X. Lian, and S. Newsam, “Nightlab: A dual-level archi-
tecture with hardness detection for segmentation at night,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022.

A. Lengyel, S. Garg, M. Milford, and J. C. van Gemert, “Zero-shot day-
night domain adaptation with a physics prior,” in Proceedings of IEEE/CVF
International Conference on Computer Vision, 2021.

Z. Cui, G.-J. Qi, L. Gu, S. You, Z. Zhang, and T. Harada, “Multitask aet with
orthogonal tangent regularity for dark object detection,” in Proceedings of
IEEE/CVF International Conference on Computer Vision, 2021.

K. Stelzner, K. Kersting, and A. R. Kosiorek, “Decomposing 3d scenes into
objects via unsupervised volume segmentation,” arXiv:2104.01148, 2021.

H.-X. Yu, L. J. Guibas, and J. Wu, “Unsupervised discovery of object radi-
ance fields,” in Proceedings of International Conference on Learning Rep-
resentations, 2022.

C. Smith, H.-X. Yu, S. Zakharov, F. Durand, J. B. Tenenbaum, J. Wu,
and V. Sitzmann, “Unsupervised discovery and composition of object light
fields,” Transactions on Machine Learning Research, 2023.

B. Jia, Y. Liu, and S. Huang, “Improving object-centric learning with query
optimization,” in Proceedings of International Conference on Learning Rep-
resentations, 2023.

R. Zhang, “Making convolutional networks shift-invariant again,” in Pro-
ceedings of International Conference for Machine Learning, 2019.

P. Chattopadhyay, Y. Balaji, and J. Hoffman, “Learning to balance specificity
and invariance for in and out of domain generalization,” in Proceedings of
European Conference on Computer Vision, 2020.

52



2% Lk

[23] W. Deng, S. Gould, and L. Zheng, “On the strong correlation between model
invariance and generalization,” in Proceedings of Advances in Neural Infor-
mation Processing Systems, 2022.

[24] M. Noroozi and P. Favaro, “Unsupervised learning of visual representations
by solving jigsaw puzzles,” in Proceedings of European Conference on Com-
puter Vision, 2016.

[25] T. Chen, S. Kornblith, M. Norouzi, and G. Hinton, “A simple framework
for contrastive learning of visual representations,” in Proceedings of Inter-
national Conference for Machine Learning, 2020.

[26] K. He, H. Fan, Y. Wu, S. Xie, and R. Girshick, “Momentum contrast for
unsupervised visual representation learning,” in Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2020.

[27] J.-B. Grill, F. Strub, F. Altché, C. Tallec, P. H. Richemond, E. Buchatskaya,
C. Doersch, B. A. Pires, Z. D. Guo, M. G. Azar, B. Piot, K. Kavukcuoglu,
R. Munos, and M. Valko, “Bootstrap your own latent: A new approach to
self-supervised learning,” in Proceedings of Advances in Neural Information
Processing Systems, 2020.

[28] X. Chen and K. He, “Exploring simple siamese representation learning,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2021.

[29] R. Wang, D. Chen, Z. Wu, Y. Chen, X. Dai, M. Liu, Y.-G. Jiang, L. Zhou, and
L. Yuan, “Bevt: Bert pretraining of video transformers,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2022.

[30] K. He, X. Chen, S. Xie, Y. Li, P. Dollar, and R. Girshick, “Masked autoen-
coders are scalable vision learners,” Proceedings of IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2022.

[31] A. Radford, K. Narasimhan, T. Salimans, 1. Sutskever, et al., “Improving
language understanding by generative pre-training,” 2018.

[32] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “Bert: Pre-training of
deep bidirectional transformers for language understanding,” arXiv preprint
arXiv:1810.04805, 2018.

[33] A.Radford, J. W. Kim, C. Hallacy, A. Ramesh, G. Goh, S. Agarwal, G. Sas-
try, A. Askell, P. Mishkin, J. Clark, et al., “Learning transferable visual mod-
els from natural language supervision,” in Proceedings of International Con-
ference for Machine Learning, 2021.

53



JERUREEARL A Bl i 5L

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

S. M. Pizer, E. P. Amburn, J. D. Austin, R. Cromartie, A. Geselowitz,
T. Greer, B. ter Haar Romeny, J. B. Zimmerman, and K. Zuiderveld, “Adap-
tive histogram equalization and its variations,” Computer Vision, Graphics,
and Image Processing, vol. 39, no. 3, pp. 355-368, 1987.

Z.-u. Rahman, D. J. Jobson, and G. A. Woodell, “Retinex processing for au-
tomatic image enhancement,” Journal of Electronic Imaging, 2004.

S. M. Pizer, E. P. Amburn, J. D. Austin, R. Cromartie, A. Geselowitz,
T. Greer, B. ter Haar Romeny, J. B. Zimmerman, and K. Zuiderveld, “Adap-
tive histogram equalization and its variations,” Computer Vision, Graphics,
and Image Processing, 1987.

C. Wei, W. Wang, W. Yang, and J. Liu, “Deep retinex decomposition for low-
light enhancement,” in Proceedings of British Machine Vision Conference,
2017.

W. Yang, S. Wang, Y. Fang, Y. Wang, and J. Liu, “From fidelity to percep-
tual quality: A semi-supervised approach for low-light image enhancement,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2020.

R. Liu, L. Ma, J. Zhang, X. Fan, and Z. Luo, “Retinex-inspired unrolling
with cooperative prior architecture search for low-light image enhancement,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2021.

C. Guo, C. Li, J. Guo, C. C. Loy, J. Hou, S. Kwong, and R. Cong, “Zero-
reference deep curve estimation for low-light image enhancement,” in Pro-
ceedings of IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, 2020.

A.Dudhane, S. W. Zamir, S. Khan, F. S. Khan, and M.-H. Yang, “Burstormer:
Burst image restoration and enhancement transformer,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023.

B. Kawar, M. Elad, S. Ermon, and J. Song, “Denoising diffusion restora-
tion models,” in Proceedings of Advances in Neural Information Processing
Systems, 2022.

C. M. Nguyen, E. R. Chan, A. W. Bergman, and G. Wetzstein, “Diffusion
in the dark: A diffusion model for low-light text recognition,” in IEEE/CVF
Winter Conference on Applications of Computer Vision, 2024.

Y. Jin, W. Yang, and R. T. Tan, “Unsupervised night image enhancement:
When layer decomposition meets light-effects suppression,” in Proceedings
of European Conference on Computer Vision, 2022.

54



2% Lk

[45] Y. Wang, R. Wan, W. Yang, H. Li, L.-P. Chau, and A. Kot, “Low-light image
enhancement with normalizing flow,” in Proceedings of AAAI Conference on
Artificial Intelligence, 2022.

[46] C. Chen, Q. Chen, J. Xu, and V. Koltun, “Learning to see in the dark,” in Pro-
ceedings of IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, 2018.

[47] C. Chen, Q. Chen, M. N. Do, and V. Koltun, “Seeing motion in the dark,”
in Proceedings of IEEE/CVF International Conference on Computer Vision,
2019.

[48] H.lJiang and Y. Zheng, “Learning to see moving objects in the dark,” in Pro-
ceedings of IEEE/CVF International Conference on Computer Vision, 2019.

[49] X. Wu, Z. Wu, H. Guo, L. Ju, and S. Wang, “Dannet: A one-stage do-
main adaptation network for unsupervised nighttime semantic segmenta-
tion,” in Proceedings of IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, 2021.

[50] T.Jenicek and O. Chum, “No fear of the dark: Image retrieval under varying
illumination conditions,” in Proceedings of IEEE/CVF International Confer-
ence on Computer Vision, 2019.

[51] B. Mahasseni and S. Todorovic, “Regularizing long short term memory with
3d human-skeleton sequences for action recognition,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2016.

[52] W. Song, M. Suganuma, X. Liu, N. Shimobayashi, D. Maruta, and
T. Okatani, “Matching in the dark: A dataset for matching image pairs of
low-light scenes,” in Proceedings of IEEE/CVF International Conference on
Computer Vision, 2021.

[53] Y. Li, N. Wang, J. Shi, J. Liu, and X. Hou, “Revisiting batch normalization
for practical domain adaptation,” in Proceedings of International Conference
on Learning Representations Workshops, 2017.

[54] M. Arjovsky, L. Bottou, I. Gulrajani, and D. Lopez-Paz, “Invariant risk min-
imization,” arXiv:1907.02893, 2019.

[55] K. Zhou, Y. Yang, Y. Qiao, and T. Xiang, “Domain generalization with
mixstyle,” in Proceedings of International Conference on Learning Repre-
sentations, 2021.

[56] S. Choi, S. Jung, H. Yun, J. T. Kim, S. Kim, and J. Choo, “Robustnet: Im-
proving domain generalization in urban-scene segmentation via instance se-
lective whitening,” in Proceedings of IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2021.

55



JERUREEARL A Bl i 5L

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

D. Peng, Y. Lei, M. Hayat, Y. Guo, and W. Li, “Semantic-aware domain gen-
eralized segmentation,” in Proceedings of IEEE/CVF Conference on Com-

puter Vision and Pattern Recognition, 2022.

J. Huang, D. Guan, A. Xiao, and S. Lu, “Fsdr: Frequency space domain ran-
domization for domain generalization,” in Proceedings of IEEE/CVF Con-

ference on Computer Vision and Pattern Recognition, 2021.

N. Kim, T. Son, C. Lan, W. Zeng, and S. Kwak, “Wedge: web-image assisted
domain generalization for semantic segmentation,” arXiv:2109.14196,2021.

J. Sivic, B. C. Russell, A. A. Efros, A. Zisserman, and W. T. Freeman, “Dis-
covering objects and their location in images,” in Proceedings of IEEE/CVF
International Conference on Computer Vision, 2005.

B. C. Russell, W. T. Freeman, A. A. Efros, J. Sivic, and A. Zisserman, “Using
multiple segmentations to discover objects and their extent in image collec-
tions,” in Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2006.

K. Grauman and T. Darrell, “Unsupervised learning of categories from sets of
partially matching image features,” in Proceedings of IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2006.

A. Joulin, F. Bach, and J. Ponce, “Discriminative clustering for image co-
segmentation,” in Proceedings of IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2010.

B. Li, Z. Sun, Q. Li, Y. Wu, and A. Hu, “Group-wise deep object co-
segmentation with co-attention recurrent neural network,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2019.

H. V. Vo, P. Pérez, and J. Ponce, “Toward unsupervised, multi-object discov-
ery in large-scale image collections,” in Proceedings of European Conference
on Computer Vision, 2020.

S. Eslami, N. Heess, T. Weber, Y. Tassa, D. Szepesvari, K. Kavukcuoglu, and
G. E. Hinton, “Attend, infer, repeat: Fast scene understanding with genera-
tive models,” in Proceedings of Advances in Neural Information Processing
Systems, 2016.

A. R. Kosiorek, H. Kim, 1. Posner, and Y. W. Teh, “Sequential attend, in-

fer, repeat: Generative modelling of moving objects,” in Proceedings of Ad-
vances in Neural Information Processing Systems, 2018.

56



2% Lk

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

E. Crawford and J. Pineau, “Spatially invariant unsupervised object detection
with convolutional neural networks,” in Proceedings of AAAI Conference on
Artificial Intelligence, 2019.

J. Jiang, S. Janghorbani, G. de Melo, and S. Ahn, “Scalor: Generative world
models with scalable object representations,” in Proceedings of International
Conference on Learning Representations, 2020.

Z. Lin, Y.-F. Wu, S. V. Peri, W. Sun, G. Singh, F. Deng, J. Jiang, and S. Ahn,
“Space: Unsupervised object-oriented scene representation via spatial at-
tention and decomposition,” in Proceedings of International Conference on
Learning Representations, 2020.

K. Greft, A. Rasmus, M. Berglund, T. H. Hao, J. Schmidhuber, and
H. Valpola, “Tagger: Deep unsupervised perceptual grouping,” in Proceed-
ings of Advances in Neural Information Processing Systems, 2016.

K. Greff, S. Van Steenkiste, and J. Schmidhuber, “Neural expectation max-
imization,” in Proceedings of Advances in Neural Information Processing
Systems, 2017.

K. Greff, R. L. Kaufman, R. Kabra, N. Watters, C. Burgess, D. Zoran,
L. Matthey, M. Botvinick, and A. Lerchner, “Multi-object representation
learning with iterative variational inference,” in Proceedings of International
Conference for Machine Learning, 2019.

C. P. Burgess, L. Matthey, N. Watters, R. Kabra, I. Higgins, M. Botvinick,
and A. Lerchner, “Monet: Unsupervised scene decomposition and represen-
tation,” arXiv:1901.11390, 2019.

M. Engelcke, A. R. Kosiorek, O. P. Jones, and I. Posner, “Genesis: Genera-
tive scene inference and sampling with object-centric latent representations,”
arXiv:1907.13052, 2019.

F. Locatello, D. Weissenborn, T. Unterthiner, A. Mahendran, G. Heigold,
J. Uszkoreit, A. Dosovitskiy, and T. Kipf, “Object-centric learning with slot
attention,” in Proceedings of Advances in Neural Information Processing
Systems, 2020.

0. Biza, S. van Steenkiste, M. S. Sajjadi, G. F. Elsayed, A. Mahendran, and
T. Kipf, “Invariant slot attention: Object discovery with slot-centric reference
frames,” in Proceedings of International Conference for Machine Learning,
2023.

A. Didolkar, A. Goyal, and Y. Bengio, “Cycle consistency driven object dis-
covery,” arXiv:2306.02204, 2023.

57



JERUREEARL A Bl i 5L

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

[88]

[89]

T. Monnier, E. Vincent, J. Ponce, and M. Aubry, “Unsupervised layered im-
age decomposition into object prototypes,” in Proceedings of IEEE/CVF In-
ternational Conference on Computer Vision, 2021.

S. Liang, Y. Liu, S. Wu, Y.-W. Tai, and C.-K. Tang, “Onerf: Unsupervised
3d object segmentation from multiple views,” arXiv:2211.12038, 2022.

S. A. Eslami, D. J. Rezende, F. Besse, F. Viola, A. S. Morcos, M. Garnelo,
A. Ruderman, A. A. Rusu, 1. Danihelka, K. Gregor, et al., “Neural scene
representation and rendering,” Science, vol. 360, no. 6394, pp. 1204-1210,
2018.

C. Chen, F. Deng, and S. Ahn, “Learning to infer 3d object models from
images,” arXiv:2006.06130, 2020.

M. S. Sajjadi, D. Duckworth, A. Mahendran, S. van Steenkiste, F. Pavetic,
M. Lucic, L. J. Guibas, K. Greff, and T. Kipf, “Object scene representation
transformer,” in Proceedings of Advances in Neural Information Processing
Systems, 2022.

J. Wu, J. B. Tenenbaum, and P. Kohli, “Neural scene de-rendering,” in Pro-
ceedings of IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, 2017.

S. Yao, T. M. H. Hsu, J.-Y. Zhu, J. Wu, A. Torralba, W. T. Freeman, and
J. B. Tenenbaum, “3d-aware scene manipulation via inverse graphics,” in
Proceedings of Advances in Neural Information Processing Systems, 2018.

A. Kundu, Y. Li, and J. M. Rehg, “3d-rcnn: Instance-level 3d object recon-
struction via render-and-compare,” in Proceedings of IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2018.

J. Ost, F. Mannan, N. Thuerey, J. Knodt, and F. Heide, “Neural scene graphs
for dynamic scenes,” in Proceedings of IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2021.

N. Miller, A. Simonelli, L. Porzi, S. R. Bulo, M. Nieflner, and
P. Kontschieder, “Autorf: Learning 3d object radiance fields from single
view observations,” in Proceedings of IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2022.

B. Yang, Y. Zhang, Y. Xu, Y. Li, H. Zhou, H. Bao, G. Zhang, and Z. Cui,
“Learning object-compositional neural radiance field for editable scene ren-
dering,” in Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2021.

58



2% Lk

[90] Q. Wu, X. Liu, Y. Chen, K. Li, C. Zheng, J. Cai, and J. Zheng, “Object-
compositional neural implicit surfaces,” in Proceedings of European Con-
ference on Computer Vision, 2022.

[91] Z. Fan, P. Wang, Y. Jiang, X. Gong, D. Xu, and Z. Wang, “Nerf-
sos: Any-view self-supervised object segmentation on complex scenes,”
arXiv2209.08776, 2022.

[92] J. Cen, J. Fang, C. Yang, L. Xie, X. Zhang, W. Shen, and Q. Tian, “Segment
any 3d gaussians,” arXiv:2312.00860, 2023.

[93] J. Cen, Z. Zhou, J. Fang, W. Shen, L. Xie, X. Zhang, and Q. Tian, “Segment
anything in 3d with nerfs,” in Proceedings of Advances in Neural Information
Processing Systems, 2023.

[94] B. Mildenhall, P. P. Srinivasan, M. Tancik, J. T. Barron, R. Ramamoorthi,
and R. Ng, “Nerf: Representing scenes as neural radiance fields for view syn-
thesis,” in Proceedings of European Conference on Computer Vision, 2020.

[95] V. Sitzmann, M. Zollhofer, and G. Wetzstein, “Scene representation net-
works: Continuous 3d-structure-aware neural scene representations,” in Pro-
ceedings of Advances in Neural Information Processing Systems, 2019.

[96] J.J. Park, P. Florence, J. Straub, R. Newcombe, and S. Lovegrove, “Deepsdf:
Learning continuous signed distance functions for shape representation,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2019.

[97] B. Kerbl, G. Kopanas, T. Leimkiihler, and G. Drettakis, “3d gaussian splat-
ting for real-time radiance field rendering,” ACM Transactions on Graphics,
vol. 42, no. 4, pp. 1-14, 2023.

[98] H. Lee, M. Ra, and W.-Y. Kim, “Nighttime data augmentation using gan
for improving blind-spot detection,” IEEE Access, vol. 8, pp. 48049-48059,
2020.

[99] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,
S. Ozair, A. Courville, and Y. Bengio, “Generative adversarial networks,”
Communications of the ACM, 2020.

[100] J.-Y. Zhu, T. Park, P. Isola, and A. A. Efros, “Unpaired image-to-image
translation using cycle-consistent adversarial networks,” in Proceedings of
IEEE/CVF International Conference on Computer Vision, 2017.

[101] A. Punnappurath, A. Abuolaim, A. Abdelhamed, A. Levinshtein, and M. S.
Brown, “Day-to-night image synthesis for training nighttime neural isps,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022.

59



JERUREEARL A Bl i 5L

[102] K.He, X.Zhang, S. Ren, and J. Sun, “Deep residual learning for image recog-
nition,” in Proceedings of IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 2016.

[103] G. Lin, A. Milan, C. Shen, and I. Reid, “Refinenet: Multi-path refine-
ment networks for high-resolution semantic segmentation,” in Proceedings of
IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2017.

[104] M. Cordts, M. Omran, S. Ramos, T. Rehfeld, M. Enzweiler, R. Benenson,
U. Franke, S. Roth, and B. Schiele, “The cityscapes dataset for semantic ur-
ban scene understanding,” in Proceedings of IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2016.

[105] D. Dai and L. V. Gool, “Dark model adaptation: Semantic image segmenta-
tion from daytime to nighttime,” in IEEE International Conference on Intel-
ligent Transportation Systems, 2018.

[106] L.-C. Chen, G. Papandreou, F. Schroff, and H. Adam, “Rethinking atrous
convolution for semantic image segmentation,” arXiv.1706.05587,2017.

[107] F.Radenovi¢, G. Tolias, and O. Chum, “Fine-tuning cnn image retrieval with
no human annotation,” IEEE Transactions on Pattern Analysis Machine In-
telligence, vol. 41, no. 7, pp. 1655-1668, 2019.

[108] A. Torii, R. Arandjelovic, J. Sivic, M. Okutomi, and T. Pajdla, “24/7 place
recognition by view synthesis,” in Proceedings of IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2015.

[109] F. Radenovié, G. Tolias, and O. Chum, “Deep shape matching,” in Proceed-
ings of European Conference on Computer Vision, 2018.

[110] H. Kuehne, H. Jhuang, E. Garrote, T. A. Poggio, and T. Serre, “HMDB:
A large video database for human motion recognition,” in Proceedings of
IEEE/CVF International Conference on Computer Vision, 2011.

[111] K. Soomro, A. R. Zamir, and M. Shah, “UCF101: A dataset of 101 human
actions classes from videos in the wild,” arXiv:1212.0402, 2012.

[112] W.Kay, J. Carreira, K. Simonyan, B. Zhang, C. Hillier, S. Vijayanarasimhan,
F. Viola, T. Green, T. Back, P. Natsev, M. Suleyman, and A. Zisserman, “The
kinetics human action video dataset,” arXiv:1705.06950, 2017.

[113] M. Monfort, C. Vondrick, A. Oliva, A. Andonian, B. Zhou, K. Ramakrish-
nan, S. A. Bargal, T. Yan, L. M. Brown, Q. Fan, and D. Gutfreund, “Moments
in time dataset: One million videos for event understanding,” IEEE Transac-
tions on Pattern Analysis Machine Intelligence, vol. 42, no. 2, pp. 502-508,
2020.

60



2% Lk

[114]

[115]

[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

Y. Xu, J. Yang, H. Cao, K. Mao, J. Yin, and S. See, “Arid: A new dataset
for recognizing action in the dark,” in Deep Learning for Human Activity
Recognition, 2021.

C. Feichtenhofer, H. Fan, J. Malik, and K. He, “Slowfast networks for
video recognition,” in Proceedings of IEEE/CVF International Conference
on Computer Vision, 2019.

J. Carreira and A. Zisserman, “Quo vadis, action recognition? A new model
and the kinetics dataset,” in Proceedings of IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2017.

F. Zhang, Y. L1, S. You, and Y. Fu, “Learning temporal consistency for low
light video enhancement from single images,” in Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2021.

S. Zheng and G. Gupta, “Semantic-guided zero-shot learning for low-light
image/video enhancement,” in IEEE/CVF Winter Conference on Applica-
tions of Computer Vision Workshops, 2022.

M. Oquab, T. Darcet, T. Moutakanni, H. Vo, M. Szafraniec, V. Khalidov,
P. Fernandez, D. Haziza, F. Massa, A. El-Nouby, et al., “Dinov2: Learning
robust visual features without supervision,” arXiv:2304.07193, 2023.

K. Cho, B. Van Merriénboer, C. Gulcehre, D. Bahdanau, F. Bougares,
H. Schwenk, and Y. Bengio, “Learning phrase representations using rnn
encoder-decoder for statistical machine translation,” in Proceedings of Con-
ference on Empirical Methods in Natural Language Processing, 2014.

Y. Ge, H.-X. Yu, C. Zhao, Y. Guo, X. Huang, L. Ren, L. Itti, and J. Wu,
“3d copy-paste: Physically plausible object insertion for monocular 3d de-

tection,” in Proceedings of Advances in Neural Information Processing Sys-
tems, 2023.

J. Johnson, A. Alahi, and L. Fei-Fei, “Perceptual losses for real-time style
transfer and super-resolution,” in Proceedings of European Conference on
Computer Vision, 2016.

G. Wang, Z. Chen, C. C. Loy, and Z. Liu, “Sparsenerf: Distilling depth rank-
ing for few-shot novel view synthesis,” in Proceedings of IEEE/CVF Inter-
national Conference on Computer Vision, 2023.

J. Yang, M. Pavone, and Y. Wang, “Freenerf: Improving few-shot neural
rendering with free frequency regularization,” in Proceedings of IEEE/CVF
Conference on Computer Vision and Pattern Recognition, 2023.

61



JERUREEARL A Bl i 5L

[125]

[126]

[127]

[128]

J. Collins, S. Goel, K. Deng, A. Luthra, L. Xu, E. Gundogdu, X. Zhang, T. F.
Yago Vicente, T. Dideriksen, H. Arora, M. Guillaumin, and J. Malik, “Abo:
Dataset and benchmarks for real-world 3d object understanding,” in Proceed-
ings of IEEE/CVF Conference on Computer Vision and Pattern Recognition,
2022.

S. K. Ramakrishnan, A. Gokaslan, E. Wijmans, O. Maksymets, A. Clegg,
J. Turner, E. Undersander, W. Galuba, A. Westbury, A. X. Chang, et al.,
“Habitat-matterport 3d dataset (hm3d): 1000 large-scale 3d environments
for embodied ai,” arXiv:2109.08238, 2021.

M. Deitke, D. Schwenk, J. Salvador, L. Weihs, O. Michel, E. VanderBilt,
L. Schmidt, K. Ehsani, A. Kembhavi, and A. Farhadi, “Objaverse: A uni-
verse of annotated 3d objects,” in Proceedings of IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2023.

X. Yu, M. Xu, Y. Zhang, H. Liu, C. Ye, Y. Wu, Z. Yan, C. Zhu, Z. Xiong,
T. Liang, et al., “Mvimgnet: A large-scale dataset of multi-view images,”
in Proceedings of IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023.

62



2% Lk

TAER . EFHRETFRRRE

1EEEN
B, F, 2002 48 1 AT BilgTT, 2020 425 AdURURAF E RS
TR RE, BOEHAA2A oA 2024 4F 8 JT Rtk 58 [ BRZ IR KT SRAL R KL
BHE AL
ERIEL  ( IRFHFE1EH)
KWIRL
[1] Rundong Luo*, Yifei Wang*, and Yisen Wang. “Rethinking the Effect of

Data Augmentation in Adversarial Contrastive Learning.” In Proceedings of

International Conference on Learning Representations (ICLR), 2023.

[2] Rundong Luo, Wenjing Wang, Wenhan Yang, and Jiaying Liu. “Similar-
ity Min-Max: Zero-shot Day-Night Domain Adaptation.” In Proceedings
of IEEE/CVF International Conference on Computer Vision (ICCV), 2023.
(Oral), top 2%.

[3] Rundong Luo*, Hong-Xing Yu*, and Jiajun Wu. “Unsupervised Discov-
ery of Object-Centric Neural Fields.” Under Review at Neural Information

Processing Systems (NeurIPS), 2024.

[4] Rundong Luo*, Haoran Geng, Congyue Deng, Puhao Li, Zan Wang, Baox-
iong Jia, Leonidas Guibas, and Siyuan Huang.“Physically-Plausible Part Com-
pletion for Interactable Objects.” Under Review at Neural Information Pro-

cessing Systems (NeurIPS), 2024.
HATIIE 3L

[1] Wenjing Wang*, Rundong Luo*, Wenhan Yang, and Jiaying Liu. “Unsuper-
vised Illumination Adaptation for Low-Light Vision.” IEEE Transactions on

Pattern Analysis and Machine Intelligence (TPAMI), 2024.

63



JERUREEARL A Bl i 5L

EHIHIE

[1] — b Je H B ek B B I 250 YR XA 73k, REE A XK
B, D%, 50, AT S: 2022111296066, HiE H: 2022
F9H 16 H

64



N D S

Brig

P#gEE, ¥ H. BRI R AR I —Z0E, =45 HY
WA, B — B AR %I AT EDIE . X BUIRAR , BEes RIBLR, &
e NAERI P19k B — R A8 S — X R 783 2 PR R

FEALR B4R, RENEFRAEIET 5 RREE, 355 TIE
HimH SRR G . B hRAZIRIIRE : JERA RWFARGE S FEN
HER, ERAAAB BRRE CRER I ) Hitgn FEERES, LR
RET R AR, A HBRABEILRAZ R ECHENS ) 5%
SMPRMURFTHI I, KRG T TRV NEREEE: BT, 224
AR, Sk BERE, WibIREORE DA T I Em i A L.

JERAPUAE R RGN B ARz a2 BB B AEXPU4E R, oA =2
BE] T U2 TR TS AR B4 FRICTAR 15 A3 D),
AR N B AR 07 ). FE DR EZEAREIIM E— KK, 2t
5 FGEVE TR RTT, b2 STRUCT /MR X ZZBEE . 3L
A B oG, WEESAR . B MR
SR . RARMIRIAT DRI SR FRAE R E e E/NE T2 . AR
EARLE G RGAE LR = B R H A, ARy TR ML s, KR5S
WEZSEFYLET, A RS E TS IR,

KA BT RRNA T R TR R = 28 . s
WA T Fdl. RIS ARSI BER B AR AR . R A5 e
BT, RORT AEOREERGHI AN I rEaS . BKIE AR WD . RK
Wy FICEI AR N2 T, (EARMT RS AL ST R 4 2 T 4
TEIIS r S e AB— RO P SR . — IR MR, B —IR, #RA AR
7, #ECH T HRFTBHRZ SRR,

R B R B IS . RARNITCA A Z A SR LE T BES B AL FLAT
TEIRIEE AT A WRAERIPE AR RENS ehF T 250 AR 0L A s il 2 3 b i 2h
JrR, ARRIIR AT I e B JE G T REE AR eE R R, H
PRI EOEEAN 5 e Rk AE R T AT, I TR AE S 2 s PEAE AR AT B il o

65



JERUREEARL A Bl i 5L

[T EARIIYAR, A SR, K FRAEXT SR R SR 20 T AT 2
FHBWIIRE 58 LA BRSSP RS I 2 AL, (HATORBEANIE.
SR LS R AR B B I A 10— 1), iR FRE s A SRk
B Tl A s o

SCRARZE, A RIRFE BRI BB A S A AR RAR o s an =] g v it
HERES SIS Gy s L e v S IR0 o STEN SN i E K
HEETFEISIG, B RAEIB I A N, A EEIHERPREE.
R TUEERA L !

66



ERKRFFAMIL IR G 14 AR FN{E A %15 BR
JE e 7

ARNAEFEY: Fr 2 AAR S —RANESRIMIR ST, AT 5T
TARPTHAR IR o BRICHH Sy E B SR I N 25k, AR SO S AR HAR AN A B
AR O R AR B S T B i BORER o AR ST AT 0 A B TR AR,
)AL S LA T bR B AR B AR A R AR N kdE

WIANEEREA
H - F A H

ALV ST A A U B

RNGEA T AR R TR RAE AR SR E, B

® LSRR GEAT AL Y SCH BRI A A HL 1 R A

® A RURAF AN ST ENRIASRT B 75, IR 3Rt H Sk R 51 WA 55
FERZ bl L S fH A 55

® AR LURAIZEN. 4. b sc e B T BURAR

WIXANEEREA FIMZEA -
H¥: % H H



