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- Introduction

Background on Unsupervised Domain Adaptation with Self-Training

< Unsupervised Domain Adaptation with Self-Training
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< Unsupervised Domain Adaptation with Self-Training
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- Introduction

Background on Unsupervised Domain Adaptation with Self-Training

Using top-1 softmax confidence or predictive entropy and self-train on highly confident instances!
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- Introduction

Background on Unsupervised Domain Adaptation with Self-Training

Using top-1 softmax confidence or predictive entropy and self-train on highly confident instances!
- Such confidence measures tend to be miscalibrated and are often unreliable!
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Background on Unsupervised Domain Adaptation with Self-Training

Using top-1 softmax confidence or predictive entropy and self-train on highly confident instances!
- Such confidence measures tend to be miscalibrated and are often unreliable!

Target Domain2| Class & Confidence

Dataset :
VisDA-2017
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Background on Unsupervised Domain Adaptation with Self-Training

< Limitations of Standard Self-Training
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Background on Unsupervised Domain Adaptation with Self-Training

< Limitations of Standard Self-Training
«  Covariate shift2 QI$} pseudo-labels & X{&}
- The distribution of pseudo-labels is significantly different from target ground-truth = Mostly misclassified into other classes!

* Note that classes 2, 7, 8 and 12 appear rarely in the target pseudo-labels in the covariate shift setting

Indicating that the pseudo-labels are biased towards several classes due to domain shift[2]
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< Unsupervised Domain Adaptation with Self-Training

A =M. Make reliable pseudo-labels under covariate shift and minimize target domain error!
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Consistency for Unsupervised Domain Adaptation
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Motivation: Target pseudo-labels may be highly unreliable and using them may lead to error accumulation!

*  Previous works rely on self-training using noisy pseudo-labels or conditional entropy minimization over miscalibrated predictions

Target Pred Noisy Pseudo-label Ground truth
fop ~— I =

Class 1Class 2Class 3 Class 1Class 2Class 3 Class 1Cass 2Class 3

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

Using top-1 softmax confidence (or predictive entropy) and only self-train on highly confident instances

st& B confidence accuracy
—— [ — .
0.72 0.60 Wrong but high-confidence!
Class: knife ) F2 T2 7D BRE oS £
0;; > Lead to error accumulation!
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SENTRY

SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we identify reliable target instances?

Answer. Using predictive consistency under a committee of label-preserving image transformations!
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SENTRY: Selective Entropy Optimization via Committee Consistency for
Unsupervised Domain Adaptation

Viraj Prabhu Shivam Khare

Deeksha Kartik Judy Hoffman

rgia Institute of Technology

{virajp,skharell,dkartik3, judy}@gatech.edu

Abstract

Many existing approaches for unsupervised domain adap-
tation {UDA) focus on adapting under only data distribu-
tien shift and offer limited success under addivional cross-
damain label distribution shift. Recent work based on self-

using target pseudolabels has shown promise, but
on challenging shifts lolabels may be highly unreli-
able and using them for self-tvaining may lead 1o error
accumulation and domain misalignment. We propose Se-
lective Entropy Optimization via Committee Consistency
(SENTRY), a UDA algorithm thar judges the reliability of
a target instance based on its predictive consistency un-
der a ¢ ittee of lom image transfc ions. Cur
algorithm then selectively minimizes predictive entropy 1o
increase confidence on highly consistent target instances,
while maximizing predictive entvopy to reduce confidence on
highly inconsi ones. In combination with psendolabel
based approximate target class balancing, our approach
leads to significant improvements over the state-of-the-art
on 27/31 domain shifts from standard UDA benchmarks
as well as benchmarks designed to stress-rest adapration
under label distribution shift.  Our code is available ar

Jgithub. com/virajprab.

1. Introduction

Minimize
entropy

Robust domain alignment ,-"

[ r @ scurce @ Labakd  ~ Consimnt Curran clais |
Clasas = | Al =
| =1 0. @ Taegar () Unlababid % Inzarsistan teundary

Figure 1. Top: Conventional entropy-minimization based ap-
proaches for unsupervised domain adaptation (UDA) operate by
increasing model confidence on unlubeled target instances. Under
strong distribution shifls, some instances may initially be mis-
aligned and entropy minimization can lead o error accumulation.
Bottom: We propese Selective Entropy Optimization via Com-
mitlee Consistency (SENTRY), a UDA algorithm that i) identifies
reliable target instances based on their predictive consistency under
a setof random image transformations, and ii) selectively optimizes
model entropy on these instances 10 induce domain alignment.

- Selective Entropy Optimization via Committee Consistency (SENTRY)
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we identify reliable target instances?

Target

Pred

fo,

Answer. Using predictive consistency under a committee of label-preserving image transformations!

- Selective Entropy Optimization via Committee Consistency (SENTRY)
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we identify reliable target instances?

Target

Pred

Pred-1

fo, I

Augmentation

Pred-N

Answer. Using predictive consistency under a committee of label-preserving image transformations!

- Selective Entropy Optimization via Committee Consistency (SENTRY)
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we identify reliable target instances?

Target
Pred
. Pred-1 Consistency
Augmentation Checker
fo.0 —
iy
Pred-N

Answer. Using predictive consistency under a committee of label-preserving image transformations!

- Selective Entropy Optimization via Committee Consistency (SENTRY)
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we identify reliable target instances?

Target

Pred
If consistent:

Minimize
. Pred-1 Consistency entropy
Augmentation Checker
fo.¢ I —
o ¥ . .
: - else (inconsistent):
Pred-N o
Maximize
I entropy

Answer. Using predictive consistency under a committee of label-preserving image transformations!

- Selective Entropy Optimization via Committee Consistency (SENTRY)
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

Concern 1. Entropy minimization only on consistent instances might
lead to the exclusion of a large percentage of target instances!

If consistent:

Minimize
Consistency entropy
Checker
\/’5 = . .
- else (inconsistent):
Maximize
entropy
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

Concern 1. Entropy minimization only on consistent instances might
lead to the exclusion of a large percentage of target instances!

If consistent:

Minimize
Consistency entropy
Checker

2N

Concern 2. Indefinite entropy maximization on inconsistent target
instances might prove detrimental to learning

else (inconsistent):

Target ground truth gy Maximize

Pseudo-labels w entropy

0,15 . .
covariate shift

0.00

Answer. Both of these concerns are addressed via the adaptive selection via augmentation invariance regularization.
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. What is the ‘adaptive selection via augmentation invariance regularization?

If consistent:

Consistency '\:;::g:;e I I —Entropy(y|augl (xT)); lf consistent
;‘?—Eer y sentry (Xr) = +Entropy(y|aug;(xr)), if inconsistent
L: else (inconsistent): J
nrory Using LAST AUGMENTED VERSION rather than the original image itself

(i and j denote the index of the last consistent and inconsistent transformed version, respectively)

— Augmentation — : W
f ; TeH

Target

Pred-1 Pred-2 Pred-3 If consistent: Pred-3 Pred-3
Pred I | ] ~Eniropy | AI
I Pred-1 Pred-2 Pred-3 else (inconsistent):  Pred-3  Pred-3

I I I +Entropy I

Data Mining
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. What is the ‘adaptive selection via augmentation invariance regularization?

If consistent:

= “:;Trr:;;e I Lognmry (7)) = —Entropy (y|aug; (xr)), if consistent
& e (meoncistonty 4 +Entr0py(y|aug y (xT)), if inconsistent
ory Using LAST AUGMENTED VERSION rather than the original image itself

(i and j denote the index of the last consistent and inconsistent transformed version, respectively)

— Augmentation —> ﬂiﬂ
f & Ve

Benefit 1. Reduce Overfitting

+ Low-entropy predictions across various transformations of the input image —E ntropy I ] I
* It helps the model become more robust to small variations in the input

Target

If consistent: Pred-3 Pred-3

Benefit 2. Augmentation Invariance else (inconsistent):  Pred-3 Pred-3
* Encouraging transformation-invariant features (more robust and generalizable features)
» More instances would be selected for entropy minimization as training progresses, +E ntropy I

making the selection process adaptive

Data Mining
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. What is the ‘adaptive selection via augmentation invariance regularization?

If consistent:
Fol oy |i— Lsenrry (X7) = {_E ntropy(ylaug;(xr)),  if consistent
(@ else (inconsistent): 4 +E ntropy (y |aug] (xT)) 4 lf Inconsistent
nwory Using LAST AUGMENTED VERSION rather than the original image itself

(i and j denote the index of the last consistent and inconsistent transformed version, respectively)

Target

. - _ - If consistent: Pred-3 ~ _Pred-3
Consistent samples H| & Inconsistent samples H| &
—Entropy I 1
0.88 0.22
" 0181 else (inconsistent):  Pred-3 Pred-3
08 0.14
076 ] ) +Entropy I —>
0 5 10 15 20 25 30 35 40 45 &0 0 5 10 15 20 25 30 35 40 45 50
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we deal with the problem of label distribution shift (LDS)?
Covariate Shift, where P;(y|x) = Py(y|x) for all x, but Ps(x) # Pr(x);

nz Target ground truth
0. Pseudo-labels Label Shift, where Ps(x|y) = Pr(x|y) for all y, but Ps(y) # Pr(y)
=] L.I.D.
LD & Ps(x) Pr(x) Ps(y) Pr(y)
. .
- 2 2 = = = 2 2 e 6 i i
oz Target ground truth : :
oy F;SEU?OH'?EE'S
=] abel shi . .. . e e .
LDS 3. Typical conditional entropy minimization method has been found to
" potentially encourage trivial solutions of only predicting the majority class

Answer @. Pseudo Class Balancing
Source: & A| label2 AFHE%t class-balanced sampling

Target: pseudo-labels2 &89t approximate class-balanced sampling

Class1 @89 Erd €)
t Class 2 ‘ N R
B=9

\ Class 3 W E o
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we deal with the problem of label distribution shift (LDS)?

T e et Covariate Shift, where P;(y|x) = Py(y|x) for all x, but Ps(x) # Pr(x);
Label Shift, where Ps(x|y) = Pr(x|y) for all y, but Ps(y) # Pr(y)

o M Pseudo-labels
LLD % HE: Py(x) P
“ s (X) Ps(y) Pr(y)
=
- 2 2 5 s = 2 2 L LB S i i
020 Target ground truth : :
— Pseudo-labels
= label shift . ., T
DS 3. Typical conditional entropy minimization method has been found to
" potentially encourage trivial solutions of only predicting the majority class
1 2 3 4 o 6 7 8 9 10 11 12
Answer @. Pseudo Class Balancing Answer 2. Information Entropy Loss L,
Source: A label2 AHE3t class-balanced sampling Target domainOjA] 2 20| CtYot 0|52 St F Theq
> 54 dassZ 0| F0| X|2X|= AS EX|

Target: pseudo-labels2 &89t approximate class-balanced sampling

[

Class 1 ’
Batch Class 2 ‘ .
B=9

\Class3 W E

DEo| ofEet
class c9| =&
pe(y = clxr)logq(y = c)
OLX|2F Q71 M E0
CHo RS 0| 22

Lig = ]ExT~PT
c=1

q(9 = ¢)7} uniform distribution0f| 7}7t2 5 loss |

Data Mining
o.:.o Quality Analytics



I SENTRY

SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Question. How can we deal with the problem of label distribution shift (LDS)?

q(¥ = ¢) = Uniform distribution

Q=5, |2 571 0|=: c=1, c=1, ¢=2, c=2, c=3

2 2 1
q(¥ = c) ={class 1:§,cla55 2:§ ,class 3:§}

pe(y = clxr) = {class 1: 0.7, class 2: 0.2, class 3: 0.1}
2 2 1
Lig=0.7xlog=+0.2*log—+ 0.1 xlog—
5 5 5
= 0.7 * (—0.92) + 0.2 * (—0.92) + 0.1 * (—1.61) = —1.02

Answer @. Pseudo Class Balancing
Source: & A| label2 AFHE%t class-balanced sampling
Target: pseudo-labels2 &89t approximate class-balanced sampling

Class 1 | B ‘*
Batch / ., ‘
B = 9

L Class 3 W ‘

Data Mining
o.:.o Quality Analytics

q(y = ¢) = Skewed distribution
Q=5, Z|2 570 0f|=: c=1, c=1, c=1, c=1, c=2

4 1
q(¥ =c) ={class 1: g,class 2:§ ,class 3: 0}

pe(y = clxr) = {class 1: 0.7, class 2: 0.2, class 3: 0.1}

4 1
Lig=0.7x logg + 0.2 % logg + 0.1 xloge
= 0.7 %(=022) + 02 * (—1.61) + 0.1 x (-Of ¥ 2 ) « —1.02

Answer 2. Information Entropy Loss L,
Target domainOf| Al 20| iAot 0| 5S St F T
> £ dass2 0|=0] X[2X|= A= LA

DEo| ofEet

class c9| =&
pe(y = clxr)logq(y = c)
c=1 OLX|2F Q71 M E0
CHo RS 0| 22

Lig = IExT~PT

q(9 = ¢)?} uniform distribution®f| 7}7}2 =& loss |
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SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

% Summary

« Complete objective : argmin E Lce +
e

Phase 1. Pretraining with labeled source domain
Phase 2. Adaptation (SENTRY)

(xs5.ys)~Ps

E  wa. ArELrE + AsentryLsentry
x7~Pr

» To identify reliable target instances (LsgnTry):
- AS-IS: using model confidence (miscalibrated) vs. TO-BE: using predictive consistency

- Propose selective entropy optimization objective: minimize entropy if consistent else maximize entropy

» To address the problem of label distribution shift (LDS), class-balanced sampling on the source and target and £, are used

___________________

b:l'ass = E'Eir T ! ——» source path
pS a:::e F « 1L I" _—— LC"E (source cross—entmpy} E_ _T‘:_ target E@d_"_ _ _i
1l iy .
Pr(§) tracker | — L I'E  (target information entropy)

B R Co L A

< / LsenTry (selective entropy optimization) \
|

! 1

O \..—---’ \ . minimize :
O - = consistent = . |
m udﬂgﬂ I ’/ entropy |
Y I s | CONSISTENCY |
\_ll LTV CHECKER |
‘ “bear” | . - _, maximize :
entropy |
i

T R WS O S N S M NN NN NN N N SN N N S
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SENTRY

SENTRY: Selective Entropy Optimization via Committee Consistency for Unsupervised Domain Adaptation

< SENTRY $HA|

Consistency
Checker

‘@

Pred

Data Mining
Quality Analytics

If consistent:

Minimize
entropy

else (inconsistent):

Maximize

entropy

Ground-Truth

Lsentry (X7) = {

Pred-1 Pred-2

gL [

Pred-1 Pred-2

—Entropy(ylaug; (xr)),
+Entropy(y|aug;(xr)),

Pred-3

Pred-3

if consistent
if inconsistent

Target top@1 acc

Ol = 2-dofl et X7t
O|= E=H3ntx| 2k




UDA with Self-Training

[2021 NeurlPS]

Cycle Self-Training for Domain Adaptation

Liu et al., Tsinghua University

Data Mining
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Cycle Self-Training for Domain Adaptation

< Limitations of Standard Self-Training
» Total variation distance (dry)E &°i 2| 20[2 E22} 0= 2|0|= 2% 7t X{O|Z A 4510 biased pseudo labels 74 Ha-d =&
- AKX label It O|F =HE 2 72| X0| 0|4 22 pseudo label0| T & W E|X|= Y3 (HZ Lol £oh

7|1&9] self-training &2 2

SHESHH dpy 7 =8 (0.26)511, O[0f| 2t pseudo-labels 0.74 O| 2| M=t E JHA 4= QI (& 7142 oHA)
dry
1.0
dn{(class_ratloi —. pseudo_class_ratio;) | G Fame a7 Teaads c
= Ezillclass_ratwi — pseudo_class_ratio;|| o Total Variation Between
' Pseudo-labels and Ground Truth
Target Domain Target Domain
Ground Truth Pseudo Label 06
0.4
I [ AW dry converges to 0.26
0.2
Class 1Class 2Class 3 Cass 1Class 2Class 3 l
Epochs
0.0 acc of pseudo-labels is then
Lower bound of the error rate of the pseudo-labels ° * = = o 10 upper-bounded by 0.74

Denoising ability of pseudo-labels is needed!

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to refine noisy pseudo-labels?

HESHE]

Target — 05 Target Pred
| Source dlassifier 65E 0|83+ unlabeled target?
Forward ) | O pseudo-labels ‘4 -d
Step L
- (e.g., using FixMatch technique)

Class 1Class 2Class 3

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to refine noisy pseudo-labels?

HEE
Target — 05 Target Pred
| Source dlassifier 65E 0|83+ unlabeled target?
Forward ) | O pseudo-labels ‘4 -d
Step L
- (e.g., using FixMatch technique)

Class 1Class 2Class 3

T

0 Target Pred Pseudo-label

Freeze

Or Pseudo-label 7|8t X| =5H&
Sl target classifier T3
Class 1Class 2Class 3 Class 1Cass 2Class 3

Target Specific Classifier!

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to refine noisy pseudo-labels?

HOIHE
— 05 Target Pred
I s 99 Useful: Can transfer to the target /
Forward ) L 9
Step L 4
e Harmful: Make pseudo-labels incorrect
— Class 1Class 2Class 3
Freeze \A

0 Target Pred Pseudo-label

Pseudo-label 7|8t X|=ots
& target classifier T+3

Class 1Class 2Class 3 Class 1Cass 2Class 3

v

Or

Target Specific Classifier!

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to refine noisy pseudo-labels?

HOIHE
— 05 Target Pred
Target L s =% Useful: Can transfer to the target {
Forward : | ) | O
Step : L
| Harmful: Make pseudo-labels incorrect
o Class 1Class 2Class 3
HOIHE
Source — 0, Source Pred
Reverse - Target classifier 6,2 0|-23}0] domain®
_— 60— get classifier ;= O & source domain2
Step ¢ || T I pseudo-labels 444
o Class 1Class 2Class 3

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to refine noisy pseudo-labels?

EHHE
— s Target Pred
Target I s =% Useful: Can transfer to the target (
Forward _— | ) | O
Step L
| Harmful: Make pseudo-labels incorrect
— Class 1Class 2Class 3
EHHE
— 6, Source Pred
source - L Useful: Can transfer to the source (
Reverse 0) - 6 —
Step ' L T
o Harmful: Make pseudo-labels incorrect

Class 1Class 2Class 3

> 2|7} source domain2| labelE 7|Et2 E targett| A= F2ot HEE 7HX[1 21 2/ 0{5t= AKX H,
Now we can train the model to MAKE TARGET PSUEDO-LABELS INOFRMATIVE of the SOURCE domain!

- So that we can GRADUALLY REFINE noisy target pseudo-labels!

Data Mining
o.:.o Quality Analytics



- CST 0 Source Pred  Ground Truth

Cycle Self-Training for Domain Adaptation
y J P Lsource (‘95: ¢)

% Question. How to optimize the model? Source domain X| & &

Class 1Class 2Class 3 Class 1Class 2Class 3

|
rot
1
m

<
S\v
D
9]

fl
rot
1

E
Source

Reverse
Step ¢

HEREER
AV
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o.:.o Quality Analytics



i CsT

Cycle Self-Training for Domain Adaptation

Lsource (HS: ¢)
% Question. How to optimize the model? Source domain X| & &
TS
Target T 05 Target Pred
- 7 N
L FixMatch
] Class 1 Class 2Class 3 \
T
o 0 Target Pred Pseudo-label
Reverse : 0. Or ()
| . /
Step 1 | T I = argmin E,_rf(fg,4(x),y")
- Z]
B Class 1Class 2Class 3 Class 1Class 2Class 3

Data Mining
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Cycle Self-Training for Domain Adaptation

% Question. How to optimize the model?

Target

Reverse
Step ¢

Data Mining
o.:.o Quality Analytics

ol

[T :

Fl

rot
T

In

E}

Lsource (HS: ¢)

Source domain X| £ St&

05 Target Pred
—_

B ——
FixMatch

Class 1Class 2Class 3 \

6, Target Pred  Pseudo-label Bi-level Optimization!

Or(¢)

9 | — 0 !
T I = arg;nln Ey-7€(fo,p(x),y)

0, Source Pred  Ground Truth

I LTarget(éT(Qb)» ¢)

Reverse self-training

Class 1Class 2Class 3 Class 1Class 2Class 3
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Cycle Self-Training for Domain Adaptation

Lsource (HSr ¢)
% Question. How to optimize the model?

Source domain X| & &%

We propose to calculate the analytical form of target classifier and
directly back-propagate to the feature extractor instead of calculating the
second-order derivatives as in MAML"

 Analytical solution

= target Classifer | Hf— 1|01| CHoH A, S X o =" (=2t H S4{0] 2[5 . IR
XX = A A O] o|O]| Bi-level Optimization!
|_ E T AA —
= 5 ST XA HES 0|5-°“OP Azt LAl ZHErSE SAIS S5l 5l & T+
= 2 =E0AME ridge regression?| analytical solution 0]-&

Second-order derivatives

= Model Agnostic Meta-Learning (MAML) 1t 22 H|Et &&0AM = 22 Ti2t0|E 7 o{EA
HolSt=X| Ifetsty| @6 24t 0|22 2= &

= =
= F B el S=AEE mefo| floiM O w2 AR EE 28 (A

= =20

A EFE 1)

Lrarget (Or(), ¢)

Reverse self-training

Data Mining
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Cycle Self-Training for Domain Adaptation

Lsource (HSr ¢)
% Question. How to optimize the model? Source domain X| & &

“We propose to calculate the analytical form of target classifier and
directly back-propagate to the feature extractor instead of calculating the
second-order derivatives as in MAML"

 Analytical solution
= 2 =20ME ridge regression2| analytical solution 0] &

Bi-level Optimization!

where X: input features, y: label, 8:weights, A: regularization parameters
« O=X"X+AD)"XTy

One-hot encoded pseudo-labels

- min|| X6 — y||? + 1]|0])%,
Ridge{ v

Cross-entropy lossE At&dt=

!
CST{° rnein E.7r10Tp(x) — ¥'||?> + A]|0]|2, L= QI dassification} CHE F2

where ¢(x): X in ridge regression, y': y in ridge regression, 6: target classifier weights LTarget(é T ((l))» ¢)
e Oy =(®TD+ AN 1Ty,

where @: feature matrix [®(x,), ..., ®(x,)]", Y: pseudo-label matrix Reverse sef-training

Data Mining
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Cycle Self-Training for Domain Adaptation Sa) = —— (1 - Z yfiﬁ)
o 07
% Summary v —
. X 50.5
« Complete objective: Forward Step Los
Generate pseudo-labels on the target domain with ¢ and 6,: 3 = argmax,{ fg, 4 () }- 203
Reverse Step ok 3., a= ig (Standard Entropy)
Train a target head 9t(¢) with target pseudo-labels y’ on the feature extractor ¢: 0.1 _ :; 15
fulo) = algﬂmm E, gtfoo(x).y )- * 00 02 o “;:-0 “ 'm::"WJ 08 1.0
Value of ¥[0]

Update the feature extractor ¢ and the source head , to make 0, (¢) perform well on the
source dataset and minimize the &-Tsallis entropy on the target dataset:

¢ ¢ — ??qu[Lﬁ(f?s: ¢)+Lp (et(ﬂb) o) + LQ Tsallis, Q(Q qb)] (N I =|
0, 05— V0, [Lp(0;.6) + L5 reais 4 (05 0)]- ) « a7 10] 7P E 5 Gibbs entropyE =2

Figure 3: Tsallis entropy vs. entropic-index cv.

+ Gibbst overconfidence =X 25t

« To refine noisy pseudo-labels (Reverse step): EEEE 2o K0 0|52 L5 2HE)
- Introduce ‘cycle self-training’; train 6 with target pseudo-labels, o o0 2} HEZD TZE TH (flexible)

and make 6y perform well on the source domain by updating the shared representations

Cycle Self-Training

Target

Target Classifier J‘j“t’ E(y’ 7 " =
Cycle
Vs = Lest (0t @) | Source

Y Loss
Shared Source }7‘; Ys —"Lp(ﬂs, (f)) Source

Features Classifier S==--S= - _-_==¥ Loss

LS
— Forward Inner loop:  +== Outer loop: — Label
update 8, update ¢ and 8¢ Sharpening

Data Mining
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Cycle Self-Training for Domain Adaptation

< CST ot
+ Target domain2| 7ot E-G0| Cfot 12 £Z0 = HXEl pseudo-labels 4= 7Hs5d 1
- 6y & 0|0 source-specific featuresE 0| 85}0] A= El pseudo-labelsZ 2H&E
O|& CIA| source dataOfl HetstA 2t&SHE LA (reverse step)2 28|28 2t Z3tsts Q22 7|

6; Source Pred  Ground Truth

Class 1Class 2lass 3 Class 1Class 2Class 3
s Target Pred

olr
1
0R
I

f
ret
_[E

Target ]
| ¢ —
- FodVIahd1
— Class 1Class 2lass 3
HHHE
— — 6, TargetPred  Pseudo-label Source dassifier25E{ ‘44
[ ~ _ . /
‘ el B Or(9) = argmin Ey.1¢(f ¢ (x), ")
: Class 1Class 2Class 3 Class 1Qlass 2Cass 3
8, Source Pred  Ground Truth Source data ql;
I LTarget(QT(d))r ¢)
Class 1Class 2Class 3 Class 1 Class 2Cass 3

Data Mining
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Cycle Self-Training for Domain Adaptation

<& CST SHA|
oSt

«  Target domain| 1R% £

- 6 £ 0|0 source-specific featuresE 0|83}

O|Z LAl source dataOfl He5HH| st&0t=

Ao CHt o2

—

Self-training
CST:
Target Domain Eat H&:
A
qge | o7
BEE S5
. (-28%)
0 10 20 30 40 50 &0 70 80 90 100 -
Epochs
Data Mining

Quality Analytics

FA

] EZ0 2 Z2E| pseudo-labels A& 7Hsd 1

AEEl pseudo-labelsZ S5 E
Al 2 <

(reverse step)2 29 =22 Assl= 20102 7|52 g

Adversarial-training

DANN:; CDAN:
Target Domain B J2 & Target Domain E# HE L
A A

XC-;IQ!-E Io-lzl-E 0.55

0.5 0.54

0.53 0.51

bs l:“

0 1020 30 40 50 60 70 80 90100 0 10 20 30 40 50 60 70 80 90 100
Epochs Epochs
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Cycle Self-Training for Domain Adaptation
< CST eHA|

»  Target domain2| 7ot S0 Clich 123 X2 2 HXE pseudo-labels = 7Hsd 1
- 0; = 0]0| source-specific featuresE 0|85t0] AHE=El pseudo-labelsZ2 24 &

H (e]3

&

.

O|E CA| source dataOfl K 2SHA| et&SH= WA (reverse step)2 29

CST: pseudo-labels EF 20l
CST: g
Target Domain E# L -

oz

ok

|.|'|
i

MEE 22
(-28%)

reoen =

50 &0 70O 80 90 100

0O 10 20 30 40

v

Epochs

Data Mining
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Cycle Self-Training for Domain Adaptation
< CST eHA|

»  Target domain2| 7ot S0 Clich 123 X2 2 HXE pseudo-labels = 7Hsd 1

- ;£ 0|0 source-specific featuresE O|85+0] A= El pseudo-labelsZE 25 E
| 2{ o
of

.

O|E CA| source dataOfl K 2SHA| et&SH= WA (reverse step)2 29

CST: pseudo-labels EF 20l

CST:
_ - Pseudo-labels samples H| & (%)
Target Domain Eat H&:
A 85
Mtz | o7 51| Sh&0| ZISHE 42 7o| B E
165 dq=te g8t “1] ng()l |I_I% = T= 7'|—| o=
- (-28%) &5 unlabeled target2 =2 2H4E 71X o=
28 45 | = 8 &|= pseudo-labels 713 1
0.5 ( ) 20 30 40 50 60 70 BO 90 100
0.45 Ep(;chs
- f e e P f e e e e J’)LV’T
0 10 20 30 40 50 a0 /0 =0 S0 100 . . (1) FL':I::% I-IA_I% 7|'X|
0| Z &l target samplesO|
Epochs SLINETE
Class 1Cass 2Ckss 3
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Cycle Self-Training for Domain Adaptation
< CST eHA|

»  Target domain2| 7ot S0 Clich 123 X2 2 HXE pseudo-labels = 7Hsd 1
- 6y £ 0|0] source-specific featuresE 0| 85}0] L= &l pseudo-labelsZ 2H&E

O|Z CtA| source datadl| HetsHA e&st= B (reverse step)2 23|28 Y2t Zatsts Q22

\J

lse g5

CST: pseudo-labels Z%! &HQI

CST: N
. = - Pseudo-labels samples H|& (%) Pseudo-labels gt
Target Domain Eat H&: |
1 85 | 58
SIS o B
0.65 gk =¥ '_
0.6 (-28%) - 46
. .
45 38
o ! ) 20 30 40 50 60 70 80 90 10 - ) 5 10 20 25 30 35 40 45 50 55
e Epochs Epochs
ﬁw,T
] 10 20 -'!:I L---I rl. alll _‘l_, E:l ".'--..I I N 7 le ] (1) —LI%% §||_IA_I% 7|’X| _TI_
0| Z&|-= target samplesO| (2) GOt} Hetstopr
Epochs AL} =7t
Class 1Chss 2Class 3

> HZE pseudo-labelsS #0| SISO = 2X)
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Cycle Self-Training for Domain Adaptation
% CST 2

»  Target domain2| 7ot S0 Clich 123 X2 2 HXE pseudo-labels = 7Hsd 1
- 6y £ 0|0] source-specific featuresE 0| 85}0] L= &l pseudo-labelsZ 2H&E

O|Z CtA| source datall oA St&stHE YA (reverse step)2 25|28 Aa2hs Z3lshs 0102 7|58 A

CST: components 21} =9I

CST: ) .
Target Domain B2 H3E CST = FixMatch + Reverse Step + Tsallis Entropy
et 7 et 2 Table 5: Ablation on VisDA-2017.

° ('_'28<y3' - Method Accuracy 1 | drv |
FixMatch + Gibbs  FixMatch [57] 74.5 4+ 0.2 0.22
FixMatch + Tsallis  Fixmatch+Tsallis 76.3 4+ 0.8 0.15
4 FixMatch + Reverse CST w/o Tsallis 720+ 04 0.16
| FixMatch + Reverse + Gibbs ~CST+Entropy 76.2 + 0.6 0.20
—— > FixMatch + Reverse + Tsallis CST 79.9 + 0.5 | 0.12

Data Mining
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Make the U in UDA Matter: Invariant Consistency
Learning for Unsupervised Domain Adaptation

Yue et al., Nanyang Technological University and Singapore Management University
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ICON: Invariant CONsistency learning

< Make the U in UDA Matter: Invariant Consistency Learning (ICON) for Unsupervised Domain Adaptation
« CSTE (1) transferable, (2) domain-specific § & & transferable 20| MBS &= YT E &5 R T (reverse step)
* ICON2 domain-specific 325 HEH2 =2 M| A OF F=ot 50| 7tsds T8
o]
AN

o
- S50| ZIHEO 2t target accuracy”t SF&ISHH= A 212 Source domain L0l QL= ‘spurious correlations'2 X[ &

ICON (NeurlPS 2023)[3]
AAcc.% Loss A

Make the U in UDA Matter: Invariant Consistency ° ICON
Learning for Unsupervised Domain Adaptation :

0.175

80

Zhonggi Yue', Hanwang Zhang!, Qianru Sun®
'Nanyang Technological University, 1Singz\pore Management University
yuez0003@ntu. edu. sg, .edu.sg, qianrusun@smu.edu.sg

“CSTRl FixMatche 25
ot=0| ZIYE et
target domain2| H<t 7}
HOoX|= EX7t ACh”

CST

70

Abstract

FixMatch

Domain Adaptation (DA) is always challenged by the spurious correlation be-
tween domain-invariant features (e.g., class identity) and domain-specific features
(e.g., environment) that does not generalize to the target domain. Unfortunately,
even enriched with additional unsupervised target domains, existing Unsuper-
vised DA (UDA) methods still suffer from it. This is because the source domain .
supervision only considers the target domain samples as auxiliary data (e.g.. by ".

.
- Source domain

pseudo-labeling), yet the inherent distribution in the target domain—where the valu- LY} " .' . . . [[ =] I

able de-correlation clues hide—is disregarded. We propose to make the U in UDA - L - I H

matler by givinglequnl slan:sm [i\e llwu iomain& Spicigcnlly, weleumam;variun[ ““"I."$ Spu rlous Corre atlons .

classifier whose prediction is simultaneously consistent with the labels in the source
domain and clusters in the target domain, hence the spurious correlation inconsis-

tent in the target domain is removed. We dub our approach “Invariant CONsistency E poc h s
learning” (ICON). Extensive experiments show that ICON achieves the state-of-

the-art performance on the classic UDA benchmarks: OFFICE-HOME and VISDA- (a)

2017, and outperforms all the conventional methods on the challenging WILDS

2.0 benchmark. Codes are in https://github. com/yue-zhongqi/ICON.
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
2= HOole £d[M4

Source
Class “0" Class “1” .
(==}
(F=) .
Target
Class “0” Class “1”
(O1F3)
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
2= HOole £d[M4

A
Class “1” ‘

Source

@
Class “0”
(=)

— —
Class “0" Class “1” E ‘
(GES))
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
2= HOole £d[M4

Source

Class “0" Class “1” . .

F2) [2] H
Target —

Class “0” . Class “1" E

Q=)
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
2= HOole £d[M4
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”

%21 Hl0|E| 4[]

Source

Digit shape
@ A
Class “0” Class “1”
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(H5F3)
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”

+ |Labellf 20| A= AMH LO0[X|2 UX 2= 0 50| SRt HeS oHX| fi= L= H|0|E E-4[4]
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ICON: Invariant CONsistency learning

% Source domain “spurious correlations”

+ |Labellf 20| A= AMH LO0[X|2 UX 2= 0 50| SRt HeS oHX| fi= L= H|0|E E-4[4]

— = S
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ICON: Invariant CONsistency learning

% Considering inherent distribution in target domain

- RE2 |abeled source domain H|O|E TZ=0f & &E3H spurious featuresti| M2 |1 target domain 40| Xt = U
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ICON: Invariant CONsistency learning

% Considering inherent distribution in target domain
- HEE2 labeled source domain HIO|E 20 & E&3+X spurious featuresOf| 2+

» Target domain W2| LHZ{A S-dS mifsto], REE 5l0{Z target domain =&
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Digit shape
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ICON: Invariant CONsistency learning

Consistency

Make a classifier whose prediction is consistent with the labels in the source and clusters in the target!

&Y dass LHX|= cluster0| &3tH= samples 7t FAHE 1 (or vice versa)

O|2M dassifier= F =M HIO|E §/d2 BF N5l St5k| 22 28 0| Q10| £E3}=l spurious correlations0f| & 2| &

Source

Digit shape
o A
Class “0" Class “1”
(F3)
. Cluster Assumption
o .
e Even though target domain is
Pt unlabeled, we can still identify
.‘0_5’ the sample clusters in target.
o A
Class “0” Class “1”
(F3)
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ICON: Invariant CONsistency learning
Invariance
Give equal status to the source and target domains!
Ol ot & =0 Q10| M spurious correlation @2F0] O & B0l = th=d| YatE o= Zat

=
=
spurious correlation 2| &S 30| LAl oS ZutE =3 & ofL|2t 2 Tel £|H2o| 58 Bol=

o
Q
[7]
@,
=h
D
=
1%

Source Digit shape

Class “0" Class “1”
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ICON: Invariant CONsistency learning

GOAL
Source?} Target 2 F04|A] (1) L2HE0l 0f|= Z1tE E=SI1 (CONSISTENT), (2) Z|&2| ‘ds2 E0|&= (INVARIANT)

Consistent and Invariant Classifier f 1%

Source Digit shape
@ A
Class “0” Class “1”
(=)

Digit color

>
o[C[Q)]

Class “0” Class “1”

(O153)
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I CO N Consistency Invariance

ICON: Invariant CONsistency learning

< Consistency: & EHQI0|M O|= Zte] FAMIS L=t (=Y EHEl o= Al 53)

Consistency with S: BCE(S,f) | Consistency with T: BCE(T,f) |

Form of contrastive loss!

BCE(D, f) = —E(y,x)~plblog(y) + (1 — b) log(1 — 7],

where 9 = f(x)Tf(x;),

pair’t 22 classO|™ 1 OfL|™ 0

pair?} 22 cluster™ 1 OfL|H 0

I(y;=y;), D=S

M
and b =
]I(argmax g(x;) = argmax g(xj)), D=T 4

me e

gE rank-statistics algorithm= S|
target samples= dustering ot= HIE®|I3

Target

a Cluster 0 Cluster 1
g 0O
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I CO N Consistency Invariance

ICON: Invariant CONsistency learning

< Consistency: & EHQI0|M O|= Zte] FAMIS L=t (=Y EHEl o= Al 53)

Consistency with S: BCE (S, f) | Consistency with T: BCE(T, f) |

Form of contrastive loss!

BCE(D, f) = —E(y,x)~plblog(y) + (1 — b) log(1 — 7],

Weaknesses:

1. The performance of ICON on Office-Home and VisDA-2017 is inferior to that of SoTA. For example, CDTrans [Xu+, ICLR2022] achieves 88.4% on VisDA-2017 and 80.5% on OfficeHome, both higher
than ICON.

2. Since the assumptions underlying the theorem appear to be quite strong, it is questionable to what extent they are valid in practice. (this is discussed more or less in the limitation part in the
supplementary material, though.)

3. Intuitively, the principle of ICON (i.e., bringing features within the same class/cluster closer together) seems highly similar to that of contrastive learning, which is also a major approach to
unsupervised domain adaptation (e.g. [Shen+, ICML2022 ], [Wang+, TMM2023]). Discussing the differences will highlight the property and unigueness of ICON.

4. While this may be outside the scope of this paper, it would be interesting to discuss the possibility of extending to more advanced domain adaptation problems, such as universal domain
adaptation and source-free domain adaptation. Since ICON (perhaps implicitly) assumes that the number of classes in the source and target are the same, and the impact of the number of

clusters on accuracy is significant (see Table 2). So the performance of ICON on universal domain adaptation, where the number of classes cannot be assumed to be the same, may not be as
promising. Application to source-free domain adaptation is also non-trivial.

[Xu+, ICLR2022] CDTrans: Cross-domain Transformer for Unsupervised Domain Adaptation
[Shen+, ICML2022] Connect, Not Collapse: Explaining Contrastive Learning for Unsupervised Domain Adaptation

[Wang+, TMM2023] Cross-Domain Contrastive Learning for Unsupervised Domain Adaptation
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I CO N Consistency Invariance

ICON: Invariant CONsistency learning

[— .y )

< Consistency: & EHQI0|M O|= Zte] FAMIS L=t (=Y EHEl o= Al 53)

Consistency with S: BCE (S, f) | Consistency with T: BCE(T, f) |

Form of contrastive loss!

BCE(D, f) = —E(y,x)~plblog(y) + (1 — b) log(1 — 7],

Weaknesses:

1. The performance of ICON on Office-Home and VisDA-2017 is inferior to that of SoTA. For example, CDTrans [Xu+, ICLR2022] achieves 88.4% on VisDA-2017 and 80.5% on OfficeHome, both higher
than ICON.

2. Since the assumptions underlying the theorem appear to be quite strong, it is questionable to what extent they are valid in practice. (this is discussed more or less in the limitation part in the
supplementary material, though.)

3. Intuitively, the principle of ICON (i.e., bringing features within the same class/cluster closer together) seems highly similar to that of contrastive learning, which is also a major approach to
unsupervised domain adaptation (e.g. [Shen+, ICML2022 ], [Wang+, TMM2023]). Discussing the differences will highlight the property and unigueness of ICON.

clusters on accuracy is significant (see Table 2). So the performance of ICON on universal domain adaptation, where the number of classes cannot be assumed to be the same, may not be as

W3 - Differences with methods based on contrastive learning. Yes, our method can be viewed as contrastive learning. The differences with previous methods lie in what te contrast. For
example, [Shen+, ICML2022] contrasts augmented samples, i.e., a sample under different augmented views shares similar features, and different samples have dissimilar features. [Wang+,
TMM2023] contrasts cross-domuain sample pairs (one from source domain S and the other from target domain T'), i.e., pairs from the same class share similar features (and vice versa).
Unfortunately, they still generate T pseudo:labels based on S supervision like self-training methods, and hence are prone to spurious correlations (lines 52-57). Qur ICON contrasts in-

domain sample pairs (both samples from S or T), i.e., pairs from the same class in .S or cluster in T share similar features (and vice versa). In this way, our cluster labels in T only capture the
inherent distribution of T', which helps remove spurious correlations (lines 66-80).
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ICON: Invariant CONsistency learning
< Invariant Consistency (ICON): 2= ZH|2l0j CHsl x|H Q| 453 LEEA &
« Objective:

Self Training Consistency

N N
I\ 4 I\

P
nelifn CE(S, f) + alseif—training + BCE(S, f) + BCE(T, f
s.t. f € argmin BCE (S,ﬂ N argmin BCE(T,f).

f f

- J
Y
Invariance
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- ICON Consistency Invariance
ICON: Invariant CONsistency learning
< Invariant Consistency (ICON): 2= ZH|2l0j CHsl x|H Q| 453 LEEA &
« Objective:
Self Training Consistency
A N
'd N\ 4 N\
Igifn CE(S, f) + alseif—training + BCE(S, f) + BCE(T, f
s.t. f € argmin BCE (S,ﬂ N argmin BCE(T,f).
f f
- /)
Y
o Invariance
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ICON: Invariant CONsistency learning
< Invariant Consistency (ICON): 2= ZH|2l0j CHsl x|H Q| 453 LEEA &
« Objective:
Self Training Consistency
N A
4 N\ 4 N\
nelifn CE(S, f) + alseif—training + BCE(S, f) + BCE(T, f
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f f
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- I CO N Consistency Invariance

ICON: Invariant CONsistency learning

< Invariant Consistency (ICON): 2. T H|Qlof CHal X|Xo| M52 LA &5
* Objective: Bi-level Optimization!
Self Training Consistency

N N
N\ r

4 N\
nelifn CE(S, f) + alseif—training + BCE(S, f) + BCE(T, f)
s.t. f € argmin BCE (S,ﬂ N argmin BCE(T,f).

f f

g J
Y
Invariance
L = Of| A = X|AS} S BET| Xt F ol &35 (=13 . .

> fE &= E0| 60f| 2EH (97f F update & [HOFC B45}= feature spaceOl S RHEMAY 2 82)
> 5, f2} € &M A= bi-level optimization problem

Helifn CE(S: f) + aLself—training + BCE(S, f) + BCE(T:f) + ,B’Var({BCE(S,f),BCE(T, f)})‘_

+30| o342 -:Xﬂ 20 9 M2 ZHS 225 HERO|
2AISE4=0| REX loss[5]2 0| 2%t

Data Minin
.ﬁ Q?J(;’”y /\ﬂOg|yTiCS [5] Krueger; D, Caballero, E, Jacobsen, J. H, Zhang, A, Binas, J, Zhang, D, . & Couville A (2021, July). Out-of-distrioution generalization via risk extrapolation (rex). In Intemational conference on madhine leaming (pp. 5815-5826). PMLR
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I CO N Consistency Invariance

ICON: Invariant CONsistency learning

< Invariant Consistency (ICON): 2. T H|Qlof CHal X|Xo| M52 LA &5

REx (Risk Extrapolation) loss:
o QI ZH HXIE X & (extrapolate)StO] 20| = H|O|E{ Q| YK £ (causal feature)2 SHEOIEE R
v &, 'digit color@t 20| =H|QI0ICt CHE 2HEX 42 B[S, =0Ql0| 225t SSX 22 LIEtL=
22X £ (eg. digit shape)0il 7|t |5 S TS5 o

V' Lpgx = ngﬂ‘XRD(f) - rr%)inRD(f)
ALl £ =R Ml &=40] X|LEX|A 2B CrE =0 e1o| shsof a7 & == U
B Practical Implementation

)

VREx (Variance Risk Extrapolation) loss:
- RExQ| Hyo=z EOQl H &4lo| "R S X435} oli= WAC =2 Ho|H

V' Lyrpx = Var(Rp(f))

gjo

BVar({BCE(S, f), BCE(T, f)}) <+

REx loss[5]

Data Minin
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ICON: Invariant CONsistency learning
% Summary

« Complete Objective: rgifn CE(S,f) + aLseif—training + BCE(S, f) + BCE(T, f) + pVar({BCE(S, f), BCE(T, f)})

+ Cluster loss + Cluster Self Training loss + Tsallis Entropy loss + Equivariance loss[0]

Liamy = Exsur||9(aug(x) — aug3e)|*

E7 Bz transform)0f| LS 5582 |AISIEE, T, ZEO|
U H|O|H0|| ME =l HetS Bt HoiZ otEoteE R

« To refine noisy pseudo-labels (Consistency + Invariance):

- Giving equal status to the two domains; learning an invariant classifier whose prediction is simultaneously consistent with the labels in the source

domain and clusters in the target domain

____________ -
©O dot-product I ¥4 = “clock” ¥1 =cluster 2{—|_|E|~(— 4—%—@ i
similarity in §, T | g9
_____ I g —_——— — — —  y; ="bed” };{ ¥z =cluster 21—54— <
1 ¥1=Y2?
Lyscanennas =
P i bed 0 1'\ i clock
-\’:lclock ol bed «
| BCE(S, /) | [ BCET.A) |
| bed ﬂ clock
— ¥ — clock 5I5 Invariance bed
Data Minin
..:.o Quality /\noglytics [5] Wad, T, Sun, Q, Pranata, S, Jayashres, K, 8t Zhang, H. 2022, October). Equivariance and invariance inductive bias for leaming from insuffident data. In European Conference on Computer Vision (pp. 241-258). Chant Springer Nature Switzerland,
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ConS|stency Invariance

ICON: Invariant CONsistency learning

% Summary

« Complete Objective] rgifn CE(S,f) + aLseif—training + BCE(S, f) + BCE(T, f) + pVar({BCE(S, f), BCE(T, f)})

+ Cluster loss + Cluster Self Training loss + Tsallis Entropy loss + Equivariance loss[0]

Liamy = Exsur||9(aug(x) — aug3e)|*

578 gt (transform)oﬂ s SSM2 SX[SIEE, F, ZEO|
ol2f CIOE{0] MBSl HISHS Blefst EHS s FEE =

Components ablation study

4 N

Method OFFICE-HOME VISDA-2017
FixMatch 69.1 76.6
FixMatch+CON 74.1 82.0
FixMatch+CON+INV 75.8 87.4
Cluster with 2 x#classes 69.7 78.6
Cluster with 0.5 x#classes 67.5 76.2
Cluster with k-NN 72.1 85.6

Table 4: Ablations on each ICON component.
CON denotes the consistency loss in S and 7.
INV denotes the invariance constraint.

\ v

Data Mini
.ﬁ Q?Jé?”y l/rcr‘1r:]g|yTiCS [5] Wead, T, Sun, Q, Pranata, S, Jayashree K, & Zhang, H. (2022, October). Equivariance and invariance inductive bias for leaming from insuffident data. In European Conference on Computer Vision (pp. 241-258). Cham: Springer Nature Switzerland.
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ICON: Invariant CONsistency learning

% Experiment Settings

- Datasets : 107} — OFFICE-HOME, VISDA-2017 | WILDS 20 (871 Ci|O|E, image, text, graph & CI&¥et modalities) (CHYSt tasks: +reg, +detection)
> image SOI2t S5l 7| ALB3}X|

Dataset

Sample x
Label y
Task

Source §

Example §

#Samples §

Target T

Example T

#Samples T

Evaluation

Data Mining
Quality Analytics

OFFICE-HOME
object image
65 categories

classification

various*

CHFSE modality2| H|O[E

VisDA-2017 IWILDCAM CAMELYON17 FMoW

object image camera trap photo tissue slide satellite image
12 categories 182 species tumor/not 62 land uses
classification classification classification classification
synthetic photos from slides from images from
images 243 traps hospital 1-3

average 3,875

various*

152,397 129,809 302,436 76,863
i Bl photos from slides from images from
P 3215 traps hospital 5 2016-2018

=

average 3,875

average acc.

55,388 819,120 600,030 173,208
mean-class worst-region
macro-F1 acc. 2
accuracy acc.

UMAP, EqinvE 0| 8¢t Feature preprocessing 3
- (highlight causal feature to improve clustering)

POVERTYMAP

satellite image

asset wealth
regression

images in 14
countries

~10,000

images in 5
countries

261,396

Pearson
correlation* %

S p=1a=a
A =0

GLOBALWHEAT

wheat image
wheat bbox

detection

images in
Europe

2,943
images across
the world

TN Y

N J:\‘i‘."'

AP TRl

42,445

acc.

molecular graph

OGB-MoLPCBA

CIVILCOMMENTS

online comment

22 (eg. mixup)

AMAZON

product review

bioassays toxic/not 5 review scores
classification classification classification
ST online articles* 1.'252
groups reviewers
| applaud r
Q&’f l;hgr.a Hey\::s @ :;p‘:g::;‘o
ood man! We need >
3 }G gwore fike him. Very well buik.
350,343 269,038 245,502
43,793 scaffold : 5 3 1,334
groups online articles O
As a Christian, | will
- ):’—\ nol be patronizing I o dlsappo S
<I:( A <ﬁ any‘or those {:g-qualxly of
businesses.
517,048 1,551,515 268,761
average worst-group 10 percentile
precision acc.* acc.
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% Experiment Settings

« Backbones :

- Image Classification Task : (1) Office-Home, VisDA, IWildCam - ResNet-50 / (2) FMOW — DenseNet-121 (Both backbones are pretrained on ImageNet)
- Medical Img. Classification Task (CamelYon17) : DenseNet-121 pretrained by SWAV with unlabeled S and T
- Object Detection Task (Global Wheat) : Faster-RCNN

- Text Classification Task (Civil Comments, Amazon) : DistilBERT
- Regression Task (Poverty Map) : No Pretrained Model Available, Multi-spectral ResNet-18 trained with the labeled source domain

- Molecular Graph Classification Task (OGB-MoIPCBA) : No Pretrained Model Available, Graph isomorphism network trained with the labeled source domain

ResNet

Dataset OFFICE-HOME VisDA-2017

DenseNet

FMow

POVERTYMAP

GLOBALWHEAT

OGB-MoLPCBA

DistillBERT

AMAZON

CiVILCOMMENTS

Sample x object image object image
Label y 65 categories 12 categories
Task classification classification
Source § various* synthetic

images
Example § E
#Samples §  average 3,875 152,397
Target T various* real photos
Example T
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SwAV
IWILDCAM CAMELYON17
camera trap photo tissue slide
182 species tumor/not
classification classification
photos from slides from
243 traps

129,809 302,436
photos from slides from
3215 traps hospital 5

satellite image
62 land uses
classification

images from

images from
2016-2018

satellite image
asset wealth

regression

images in 14
countries

~10,000

images in 5
countries

wheat image
wheat bbox
detection

images in
Europe

images across
the worl

molecular graph

online comment

product review

bioassays toxic/not 5 review scores
classification classification classification
44,930 scaffold orline arlicinn 1.,252
groups reviewers
1 applaud your
’k father. He was a S;p:al :?: y to
)__d good man! We need s g ) ;’J-Il
23 more like him. M o
350,343 269,038 245,502
43,793 scaffold 2 i 1,334
: online articles* :
groups reviewers
As a Christian, | will
. E"\ not be patronizing 1oy dtsap‘pomlad
CC( e CO any of those :r;'g‘quahly of

businesses.




ICON

ICON: Invariant CONsistency learning

<+ Main Results
«  WILDS 2.0 - Failure Case
- POVERTYMAP & OGB-MOLPCBAO|| CHSHAM = &CHE o 2 d5 2Fdo| SEEX|X| 23S
5l¥ =0, O|2M source domain £/40]| biased &€ 754

(2) the ground-truth number of classes T is nor well-defined - regression + OGB= nan #f =X = clustering assumption 0| &%

- 0|& : (1) no pretraining-available & source domain@ 22+ AFHSHES

0GB-MoLPCBA

Dataset OFFICE-HOME VisDA-2017 IWILDCAM CAMELYON17 FMoW PoverTYMap GLOBALWHEAT CivILCOMMENTS AMAZON
Task classification classification classification classification classification regression detection classification classification classification
Evaluation average acc. m:;tg:;'s macro-F1 acc. worzl;::?lon m:;:::;'rl o% acc. p‘.arv:criz?oz wor:tcg;oup 10" p:ézenhle
GVB Empirical Risk Minimization (ERM
70.4 75.3 47.0/32.2 90.6/82.0 60.6/34.8 65/48 77.8/51.0 -/28.3 89.8/66.6 72.0/54.2
TCM CCRAL
70.7 75.8 40.5/27.9 90.4/77.9 58.9/34.1 54136 -/- -126.6 -/- 71.7/53.3
SENTRY DANN
72.0 76.7 48.5/31.9 86.9/68.4 57.9/3486 50/33 -/~ -/20.4 -f- 71.7/53.3
Fsting csT Pseudo-Label
72.2 80.6 47.3/30.3 91.3/67.7 60.9/33.7 -/- 73.3/42.9 -119.7 90.3/66.9 71.6/52.3
ToAlign MDD Noisy [Student
727 77.8 47.5/321 93.2/86.7 61.3/37.8 61/42 78.1/46.8 -127.5 -f- -/-
FixBi MT+16augs FixMatch Masked LM
73.0 82.8 46.3/31.0 91.3/71.0 58.6/32.1 54130 -/- -/- 89.4/65.7 71.9/53.9
ATDOC MCC+NWD SwAV ERM (labelled T)
73.2 83.7 47.3129.0 92.3/914 61.8/36.3 60 /45 -/- -/- 89.9/69.4 73.6/56.4
S e il Wl Mol Wl Il T
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- Conclusion

% How to make reliable target pseudo-labels?
1. SENTRY (2021, ICCV) : augmented samples2t2| 0f|= L2t =0|7|

Need to refine
noisy pseudo-labels

2. CST (2021, NeurlPS) : target classifier’| source domainOf| A= & SEISHE & PHS7| (reverse step)

Need to consider
inherent distribution of
target domain

3. ICON (2023, NeurlPS) : target domain?| & MEE & 2851 o5 d=tx 3 it =0(7|
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- Conclusion

% How to make reliable target pseudo-labels?
1. SENTRY (2021, ICCV) : augmented samples}t2| 01|§ 2d2d =017

Source domainQ 2 AFHBHEEl D HS B83L0] source x5t 2|

- 0= Lt =0l= A0l 0 F HEHEE B Y= A

[ r—L—

Need to refine

noisy pseudo-labels
2. CST (2021, NeurlPS) : target classifier?} source domain®| M= & SAISIEE BHE 7| (reverse step)
Target classifier 7+3 A| labeled source domain2 £ 2

S HEl source dlassifier?| 0= Ztol| o| =X
Ablation study 2@l Z1t, K| ot

= HA o

tok reverse step =Lt Tsallis entropy2| 210t7F FE2{E S =0l

—

Need to consider
inherent distribution of

target domain
3. ICON (2023, NeurlPS) : target domainl| 71=& MEE Z 28310 o= J=tx 8l 2y =0]7
- 7|E0f| MotEl aAN4E HMES| FEsI0, MAL 77, BA = 87} 0|49 lossesS 2310 st (HO|E{ A0 2} Af0))
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¢ Main Results (1/2)

« Classic UDA Benchmarks (OFFICE-HOME, VisDA-2017)
- OFFICE-HOME : Spurious correlationg |75 Z40| =X Q1 Ef UDA & E CSTRF ATDOC ELCt &2 45 - Spurious Corr. M2l 24 ZX

- SFX| 2t & S E2 target domain2| pseudo label 2H&E2 2/l source dassifier?| 7FS X2 7|3t T-dassifierE 0|8 - S2| spurious cor &2 O
- VisDA: 7| &9 VisDa SoTA & SHLIRE MT+16augs ‘35 O|Z, backbone2 2 ResNet-101 ALESH Ef HHEHLCE 22 &5 WSS T2

- ZZ. OFFICE-HOMED} VisDA2| H| 1 BHHE (baselines)O| ZX| %S

OFFICE-HOME VisDA-2017
Method Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl-=Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr Avg Method Backbone Acc.
DANN [15] (2016) 456 593 700 470 585 609 461 437 685 632 518 768 5.6 MT+16augs [13] (2018)  ResNet-50 828
CDAN [36] (2018) 507 706 760 576 700 700 574 509 773 709 567 816 65.8 MDD [72] (2019) ResNet-50 77.8
SymNet [71] (2019 477 729 785 642 713 742 642 488 795 745 526 827 676
MDD [7[2] ](5019)) 549 737 778 600 714 718 612 536 781 725 602 823 68.1 GVB [9] (2020) ResNet-50 5.3
SHOT[30] (2020) 571 781 815 680 782 78.1 674 549 822 733 588 843 718 TCM [69] (2021) ResNet-50 75.8
ALDA [7] (2020) 537 701 764 602 726 715 568 519 771 702 563 821 666 SENTRY [46] (2021) ~ ResNet-50 76.7
GVB [9] (2020) 570 747 798 646 741 746 652 551 810 746 597 843 704 CST [34] (2021) ResNet-50 80.6
TCM [69] (2021) 586 744 796 645 740 751 646 562 809 746 607 847 707 CAN [26] (2019) ResNet-101 87.2
SENTRY [46] (2021)  61.8 774 80.1 663 716 747 668 63.0 809 740 663 841 722 SHOT [30] (2020) ResNet-101 829
CST [34]6(2021) 59.0 72.6 834 684 771 767 689 564 830 753 22.2 85.1 73.0 FixBi [26] (2021) ResNei-101 379
ToAlign [66] (2021) 579 769 808 667 756 770 678 570 825  75.1 0.0 849 720
FixBi [42] (2021) 58.1 773 804 677 795 781 658 579 817 764 629 867 727 MCC+NWD [6] (2022)  ResNet-101 83.7
ATDOC [31](2021) 602 778 822 685 786 719 684 584 831 748 615 872 732 SDAC [47] (2022) ResNet-101 84.3
SDAT [47] (2022) 582 771 822 663 776 768 633 570 822 749 647 860 722 kSHOT™ [57] (2022) ResNet-101 86.1
MCC+NWD [6] (2022) S8.1 796 837 677 779 787 668 560 819 739 609 861 72.6 ICON (Ours) ResNet-50 87.4
KSHOT® [57](2022) 582 800 829 61.1 803 807 713 568 832 755 603 866 739
TCON (Ours) 633 SI3 845 703 S2.01 SLO 703 618 837 756 686 87.3 758

Table 3: Mean-class accuracy (Acc.) on
Table 2: Break-down of the accuracies in each domain on OFFICE-HOME dataset [62]. *: kSHOT [57] VIS_DA‘ZO 17 Synthetlc—>Refl taSk_Wlth the
additionally uses the prior knowledge on the percentage of samples in each class in the testing data. choice of feature backbone. *: details in Ta-

Published years are in the brackets after the method names. ble 2 caption. Published years are in the brack-
ets after the method names.
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¢ Main Results (2/2)
*  WILDS 2.0 - Success Case
- IWILDCAM : long-tail distribution (y &%) US|z E2 Hs
- CIVILCOMMENTS : “even under the SSL setting”Of| A H|t &H R 220| R4atS SHIUCED dt=0|, "SSL setting”0| & 2|0|5t= X| Op%] mtet Xt
- AMAZON: ‘d& 0| 22 2X| 2&X|2F ERM (labeled T2t 2 S

Dataset OFFiCE-HOME VIsDA-2017 CAMELYON17 FMoW POVERTYMAP GLOBALWHEAT OGB-MoLPCBA

Task classification classification classification classification classification regression detection classification classification classification
Evaluation average acc. m:;tgzjs macro-F1 acc. worzl;:glon m:;:;i:l o% acc. :::;:.a; wor:;gzoup 10" p:ézenhle
GVB Empirical Risk Minimization (ERM)
70.4 75.3 47.0/32.2 90.6/82.0 60.6/34.8 65/48 77.8/51.0 -/28.3 89.8/66.6 72.0/54.2
TCM CORAL
70.7 75.8 40.5/27.9 90.4/77.9 58.9/34.1 54136 -/- -126.6 -/- 71.7/53.3
SENTRY DANN D= ZA0] CHsl
S 72.0 76.7 48.5/31.9 86.9/68.4 57.9/346 50/33 /- -1204 /- 71.7/53.3 Source Test0]| I:Ha'}lklE
Methods csT Pseudo-Label 2 452 gxlge
72.2 80.6 47.3/30.3 91.3/67.7 60.9/33.7 -/- 73.3/42.9 -119.7 90.3/66.9 71.6/52.3 '7:!-_75_
ToAlign MDD Noisy Student (invarian ce objective)
727 77.8 47.5/321 93.2/86.7 61.3/37.8 61/42 78.1/46.8 -127.5 -f- -/-
FixBi MT+16augs FixMatch Masked LM
73.0 82.8 46.3/31.0 91.3/71.0 58.6/32.1 54130 -/- -/- 89.4/65.7 71.9/53.9
ATDOC MCC+NWD SwAV ERM (labelled T)
73.2 83.7 47.3129.0 92.3/914 61.8/36.3 60 /45 -/- -/- 89.9/69.4 73.6/56.4
ICON 75.8 87.4 50.6/34.5 95.6/93.8 62.2/39.9 65/49 78.6/52.3 -128.3 89.7/68.8 71.9154.7 Source Test A= S / Target Test Me
+2.6 +3.7 +2.3 +2.4 +2.1 +1 +1.3 +0.0 +1.9 +0.5 i
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