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Background

 Pseudo-labeling

-
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Litrico, Bue, et al. “Guiding Pseudo-labels with Uncertainty Estimation for Source-free

Unsupervised Domain Adaptation.” CVPR, 2023.
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Background

« Domain Adaptation

- £ domain Ol M &5 & 22 CHE domain 2 2 adapt 5t2{= A

- Source domain data: 2 20| &t&38}= 0| O|
- Target domain data: B 7} G| O| £

- Domain gap: source domain 2 target domain 2| &I &+2| X}0|

m:lo
F_
d

Z Source domain2} target domain2| domain gap= &0 &

R S4B TH LD .

SOGANG UNIVERSITY



Background

« Source-free Unsupervised Domain Adaptation

- Unsupervised Domain Adaptation(UDA)

- Bt20 =0 Q19 H|O|E{ 7t 2t BlO| = task & Tl = AEE

=

ok

1Al

= Source-free UDA

- Source model 2f 2H# 0| Q= target data & &3l target domain Of| adapting St= L'HE

Source-data-free UDA

- 0 Supervised

o — w y Training N e

: [ gEsaiTaa, ‘
Z? . labeled |
S— ‘Source Data |
- Source-target Model s :
"Unlabeled .
Target Data

distribution alignment A .

R sazusa ves
SOGANG UNIVERSITY ®

LAB



1. Pseudo-label refinement

 Nearest neighbours knowledge aggregation

- Target feature space 4

- Weakly augmented target samples 25 E (features, predictions) pair 44 g

— Features Z+2]| cosine similarity Al4tS S5l neighbours 278

» Pseudo label refine

- Neighbor = 2| prediction scores & oL O] average score vector p, Al 4t

5 244

- Average score vector 2| max %{= refined pseudo-label 9,473

= % > pi,

Pt
Target image m
% ~ - ( (3}
pm W e o = argmas 5%,
i % ( [
2 ey : m
’}.2 (]3 y ) Low Iitropy

-

Neighbours

w = exp(—H(p,)) | High weight
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2. Loss reweighting with uncertainty

» Entropy based uncertainty estimation

- Loss weight define
- Neighbour MEZ=0f| CHs HIER 2| 0| 50| 5L > S pseudo label = reliable (low uncertainty)

;= Classification loss term Of| high weight & -&

=0l CHo YIERIT Q| 0| F0| M & CHE - SifE pseudo label 2 unreliable (high uncertainty)

|k

- Neighbour M
;= Classification loss term Of| low weight &£
- Negative exponential function At-&
L

- Exponential &4=2| 2 9 Z negative entropy & 2

;= High entropy value Off H| 3l low entropy value Off & & weightE £

: Decision boundary 22X 2| ¥Z0|= I{EEIE HH £ @—» 01

0.3

Dt
. Target image
w, = eap(~H(p). l@*. s
N m

C “ —

LS = — By e, [’th ' ZE}C log (1 — pga)]ﬂ . H(pe) Low entropy
L
02 1(p i i

c=1
w = exp(— H(p,)) | High weight

Neighbours
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3. Temporal queue

« Self-supervised contrastive training for target data

- Contrastive loss 0| A negative pairs 25 & H| 2|
- 7|2 SF-UDA methods 0l M{= & 7}X| augmentation sample pair 7} 22 pseudo label 2 &5-55FH X Q|
< Pseudo label®| noise £ 1 2{5}X| 2%
- Pseudo-labels®| history & 12{5t= 2 E KA
s+ T7H 2| past epochs & 2+2| pseudo labelS queue Q, Off X%

;= Sample pair 7 T epoch S0 oF HO|2tE Z 2 pseudo-label & Z-=LCHH negative pairs 0| Al X| 2|

Temporal queue

e-T e-1 ===~
[ [ [ | . e-T e-2i e-1 1 o
— ! i
- l —>| bear dog | bear I: S
' Qe : —d (> 2
e-2i e-1 | ®
- bear dog i =
[ [ 1] —
epochs
tr exp(q - k4 /T
L{" = Lipfonce = — log ( /7)
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4. Self-learning with negative loss

« Joint training with self-learning
- Negative learning loss A& — “NLNL: Negative Learning for Noisy Labels.” ICCV 2019.
- Pseudo-label refining 2 S5l pseudo-label?| J=t =7t 50| M E+F =OHH

- S}X| 2t training Z=7] 0= pseudo-label Ol noise 7t ZX|

‘2= O|O|X| 7} OfH 20| = 0f| £oHX| =Lk 2t stot= E4

: A X O 2 positive learning = Ct accuracy 7t =22 29!

Given noisy label : Car

Method Acc. Figure 1: Conceptual comparison between Positive Learn-
Ours w/ pOSlthC 83.0 ing (PL) and Negative Learning (NL). Regarding noisy
Ours w/ pOSlthC +negat1ve 85.2 data, while PL provides CNN the wrong information (red
Ours 90.0 balloon), with a higher chance, NL can provide CNN the

< correct information (blue balloon) because a dog is clearly

not a bird.
R B THEED
SOGANG UNIVERSITY 10



Experiments

« PACS dataset & & 41}

- Single target, multi-target =2 & == classification accuracy &= &

Multi-Target UDA | P—ACS | A—-PCS |
Method  SF-UDA| A C S | P C S Awg

Single-Source UDA

Method SF-UDA|P A P C P S|A 5P A 5C A S Ag VNN X 152 181 2561227 197 22.7 207

ADDA [57] X 243 20.1 2241325 17.6 18.9|22.6
NEL[]] v |86 805 323|984 843 561 724 DSN [3] X 284 21.1 25.6|29.5 25.8 24.6 25.8
Ours v | 875 842 758 | 98.8 846 772 84.7 ITA [14] X 31.4 23.0 28.2|35.7 27.0 28.9|29.0

KD [44] X 24.6 322 33.8(35.6 46.6 57.5 46.6
Table 1. Classification accuracy (%) on PACS for the single-source NEL [1] v \80.1 76.1 25.9 \ 96.0 82.8 49.8|68.4
setting. All methods use the ResNet-18 backbone. Highest accura- Ours v |747 70.1 68.7]|94.6 70.8 71.5|75.0

cies are in bold. We surpass the NEL [1] baseline by 12.3%. Table 2. Classification accuracy (%) on PACS for the multi-target

setting. All methods use the ResNet-18 backbone. Highest accu-
racies are in bold. We surpass the SF-UDA baseline NEL [1] by

6.6%.

(a) Photo (b) Art painting (¢) Cartoon (d) Sketch
PACS H|O|E{ Al i Al. 47H2| domain 2t 77H2| object categories 2 T

R B THEED
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Experiments

* VisDA-C d

AlS] Z4 |.

ataset 2 21

Method SFE-UDA | plane beyel bus  car  horse knife meycl person  plant  sktbrd  train  truck | Avg.
CDAN+BSP [V] X 924 61.0 81.0 575 89.0 80.6  90.1 77.0 842 779 821 384 | 759
SWD [20] X 90.8 825 817 705 917 695 863 775 874 636 856 292 | 764
MCC [25] X 88.7 803 805 715 901 932 850 71.6 894 738 850 369 | 788
CAN [20] X 97.0 872 825 743 978 962 908 80.7 966 963 875 599 | §7.2
DivideMix [35] v | 950 824 853 781 942 903 90.1 81.3 925 919 912 608 | 86.1
SHOT [37] v 953 875 787 556 941 942 814 80.0 91.8 907 865 59.8 | 83.0
DIPE (6] v 952 876 788 559 939 950 84.1 81.7 921 889 854 58.0 | 83.1
NEL [1] v 945 608 923 873 873 932 876 91.1 569 834 937 86.6 | 842
A2 Net [65] v 940 878 85.6 668 937 951 858 812 916 882 865 56.0 | 843
G-SFDA [66] v 96.1 883 855 741 971 954  B9S 794 954 929 891 426 | 854
SFDA-DE[11] v 953 912 775 721 957 97.8 B85S 86.1 955 930 863 616 | 865
AdaContrast [5] v 97.0 847 840 773 967 938 919 848 943 931 941 49.7 | 86.8
CoWA [37] v 96.8 903 87.0 674 972 966 904 873 956 955 918 625 | 882
Ours v | 973 962 905 91.8 900 942 874 87.7 97.0 843 930 81.0 | 90.0

Table 3. Classification accuracy (%) on VisDA-C synthetic — real. All methods use the ResNet-101 backbone. The proposed approach

outperforms the UDA state-of-the-art by 2.8% on average (Avg.) and the previous SF-UDA state-of-the-art by 1.8% on average (Avg.)

source

target

R S4B TH LD
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Experiments

 Ablation Study

- VisDA-C dataset &/ & 21}

Pseudo-label Contrastive Negative Temporal-queue Uncertainty Avg.

refinement regularisation learning exclusion reweighting Acc.
v X x X X 523
v/ v X X X 78.9
v v v X X 82.1
v v v v X 85.8
v v v v v 90.0

82 83.3 . .
80 7 s 82.5 82.8 90 ob 6
> 78 o
© 76 —- AdaContrast E 89
5 3
8 ;I; 242 71.3 —&— Ours 3
</ 69.1 < 88
67.3
68
1 3 5 7 9 11 13 15 0 5 10 15 20 25 30
Epochs T
Refined pseudo-labels 2| classification accuracy Queue 2| length Of| HE classification accuracy
H| & 2Ol AdaContrast = 2H& Z2HE9| pseudo label2| = O| =7t &+ T=5 A 71 =2 ds8 2¢

R 5“70"“‘&.,‘-‘3‘— |VDS |
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Yu, Li, et al. “InPL: Pseudo-labeling the Inliers First for Imbalanced Semi-supervised

Learning.” ICLR, 2023.
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Background

« Semi-supervised learning (SSL)
- 22O labeled data 2 CH& 2 2| unlabeled data & <& 5t= Al

- Labeled data Of| = supervised learning &£, unlabeled data Ofl= unsupervised learning & -&

- Imbalaced SSL
- Zt class@| data =7t = L SHX| 2= semi-supervised learning

- Balanced SSL Ol H| 3l real-world scenario Off = gt&t

= General SSL methods

- Supervised: multi-class cross-entropy loss

- Unsupervised: consistency regularization & pseudo-labeling

- Data augmentation 2 &5l ‘4ot H|O|E 7t 2 2| H|O|E{ 2F Z-2 prediction(pseudo-label) & =5 sh&

R B THSED VDS
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Background

 Consistency regularization with confidence-based pseudo-labeling

« Process

- Unlabeled data point x Off CH3H weak augmentation (w) &-& = model prediction
p(ylw(x)) = f(w(xb))

- Maximum predicted Z}& max; (p(y;|w(x)) Ol threshold 1, & == [0 2t pseudo-label 244

- St pseudo-label & HFEH S 2 strong augmentation () 2-& G|O|E{Of CHsl 2 & &5
B
L, = I Z H(yb, p(y|w(xp))), where # is the cross-entropy loss. ~ «———— supervised
S
b—

L, = Biu Z Lmax(p(yilw(xp))) = 7c] H(P(y|w(xp)), P(y|Uxb))),  «——— unsupervised

ﬂ 447 CH 8k
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Background

« Confidence-based pseudo labeling 2| XA

- Confidence threshold & 9| trade-off

- High confidence threshold = minority classes 0| CH$t pseudo-label 2] recall Of

- Low confidence threshold = other classes Ol CH 2t pseudo-label 2| precision O|

- Softmax-based confidence score 2| overconfident = A]|

- Out-of-distribution sample Ofl CH3H softmax-based confidence score 7t &2 A7t

:': Low precision 2 2 O[O &

1.00

0.95

0.90

0.85

r\«-".l| 0 |
_ r-"\‘ Wby .J\‘\‘\"-’hlllr.""\u\vi\«' Mryand

Ill"l-\‘ll e r'r.'!ﬁ‘*"-\‘"‘\.'lh"\,n’-\'ﬂf"'J"‘\“"‘f‘.'
f

|
|

I
0 50k 100k 150k 200k 250k

(a) Precision: Overall

0.8
0.6
0.4
0.2

0.0

il
| Iri'

|'I I‘

o

o .
i B
'ﬂ\f"ﬂ’jw*ﬁ*ﬁ‘ﬂfqﬂ' 'ﬁh}a -

0 50k 100k 150k 200k 250k
(d) Recall: Tail

Precision-Recall 241 A1}, (Tail: 7+ BI=7F &2 371 2] classes)

o3 InPL. &, £ & softmax-based confidence score (FixMatch). ZH2+ 2| threshold & 0.95, 0.6

A
S
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Inlier pseudo-labeling

 Energy-based out-of-distribution detection

- Train 24

- Known(observed) G| O|E{0f| L3l &2 O HX|E # =

- Unknown(unobserved)

HO|E 0] Lo M= =2

o A4 X

£ train

- O e
|% ;QEE train OOD datal| &= 0| A|

- Softmax 2t & 2| energy score= input2| probability density 2F & X|

- Overconfidence X0 & #2350 OOD detect A

Frequency

oNN f(x;8)

X Energy Function
E(x.f)

lout-of-distribution

in-distribution

R S THEE D

SOGANG UNIVERSITY

Negative Energy

threshold T

18

= L O
O IT O

1 in-distribution sample 10] =1 in-distribution sample
2{ |1 out-distribution sample =0 ont-distribution sample

mEr mﬂg DEH

C1 C2 C3 C4 C5 Co C7 C8 (9 Clo ClL 2 03 C4 G5 C6 C7 G838 (9 Clo
Class Label Class Label
(a) softmax scores 1.0 vs. 0.99 (b) negative energy scores: 11.19 vs. 7.11

Softmax score 1t energy score H| 1l



Inlier pseudo-labeling

» Energy score
- Unlabeled sample O| in-distribution 1 X| out-of-distribution 2/ X| 2 35}7| 9|5} At

f : classifier

E(x, f(x)) =T - 10%(2 efi(x)/T)a f;(x) - iR classOl| S SH= logit value
=1 T: temperature. (hyperparameter)

- Smaller energy scores - in-distribution

- Higher energy scores - out-of-distribution

- Train 2}78
- Unlabeled sample O CHSH energy score A| 4t

- Threshold t, 2 Ct 22 energy score %= sample Ol CHSH ATt pseudo-label ‘S

B,
Ly Z flw(xp))) < 7] H(p(ylw(xp)), p(y|Q(xp)))-

Y p=1

R 447 CH 8k
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1)  Yann LeCun, Sumit Chopra, Raia Hadsell, M Ranzato, and F Huang. A tutorial on energy-based learning. Predicting structured data, 1(0), 2006.

Inlier pseudo-labeling

» Energy score
- Theoretical comparison confidence score vs. energy score
- Negative log-likelihood loss £ ot&SH= DO A AFE E| = gradient

- In-distribution data point 2| energy score 7t 2 OIX| =& 5= A2 L = US

OLu(z,y:0) 19B(z,y) 1 i OE(z,y) e Pl@n/T x : in-distribution data
06 T 06 T = 00 Zj‘zl e—E(z.j)/T y : label
o 1 6E(3:,y) o GE(IE,j) A

- J#Yy

vl

J. energy pushed down for y -
1 energy pulled up for other labels

- BHH Jog of max softmax confidence & & 1H 2 ™ energy score 7t &5 &

log mgxp(y | ) = E(x; f(x) — f™(x))

= Bz f) + ™) ,
N — N——

Jl forin-dist z 1 for in-dist =

P irE . [vos]

SOGANG UNIVERSITY



Inlier pseudo-labeling

» Energy score

- Confidence-based pseudo-labeling 2f2| H| 1l

1
1
max ply;[x) > 7. I E(x, f) <.

S . ) =8

o { 0
]
]

0 1 0
1

fix) ply|x) Pseudo-Label | Pseudo-Label

]
1

(a) Confidence-based Pseudo-Labeling (Prior work) (b) Inlier Pseudo-Labeling (Ours)

Overall framework H| il

Confidence vs Energy Confidence vs Energy
) Y s . C dmaae
-5 L '#s Frahs - i -5 " ‘
i i R IR R L
L - .
. R B . e ..-m-*:-‘w
510 . [P - g-10 N Y A Ny
., . - ., - .-
I.E . l!.i ch . i.!
~13|' . Correct Pseudo-Labels } ! -15 -, Correct Pseudo-Labels : " !
Incorrect Pseudo-Labels Incorrect Pseudo-Labels .
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
Confidence Confidence
(a) Confidence-based Pseudo-labeling (b) Inlier Pseudo-labeling

Shaded region: unlabeled samples that are pseudo-labeled
R AT | VDS I
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Experiments

 Energy-based vs. confidence-based

SOGANG UNIVERSITY

22

CIFARI10-LT CIFARI100-LT
v = a0 ~ = 100 ~ = 200 v = a0 ~ = 100
UDA (Xie et al., 2020a) 80.214+049 72.19+151 63.32+167 46.79+076 41.47+097
FixMatch (Sohn et al., 2020) 80.84+020 72954132 63.25+013 46.99+037 41.49+038

FixMatch-UPS (Rizve et al.,, 2021) 81.75+056 73.17+163 64.38+056 - -
FixMatch-InPL w/o AML (ours) 83.36+038  76.05+084 66.47+106 48.03+031 42.53+068
FixMatch-Debias + AML (\Wang et al, 2022)  83.53+067 76.924172  67.70+044 50.24+046 44.12+081
FixMatch-InPL(ours) 839241052 T77.44+117 68.47+1.15 499641036 44.33+061
OpenMatch (Saito et al, 2021) 81.01+045 73.15+103 63.22+186 46.92+028 40.76+0.81
FixMatch-D3SL (¢ 'm. t al., 2020) 81.20+033 72. 714232 65.09+1.72 46.83+045 41.22+0.39

Imbalanced SSL && Z 1t (Top-1 accuracy)
(FixMatch-InPL: FixMatch frameworkOj| InPL X&)
R A TH Sk VDS



Experiments

« Comparison to state-of-the-art imbalanced SSL methods

Dataset

CIFAR10-LT

CIFAR100-LT

Imbalance Ratio

~ =100

v =150

v =200

7=20

FixMatch (Sohn et al., 2020
waARPﬂRT(H netal., 202(

w/ CReST+ (\Wei

wl ABC (Lee et al, 2021)

w/ ABC-InPL {ours)

72.3+033/53.84063
T8.1+089 / 66.6+1.55
76.6+046/ 61.4+0385
81.1+082/72.0+1.77
82.9+060/ 76.4+1.49

68.5+060/ 45.8+£1.15
73.2+085/ 57.1+1.13
70.0+082/49.4+1.52
77.1+046 [ 64.4+092
T9.7+071/ 70.8+1.43

66.3+049 /42 41004

7394118/ 58.1+2.72
76.4+1.09/ 63.7+2.03

51.0+020/ 32.84+041
54.7+046 / 41.2+042
51.6+029/ 36.4+046
56.3+0.19/ 43.4+042
57.7+033/ 46.4+026

RemixMatch (Berthelot et
w/ DARP+cRT (Kim et al,, 2021
w/ CReST+ (Wei et al., 2
w/ ABC (l_a_'._' et al., 202

w/ ABC-InPL(ours)

73.7+039/ 55.9+087
T8.5+061 / 66.4+1.60
75.7+034/ 59.6+0.76
82.4+045/75.7+1.18
83.6+045/ 81.7+097

69.9+023/ 48.4+060
73.9+059/ 57.4+1.45
71.3+077/ 50.8+156
80.6+066/ 7T2.1+1.51
81.3+053/ 76.8+0388

68.2+t037/45.4+070

78.8+0.27/69.9+099
78.8+075/74.5+1.47

54.0+029 / 37.1+037
55.14045/43.6+058
54.6+04s8 / 38.1+060
57.6+0.26 / 46.7+050
58.4+025/48.9+036

R B THEED

SOGANG UNIVERSITY

Long-tailed dataset A& Z 1} (Top-1 accuracy)
(ABC-InPL: ABC(S0TA) frameworki| InPL X&)
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Experiments

« Comparison to state-of-the-art imbalanced SSL methods

- Precisiong 3 A £&4A|Z|X] Z 2 HA tail class O CHSt pseudo-label recall 2 2F 28 24t
- InPL O] tail class Off CHSH T B2 true-positives £ O 55111, head class Ol CH3H less biased == A
;= Head class: 7H Bl= 71 =2 3712 classes

s+ Tail class: 7t Bl 71 22 370 2] classes

1.00 1.0 0.8
W ‘W"l' 0.8 0LE
0.95 " 2y N Pl ’1'
I‘ frd I- -.'r' I| LAy D'E u a m %
N-”M Lwaw '
0s0] | M it 0.4 f 0.6 [ 02 M,r" Al
| 0.2 1 L WV
0.85 L 0.0 0.4 0.0
70 50k 100k 150k 200k 250k 0 50k 100k 15Dk 200k 250k 0 50k 100k 150k 200k 250k "0 50k 100k 150k 200k 250k
(a) Precision: Overall (b) Precision: Tail (c) Recall: Overall (d) Recall: Tail

Precision-Recall &4 ZA 1},

b, 2= & softmax-based confidence score (FixMatch). 2fZt2| threshold = 0.95, 0.6

EOP

ohEh InPL.

0

R S4B TH LD
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