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Background

classifier
 Object detection
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Background

« Source-free Unsupervised Domain Adaptation
- Domain adaptation
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Background

« Source-free Unsupervised Domain Adaptation

- Unsupervised Domain Adaptation(UDA)
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= Source-free UDA

- Source model 2f 2H# 0| Q1= target data & &3l target domain Of| adapting St= L'HE
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VS, Oza, et al. “Instance Relation Graph Guided Source-Free Domain Adaptive Object
Detection.” CVPR, 2023.
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Introduction

e Source-free domain

Source only model Multiple views cropped from RPN proposals

WiE!

R

(a) RPN Proposal (b) RPN-view Contrastive Learning

(a) Prediction (b) Ground truth

Figure 3. (a) Class agnostic object proposals generated by Re-
Figure 2. (a) Object predictions by Cityscapes-trained model  gion Proposal Network (RPN). (b) Cropping out RPN propos-
on the FoggyCityscapes image. (b) Corresponding ground truth. 3]s will provide multiple contrastive views of an object instance.
Here, the proposals around the bus instance have inconsistent pre-  We utilize this to improve target domain feature representations
Flictions, indicating that instance f.eat'ures are prone to la.rge shift through RPN-view contrastive learning. However as RPN pro-
in the feature space, for a small shift in the proposal location. posals are class agnostic, it is challenging to form positive (same

class)/negative pairs (different class), which is essential for CRL.
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Mean-teacher based self-training

« Teacher-student architecture

Teacher Network

« Teacher network

- Weak augmentation image

- Student network Of| region proposal A&

- Student network2| weight £ 22 0| E (EMA)

Teacher Proposals
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Graph-guided contrastive learning

« Instance Relation Graph (IRG)

- Notation
G:G={VE) V :Nodes &£ :Edges Teacher Network
Rol Pooled Features
- Nodes & I — rﬂﬁ
&‘. Shared

&
- Rol features extracted from RPN proposals e ( |_, @ @ i=

— Teacher RPN proposals A&
Instance Relation Graph

Teacher Proposals

‘ \\\ _______________________________ ,’j
Rol Pooled Features
- Instance relation matrix (instances 7+2| FALE) A
E = [eijlmxm eij : Edges of the vf" and v" Framework 25
exp (SZ j )
Cij = S exp(S;;) where Si; = f(v;) - g(v;)"
ij
(softmax) (f and g : learnable function)
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Graph-guided contrastive learning

« Graph Distillation Loss (GDL)

. IRG E1} MZ9| Rol features &5 Al

instance relation matrix

_ - mxd / m: proposal instances 7§ 4=
Input feature to IRG: [ € IR d: dimention of Rol features
- Output features of IRG: F' = ReLU(EFW) w: learnable weight matrix

- @| & features & 25 RCNN classification layer 2| Y HO 2 ALE

. 5 features 25 E &2 class logits2| discrepancy minimize &t&
- IRG £ 1} M Z Rol feature 2| consistency SX|

- Teacher 1} student 2| consistency +X|
2 Zst , Zte - Student and teacher class logits corresponding to features F
s+ Zer, Zpe - Student and teacher class logits corresponding to features F
Lapr = KL(0(Zst),0(Zst)) KL: Kullback—Leibler divergence
~ — §|_EE_E_O_ KO E )Ik_}
+ KL(0(Zse),0(Zse)) + KL(0(Zst), 0(Zse)) (F =HEZ 22 A0IZ AL
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Graph-guided contrastive learning

« Graph Contrastive Loss (GCL)

- Contrastive learning
- Representation space Ol Al FALSH OO B = M2 7HZ A, CHE HIO|H = O MUEE S55t= 7|8

- Positive/negative pair 7| 282

RCNN
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Experiments

« Cityscapes = FoggyCityscapes

A

- Adaptation to adverse weather

Table 1. Quantitative results (mAP) for Cityscapes — FoggyCi-
tyscapes. S: Source only, O: Oracle, UDA: Unsupervised Domain

A 2

1L

210}

Adaptation, SFDA: Source-Free Domain Adaptation.

Type  Method prsn  rider car truck bus train mcycle Dbicycle mAP
S Source Only 293 341 358 154 260 909 224 29.7 252
DA Faster [£] 250 31.0 405 221 353 202 200 271 27.6
D&Match [33] 30.8 405 443 272 384 345 284 322 34.6

MTOR [2] 306 414 440 219 386 406 283 356 35.1

UDA SWDA [56] 299 423 435 245 362 326  30.0 353 34.3
CDN [60] 358 457 509 30.1 425 298 308 36.5 36.6
Collaborative DA [75] 327 444 50.1 2177 45.6 254 30.1 36.8 359

iFAN DA [78] 326 485 228 400 330 455 317 279 353

Instance DA [78] 33.1 434 49.6 219 457 320 295 37.0 36.5
Progressive DA [20] 36.0 455 544 243 441 258 29.1 359 36.9
Categorical DA [71] 329 438 492 272 451 364 303 34.6 37.4

MeGA CDA [20] 377 490 524 254 492 469 345 39.0 41.8
Unbiased DA [11] 338 473 498 300 482 42.1 33.0 373 404

SFOD [40] 217 440 404 322 11.8 253 345 343 30.6
SFOD-Mosaic [40] 255 445 407 332 222 284 341 39.0 33.5

SFDA HCL [27] 269 46.0 413 330 250 28.1 359 40.7 34.6
LODS [39] 340 457 488 273 397 19.6 332 37.8 35.8
Mean-Teacher [61] 33.9 430 450 292 372 251 25.6 38.2 343

IRG (Ours) 374 452 519 244 396 252 315 41.6 371

O Oracle 387 469 567 355 494 447 359 38.8 43.1

HABTHE
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Experiments

« PASCAL-VOC > Watercolor 2!

| S
-

- Realistic to artistic data adaptation

Table 3. Quantitative results for PASCAL-VOC — Watercolor.
S: Source only, UDA: Unsupervised Domain Adaptation, SFDA:
Source-Free domain adaptation.

21t

Type Method bike bird car cat dog prsn mAP
S Source only 68.8 46.8 37.2 32.7 21.3 60.7 44.6
DA Faster [¢] 75.2 40.6 48.0 31.5 20.6 60.0 46.0

BDC Faster [56] 68.6 48.3 47.2 26.5 21.7 60.5 45.5

BSR [32] 82.8 43.2 49.8 29.6 27.6 58.4 48.6

UDA WST [32] 77.8 48.0 452 304 295 642 492
SWDA [56] 71.3 52.0 46.6 36.2 29.2 67.3 504
HTCN [3] 78.6 47.5 45.6 354 31.0 622 50.1

I’Net [1] 81.1 493 46.2 35.0 31.9 65.7 51.5
Unbiased DA [11] 88.2 553 51.7 39.8 43.6 69.9 55.6

PL [20] 74.6 46.5 45.1 27.3 259 544 46.1
SFOD [40] 76.2 449 493 31.6 30.6 55.2 479

SFDA Mean-teacher [61] 73.6 47.6 46.6 28.5 29.4 56.6 47.1
IRG (Ours) 75.9 52.5 50.8 30.8 38.7 69.2 53.0

R 447 T8
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Experiments

« Ablation study on FoggyCityscapes

- Input of student and teacher network
- Weak-Weak (WW)
- Strong-Strong (SS)

- Strong-Weak (SW)

- Graph Distillation Loss (GDL)

- Graph Contrastive Loss (GCL)

Table 5. Ablation study on FoggyCityscapes.

Method PL GDL GCL prsn

rider car truc

bus train mcycle bcycle mAP

Source Only X X X 258 33.7 352 13.0 282 9.1 187 314 244
MT+WW v X X 358 42.6 439 231 327 11.0 299 387 322
MT + SS A X 328 414 438 18.2 28.6 11.2 246 383 299
MT+SW v X X 339 430 45.0 29.1 372 25.1 255 382 343
Ours v 7/ X 37.2 43.1 51.0 28.6 40.1 21.2 282 37.1 359
Ours v 7/ v 374 452 519 244 396 252 315 41.6 37.1
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Liu, Lin, et al. “Periodically Exchange Teacher-Student for Source-Free Object

Detection.” ICCV, 2023.
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Introduction

« Mean-teacher framework 2| =& X| &

- Teacher 2 &2 student 2 20| L= E

- Source 2 pretrain®l 2 20| target domainO|
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Introduction

e Framework

- Outer-period exchange of teacher-student

- O epoch OFC} static teacher 2 21} student &I O| 7tZ k|2 mgt  General framework

Teacher 1
Teacher
Teacher 2
Student
Student
Proposed framework

- Inner-period training with consensus mechanism

- O iteration OFC} dynamic teacher 2 student 22 2| EMA £ R H|O|E

:= O|[ff static teacher 2 & 9| 7} =KX= 1Y

(a) OQuter-period exchange of teacher-student

{b) Inner-period training with consensus mechanism

a -
1 —w 5T | ——— i
2t + 1 5T DT::I 5
I_ Weak aug. i
i < il :
|ﬂ Strong aug.
2t + 2 ST DT::I 5 EMA
L Fusion
T Prediction %
lrj ! —
ST: Static teacher model DT: Dynamic teacher model [|:_T E :: }
5: Smdent model ¢ Period numbser Weights flow Weak aug. J :\" Boxes Smn:s;
Framework
PR avasa
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Outer-period exchange of teacher-student

- Epoch 7|& outer-period exchange of teacher-student
- 2 20| §=5t= 0]

- Student: static teacher 2 &€ student 2 & 0| CHF A= lower bound & &t

=
: BFoF 45 X SHEl teacher2 Q13Y studentZt FHEICHH O w2tE S3H student 7t O 7 epoch2 = ZO0F7HA|
SO EM LA FNE 2SN E = US

- Dynamic teacher: 2t student 2F B w2tz AX{ Q| student| LA[H A4

=
1T oo=

s+ &N 2 dynamic teacher 2 YIH[O|E £ = A | HA noise Off CHet XMetE efdf

o 71 O O

(a) Outer-period exchange of teacher-student

2t + 1 ST DTD S

2t +2 | ST ﬁaﬂ s

ST: Static teacher model ~ DT: Dynamic teacher model ’

S: Student model  t: Period number Weights flow
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Inner-period training with consensus mechanism
« Iteration 7| inner-period training

- Dynamic teacher model update
- Student & 2 | temporal ensemble 2 EMA & G|0| E
;= Student 2 2 1} static teacher 2 22| weight w2t 2 OIS A|ZHA ensemble A1 7ts

- O| [} static teacher = &2 weight 1

-

— Consensus mechanism 2 =9l pseudo-label 2| &% SF4!

(b) Inner-period training with consensus mechanism

. T g T EMA: Exponential Moving Average
- 1 o1 i
ST i N !
; . | Opr <+ aOpr + (1 — a)BOg
Weak aug. l\ Boxes Scores, Fusion
\ { " PscudoLabel .
i [
Bl — e — [ )2
Strong aug. | o soorss
I EMA
Fusion
Fa Prediction
ma [ 5
DT [ v
u = 04 !
Weak aug. Boxes Scores

......................
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Inner-period training with consensus mechanism

e Consensus mechanism

- Filering
- Teacher model 2| noise € =55}7| 2|5l threshold 0.5 & &3l low confidence 0| &S pre-filter

= Fusion

- Weakly-augmentation target image x, Ofl CH$t static / dynamic teacher 2| predictionS Of2 @+ 20| H 9|

o n b: bounding box coordinates
Ysr = {( ST CST? yST) =0 ¢: classification confidence
y: category label of each predicted object
Ypr = {(bDTa CJDT? yDT) =0 : i i i i
J= n, m: # of predicted objects of static/dynamic teacher

- & class Of &3t1 static/dynamic teacher 2| prediction 70| =2 10U £ 4= object 41 EH

10U (Vyp,bhr) 20 & Ysr = Ybr
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Inner-period training with consensus mechanism

e Consensus mechanism

.....................

~

- Fusion

..-----..\
2

- Bounding box Z 7

Boxes Scores Fusion
/ ) Pseudo Label k
:—(ZFST*b T‘I—ZC:}DT*E)?DT):, Lsdet— :: i
._ - o5
Scoresl:
- Classification confidence 28 Fusion
f' g Prediction \‘:
N M ; ]
T Y bt g D chr | : |
N ﬂ[ : i Boxes Scores ;
=1 1=1 b
- 2|0 IPH S S5l refine®t pseudo label = Sl student model supervision
Y = {(ba C, g)}
= PN
Ls det = Z Ects (@b(’}"t),m + ﬁfeg (O ( ) )+ <«— RPN loss
T EXT
ROI - ROI — 7
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Experiments

« Cityscapes > FoggyCityscapes &3 Z 1t

Cityscapes FoggyCityscapes

Methods | Person  Rider ~ Car  Truck Bus  Train  Motor  Bicycle | mAP

Source only (Single level) 234 238 29.7 8.1 12.9 5.0 18.3 245 18.2

Source only (All levels) 35.1 394 47.0 10.7 325 10.1 30.0 36.9 30.7

MAF [13] 282 39.5 439 238 399 333 29.2 339 34.0

SW-Faster [32] 323 422 47.3 23.7 413 278 283 354 34.8

UDAOD | iFAN [52] 326 40.0 48.5 279 455 31.7 228 33.0 353
CR-DA-DET [44] 329 438 49.2 27.2 45.1 36.4 303 36 374

AT-Faster [14] 346 47.0 50.0 237 433 38.7 334 388 38.7
SED(Mosaic) [25] 332 40.7 44.5 255 39.0 222 284 34.1 335

HCL [17] 26.9 46.0 41.3 33.0 25.0 28.1 359 40.7 34.6

A?SFOD (8] 323 44.1 44.6 28.1 343 29.0 31.8 389 354

SFOD SOAP [43] 359 450 48.4 239 372 24.3 31.8 379 35.5
LODS [24] 34.0 45.7 48.8 273 39.7 19.6 332 378 358

IRG [39] 374 45.2 51.9 244 39.6 25.2 315 41.6 37.1

Ours (Single level) 42.0 48.7 56.3 19.3 393 55 342 41.6 359

Ours (All levels) 46.1 52.8 63.4 21.8 46.7 55 374 484 40.3

| Oracle | 513 575 702 309 605 269 400 504 | 485

Table 1: Results of adaptation from normal to foggy weather (C2F). “Source only™ and “Oracle” refer to the models trained by only using
labeled source domain data and labeled target domain data, respectively.

A szusa |VDS |
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Experiments

« Synthetic > Real 23 ZA 1t

Methods mAP | Methods mAP
Source only 40.5 NL [19] 43.0
MAF [13] 41.1 UMT [10] 43.1
AT-Faster [14] 421 MeGA-CDA [38] 44.8
HTCN [2] 42.5 CR-DA-DET [44] 46.1
SED [25] 423 AZSFOD [8] 44.0
SED(Mosaic) [25] 43.1 Ours 57.8
IRG [39] 432 Oracle 68.9

Table 4: Results of adaptation from synthetic to real scenes (52C).
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Experiments

« Ablation study & training stability test

A

Citvscapes to Fogoy Cifyvscapes

Foggy level ‘ Method | DT | ST | mAP
Source only - - 30.7

Single-teacher - v 36.6

All levels Single-teacher v - 38.0
Ours v v 40.3

Source only - - 18.2

. Single-teacher - v 27.2
Single level Single-teacher v - 329
Ours v v 359

Table 5: Results of single-teacher and multi-teacher methods on
C2F benchmark. DT and ST represent the dynamic teacher and
static teacher, respectively.

Citvscapes to BDDN 00k

KITTI to Cityscapes Car

Synthetic to Real Images

_—',—'F:w*’-::_jb.‘ e —
4l 30 = 46 -
,-rf"’"”/
-9 n -9 27 o 4
< 4 =
B y E 24 E 43
: —e— Squdent —e— Swdent —*— Studen —=— Srudent
—#— Riatic beacher 21 —=— Skiw leacher 40 —#— Stabc teacher 44 —#— Siahc beacher
31 Dynamic teacher Drynamic teacher Drynamic teacher Dymamic teacher
2 4 6 8 10 2 3 1 5 2 4 6 8 10 2 4 [ 8 10
Epoch Epoch Epoch Epoch
Figure 4: The training curves of each model within the multi-teacher framework during the whole training process.
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