Exploring Implicit Domain-Invariant Features
1{e] g
Domain Adaptive Object Detection

iLIRA . =505 XUSE #6

tig







B frha il i 7 A2 S iak 55 53k ik

CNN{RIEALFE

o iR BIRME
Sl

SR BiE M E B Y mEE SUaEE AR
B NIRIRZNm.

SR BiEMN B el SR AR MR
PEE N D TRCHRIUBFEFEEIR
PRCERCBIHY B AR,




G BiE NS N=E R

BB TURIMIHE A
TSI
BRI D B
TFEAE, TR T AT
TSR RIS EATR, B
A TR AT,

FoiEA R i
FSERHIE

XL MER BN 7 AT EAHLE

HABEERFE. BEBH5IH

MU A ARSI SAFAERISESE,
T EB R FRIX EAHLE.

§Eﬂ%§%ﬁﬂ

B RIS RIS

BEETENREMSS, XSE

THNBRTTIEFE D X EAHE
B TEE A

XIMEEE R

SRR AR BEBFER

S ERHERISRINE R,

BN T X LRI R PRI

HHIE, MMBRE T Bty
HERE.




G BiENS N ER )

B implicit domain-invariant feature @ cxplicit domain-invariant feature A domain-specific feature

- BIRIFED YY), SENSREEARRENHR
FEEENESEE.

- RRERNFERHEEEF, BEEIVITEAZFE,
FAIRERRIC,
-INREREREEES, BEFERUEHSERIL,
BHEERIVSUEAZRHE, RIERC.

(b) domain-invariant

(a) examples branch

LR AR e B AERCRNSRIEAE R, ENEREGFEERERE

TR 7 THERXISR (BMFEEZ) RFRTUVEASEFE, WEL (bR, 23R
AMRRIX LR HRAVEI SRR, BEieiltaeE RS ZEIIRE).




IDFRiEMARa1TE

Faz(dlig A~ Faster R-CNN (Implicit Domain-invariant

Faster R-CNN)

W5I3ZERE

IDFSRA T PN 3289
HERAS, RPUEAZE D
SATUEAFED S, X
MW ST BT
A5 =) s AN 3R 4HERT
AT BT

A EDZ
BT BT IR
S, BT
HISEAEE (GRL)
AR
BIRTEER, MTISE

IS Z (L BEIRIIRTT.

TEAFESD 32
TSI
RSTRIUSE, FHBTE
AT #1515
(NADD) 345
B, IUSTHE
RTEHREAYRAES T,

XZ— AT R B iraluR Bi&MN S AT A,

1E3F (AR AT

(SFP) 1%

IDFSINTSFPiRs, Bid/k

FOMERISEIR MR A — L,

BRESES X FEIRERE
BEBEMEAED ST, LUR
B AR SR,

WiEETIRIR
(DAM)
DAMIGHFITF MRS
ERRHEFIRVE PR A
HATER, FIER R
RS EAIRE TS,
RIS, DAMIBIS BT
TSRS, B
B R EEEEERVER
HA, TS T RS
t.



IDFEiEARAICTRE R SR FIEIFR =

B implicit domain-invariant feature

@ explicit domain-invariant feature A domain-specific feature

SFP LosDAMEIS EEX AT o T ANFIES --
BTN, BHEATSEFRIERFE

EEY YN !zﬂll (d)F7=. o, DAMIERTLA

IS IS D S .

(¢) domain-specific (d) enhanced domain-invariant
branch branch

SFP LossEIF: 1Rl S SIS B SR TS R A S
DAM: WSS STHORAEFIEEVEFIRIER, FHIEkr S RIRAas ETAmA,




e B8 oo o
—

‘ THEORETICAL INSIGHTS




REBRBENMIRENARN G AZSIE

THEORETICAL INSIGHTS
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THEORETICAL INSIGHTS
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THEORETICAL INSIGHTS
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Implicit Domain-invariant Faster R-CNN (IDF) Detector.

> The architecture of IDF.
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R-CNN(Region with CNN Feature)
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Source Domain

» The Fully Labeled Source Domain. » The Unlabeled Target Domain
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» The Domain-invariant Branch.
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The Domain-invariant Branch
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The Domain-specific Branch

» The Domain-specific Branch.
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DAM
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Pseudo Target Label
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Methods Person Rider Car Truck Bus Train Motorcycle Bicycle mAP
Source Only [38] 24.1 33.1 34.3 4.1 22.3 3.0 15.3 26.5 20.3
DAF [5] 25.0 31.0 40.5 22.1 35.3 20.2 20.0 27.1 27.6
SCDA [54] 33.5 38.0 48.5 26.5 39.0 23.3 28.0 33.6 33.8
MAF [46] 28.2 39.5 43.9 23.8 399 33.3 29.2 33.9 34.0
SWDA [40] 29.9 42.3 43.5 24.5 36.2 32.6 30.0 353 34.3
DD-MRL [22] 30.8 40.5 44.3 27.2 38.4 34.5 28.4 32.2 34.6
SCL [43] 31.6 44.0 44.8 30.4 41.8 40.7 33.6 36.2 37.9
MDA [48] 33.2 44.2 44.8 28.2 41.8 28.7 30.5 36.5 36.0
ATF [18] 34.6 48.0 50.0 23.7 43.3 38.7 334 38.8 38.7
HTCN [4] 33.2 47.5 47.9 31.6 47.4 40.9 32.3 37.1 39.8
CFA [52] 34.0 46.9 42.1 30.8 43.2 29.9 34.7 37.4 38.6
MEAA [33] 34.2 48.9 524 30.3 47.4 46.0 33.2 36.2 40.5
UMT [10] 33.0 45.9 48.6 34.1 56.5 46.8 30.4 37.3 41.7
Ours (Baseline) 32.2 45.0 48.4 29.8 44.3 43.9 29.3 34.7 38.5
Ours (IDF) 374 50.1 52.8 31.3 50.6 42.0 33.7 41.7 42.4
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(a) Source Only (b) HTCN (c) IDF (Ours) (d) Ground Truth

B4, Source Only[38]. HTCN[4]. E(iIB9755AF1Ground TruthfIaiAETILER, S—1TEMSIM10K[211ZI&KEIEST
FHEPIEHEN7]. RERTEMNEERIAEZSEFIRHEN[7IZIEZSEHEN[41]. SELLIEERLL, BiIANE
BURTAERRAe T B iR E P B A Ra U A IR b B9/ MR,
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Methods Person Rider Car Truck Bus Train Motorcycle Bicycle mAP
Source Only 24.1 33.1 343 4.1 22.3 3.0 15.3 26.5 20.3
Baseline 322 45.0 48.4 29.8 443 43.9 293 34.7 38.5
IDF w/o data augmentation 35.1 48.0 51.7 30.0 443 45.9 33.0 37.4 40.7
IDF w/o enhanced pseudo label 36.7 48.2 52.7 34.3 47.9 39.8 324 38.3 41.3
IDF w/o SFP Loss 37.5 473 52.7 34.0 529 30.9 335 40.6 41.1
IDF w/o DAM Module 37.7 50.1 52.8 31.6 46.2 28.5 36.6 40.1 404
IDF (full) 37.4 50.1 52.8 31.3 50.6 42.0 33.7 41.7 424
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