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Test-Time Adaptation

Requirements

The pre-trained model M trained on the source (training) data D,

Target (test) data D; = {x;}
Goal

Using M; and the stream of D;, obtain the best performance on target domain
Constraints

No source (train) data Dq

Efficiency (memory, runtime)
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Test-Time Adaptation (cont'd)

TTA cannot access whole target data D, before adaptation.

Impossible to estimate the target distribution
Prone to inaccurate prediction in the early stage

Error accumulation!

Need to adapt using samples that have a lower likelihood of causing error

Sample filtering and reweighting with confidence metric!
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Previous work

TENT (ICLR 2021 spotlight)
Entropy minimization loss
No filtering

EATA (ICML 2022)

TENT + filtering + regularization
Reliable (entropy) filtering + redundant filtering

Fisher regularization

SAR (ICLR 2023 oral)

Reliable (entropy) filtering + sharpness-aware entropy minimization loss
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Previous work (cont'd)
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(a) Entropy level vs accuracy (b) Grad-CAM of correct samples

The lowest entropy interval shows the lowest accuracy
* Unreliable!
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(c) Grad-CAM of wrong samples

Samplesin 0~Q1

* Correct samples: focus on bird (target) well

* Wrong samples: relatively bad
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Entropy is not enough for TTA!

Entropy cannot reflect 'which part’ of the image assigns low entropy.
If birds (object)? =» good!
If spurious features (background)? =» bad...

Let’s take ‘disentangled factors’ notation!
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Entropy is not enough for TTA! (cont'd)

Disentangled factors

Disentangled latent vector v(x) = (v((X), v1(X), ..., v4, (X)) € R%
Each elementis independent
v(x) can perfectly reconstruct an inputimage x
v;(x) € [0,1]: the i-th factor of x
In binary classification (y € {—1, +1})
Each factor v;(x) has a correlation with a true label y
Under distribution shift, the correlation can be changed!

Define two correlations

train train traln) test __
1

— COIT; — Corr(y ,V; corr; — Corr(ytest test)

Then we could divide v(x) into four partitions

i i test
Vpp = {V1;|cor1r§ra‘ln > 0, corrgeSt >0}, vpn = {vi|corr§ram > 0, corr;*" < 0},

trai test trail test
Vip = {vi|corr;"™" < 0,corr;*™ > 0}, vy, = {vi|corr;"*" <0, corr;**" < 0}.
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Entropy is not enough for TTA! (cont'd)

Assume the pretrained model My as a linear classifier.

Proposition 1. Let us consider a pre-trained linear classifier Mg that uses the latent disentangled
factors v(x) of sample x as input. We define a harmful sample as one that reduces the difference in
the mean logits between classes when used for adaptation. A sample x € X% is a harmful sample

for adaptation using entropy minimization loss if it satisfies the following condition:
~ test test
}’V(X)-(Extcst,vxiclst [V(x e8 )] — Extcstinclst [V(X es )]) <0, (5)

where X" = {x|(x,y) € D**'|y =y}, and y € {1, —1}.

With Proposition 1, we can explain why the samples with low entropy can be harmful.
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Entropy is not enough for TTA! (cont'd)

The partitions of optimal parameters 8™ for the training data

i i * *
Vpp = {vi|corri™™ > 0, corri®* > 0}, v, = {vi|corr!"™™ > 0, corr}*** < 0}, pr, epn > ()
Vip = {vi|corti™™ < 0, corr!™" > 0}, v, = {vi|corri™™ < 0, corri!™* < 0}. e;kw, 0, <0

In the early stages of adaptation, x with a high-confidence pseudo-label of § = +1 satisfies
ag(x) = OppVpp + OprVpn + Orp Vi + Oy Vi, > 0,
00 Vip + Opn Vpn| > [0np Vip + Onn Vs
Two dominant factors

V,p: Commonly Positively-coRrelated with label (CPR) factors

Vyn: TRAIN-time only Positively-correlated with label (TRAP) factors
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Entropy is not enough for TTA! (cont'd)

By definition, the expectations of CPR factors and TRAP factors are as follows:

test )] test )]

]Extestij_elst [Vpp (X > Extestinelst [Vpp (X y

test )] test )] .

Extesth_t'_elst [Vpn (X < ]ExteStNXie:lSt [Vpn (X

Reformulation of Eq. (5) of Proposition 1.
}A’V (X) . (]ExtestNXielst [V(XteSt)] — ExtestNXielst [V (XteSt)])

~ Vpp (X) * (Extest NX:—eISt [Vpp (XteSt )] - ]Extest NXielst [Vpp (XteSt )] )

N >y

(7";)

+ Vpn (X) . (]Extesthielst [Vpn (Xtest )] — E,test et [Vpn (Xtest )]) <0

A - g

(7.b)

Eq. (7.a) (related to CPR factors) becomes positive, and Eq. (7.b) (related to TRAP factors) becomes negative
|(7.3a)| < |(7.b)| = a harmful sample

— When TRAP factors affect more than CPR factors, the sample becomes harmful
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Entropy is not enough for TTA! (cont'd)

If |(7.2)| < |(7.b)| and |0y - Vi + Op - Vi | 3> |0y - Vi + Oy - Vg
—> X becomes a harmful sample with low entropy (high confidence)

Low entropy filtering cannot discern good & bad samples

Then how to adapt?
Utilize the CPR factors and avoid the TRAP factors!

All sources are created by DALL-E
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Methodology

Destroy Your Object (DeYO)

Utilize the factor that aligns with g.t. class (CPR factor: v,,,,) under any test distribution

Classification task: the shape of object!

We can simply apply patch shuffling to destroy the shape information, preserving the patch-level local features.
If a prediction becomes uncertain when the shape of object is destroyed,

—> The model considers the shape of the object as the dominant factor when classifying the sample.
Pseudo-Label Probability Difference (PLPD)

Measures the extent to which the probability of pseudo-label decreases after applying the patch shuffling
Utilize samples with low entropy & high PLPD!

So(x) = {x|Entg(x) < Tgn, PLPDg(x,x’) > 7prpp}, Where
PLPDg(x,x’) = (po(x) — po(X))s,
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Methodology (cont'd)

Overall procedure of DeYO

—

Se(x) = {x|Entg(x) < Tgn,

g (X)

Inference

Py (x)

Adaptation

— Py(x) ZL

Lpeyo = ap(X) - H{xEnto(X)

a‘CDeYO
00— nVT

Ent
A

________________________

TEnt

Area 1

________________________

i Area 2 ;

Tppp  PLPD,(X)

PLPDy(x,x’) = (pa(x) — po(x’));,

1

PLPDg(x,x’) > Tprpl}, where

1

exp{(Entg(x) — Enty)} *

exp{—PLPDg(x,x’)}’

Lpeyo(x; 0) = ag(x) - H{XESQ(X)}EntO(X)a
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Experiments

TTA onani.i.d. sampling (mild) scenario (ResNet-50-BN)

Table 1: Comparisons with baselines on ImageNet-C at severity level 5 under a mild scenario re-
garding accuracy (%). The bold value signifies the top-performing result.

Noise Blur Weather Digital
Mild | Gauss.  Shot  Impul. | Defoc. Glass Motion Zoom | Snow  Frost Fog Brit. | Contr. Elastic Pixel JPEG | Avg.
ResNet-50-BN 22 29 1.8 17.9 9.8 14.8 225 16.9 233 244 58.9 54 16.9 20.7 31.7 18.0
¢« MEMO 7.5 8.8 8.9 19.8 13.0 20.7 27.7 253 28.7 322 61.0 11.0 23.8 33.0 37.6 239
e Tent 290.2 31.2 30.1 28.1 27.7 41.4 494 472 415 57.7 67.4 29.2 54.8 58.5 524 43.1
e EATA 34.9 37.1 35.8 334 33.0 17.1 52.7 51.6 45.7 60.0 68.1 44.4 57.9 60.6 55.1 17.8
e SAR 30.6 30.6 313 28.5 28.5 419 494 47.1 422 57.5 67.3 37.8 54.6 58.4 52.1 439

® DeYO (OUI’S)|35o6tu.2 37901 37.1:0: |33-8¢u:z 3419 48.5., 52-8:0.1‘52-7@.(1 46401 60.6.09 68.0.01 46.1.0; 58.4.p; 61.5.,1 55.7.91 48.6.00

TTA on a spurious correlations shift (biased) scenario (ResNet-18/50-BN)

Table 2: Comparisons with baselines on Col-  Table 3: Comparisons with baselines on Water-

oredMNIST regarding accuracy (%). Birds regarding accuracy (%).
Biased Avg Acc Worst-Group Acc Biased Avg Acc Worst-Group Acc
ResNet-18-BN 63.40 20.05 ResNet-50-BN 83.16 64.90
o Tent 57.06 9.80 o Tent 82.95 54.14
e MEMO 63.77 6.23 e MEMO 82.34 50.47
o SENTRY 63.23 15.78 o SENTRY 85.77 60.90
o EATA 60.81 17.98 o EATA 82.38 52.38
e SAR 58.37 12.36 e SAR 82.60 53.41
o DeYO (ours) 78.24 67.39 ® DeYO (ours) 87.42 73.92
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Experiments (cont'd)

TTA on wild scenarios (ResNet-50-GN, ViT-16/B)

Temporally-correlated label shifts

Batch size 1

Table 5: Comparisons with baselines on ImageNet-C at severity level 5 under online imbalanced

label shifts (imbalance ratio = co) or under batch size 1 regarding accuracy (%).

Label Shifts

Noise
Gauss. Shot  Impul.

Blur
Defoc.  Glass Motion Zoom

Weather
Snow  Frost Fog Brit.

Digital
Contr.  Elastic  Pixel JPEG

Avg.

ResNet-50-GN
« MEMO
e Tent
e EATA
e SAR
e DeYO (ours)

179 199 179
184 206 184
3.6 4.2 4.4
257 286 248
337 369 353

42-510.5 44-9il).‘2 43-s=n.:£

19.7 11.3 213 249
17.1 12.7 21.8 26.9
16.5 59 269 284
18.5 19.6 24.1 284
19.3 20.3 33.8 29.8
22.2.09 1634100 41055 13.2:94

404 474 336 693
407 469 348 696
179 262 23 722
353 330 412 652
219 447 349 719

52-21().1 51-510.5 39'7127.-1 73'4i0.1

36.3 18.7 28.4 522

36.4 19.2 322 534

46.1 7.3 523 56.2

333 28.0 424 43.1

46.7 6.6 523 56.2
52,60, 469.,, 593., 59.3.,

30.6
313
24.7
32.7
36.3
439,

VitBase-LN
« MEMO
e Tent
e EATA
e SAR
e DeYO (ours)

Batch Size 1

9.4 6.7 8.3
21.6 17.4 20.6
339 1.8 27.2
36.2 34.7 355
423 349 44.1

53.5:05 36.0:250 54.6:5

Noise
| Gauss.  Shot  Impul.

20.1 234 34.0 27.1
37.1 29.6 40.6 344
54.8 529 58.6 543
434 443 49.3 48.5
50.0 50.5 55.6 53.1
57.6:02 58.7:p2 63.7:91 46.2:187

Blur
Defoc. Glass Motion Zoom |

158 26.4 474 54.7
25.0 348 55.2 65.0
124 11.7 69.7 76.3
532 535 62.3 72.7
59.7 472 66.2 75.2
67.6:01 66.0.01 73.2.02 77.9.0.

Weather
Snow  Frost Fog

44.0 30.5 44.5 47.6
54.9 374 555 57.7
66.3 59.6 69.7 66.6
18.8 58.0 64.7 62.8
50.3 60.1 67.3 65.0
66.7-)1 69.0-0: 73.5:01 7032

Brit. |C0nlr. Elastic  Pixel JPEG |

Digital

29.9
39.1
4717
49.2
54.8
62.3., 7

Avg.

ResNet-50-GN
« MEMO
e Tent
e EATA
e SAR
e DeYO (ours)

18.0 19.8 17.9
18.5 20.5 18.4
3.1 42 4.0
24.8 279 258
233 26.6 239
41.8.7 44.7.04 43.0.07

19.8 114 214 249
17.1 12.6 21.8 269
16.5 53 274 30.3
17.9 17.3 28.7 293
18.5 15.2 28.6 303
225.01 247503 4185, 24.4.95

40.4 473 33.6 69.3

40.4 47.0 344 69.5

17.7 249 2.0 72.1

44.7 444 40.2 71.0

44.0 44.7 29.0 723
54.5.02 52.2:02 20.7:268 73.5:00

36.3 18.6 28.4 523
36.5 19.2 32.1 533
46.2 7.8 52.6 56.3
445 27.0 46.8 55.6
44.6 13.1 46.8 56.1
53.5.02 48.5.93 60.2.90 59.8.9;

30.6
31.2
24.7
36.4
345
444,

VitBase-LN
« MEMO
e Tent
e EATA
e SAR
e DeYO (ours)

9.5 6.8 8.2
21.6 17.3 20.6
43.0 1.6 439
322 26.7 30.3
40.6 36.9 419
54.0.07 52.1:36 551108

29.0 23.5 339 27.1
37.1 29.6 40.4 344
528 48.8 559 513
43.8 40.1 47.7 426
53.7 50.5 57.4 52.8
588101 59.5:01 642101 53.5:i55

159 26.5 47.2 54.7
249 34.7 55.1 64.8
229 21.1 66.9 75.1
35.7 434 60.8 65.6
58.9 527 68.9 76.0
6821 66400 73701 78300

44.1 30.5 44.5 47.8
549 374 55.4 57.6
65.0 54.0 67.0 64.3
61.1 46.5 60.5 58.2
65.8 57.9 68.9 65.8

68.2.01 68.9.91 73.8.9:1 70.8.03

299
39.1
48.9
46.3
56.6
6447
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Thank you!

TL;DR

Address the limitations of relying solely on entropy as a confidence metric for TTA.

Summary

Theoretically prove why entropy is not enough for TTA.
Entropy cannot discern the CPR and TRAP factors.

Introduce an effective TTA method based on the proposed novel confidence metric.

Achieve state-of-the-art performances in various TTA scenarios.

More details can be found:

Paper: https://openreview.net/forum?id=qw3iw8wDUE

Project page: https://whitesnowdrop.github.io/DeYO/

Code: https://github.com/Jhyun17/DeYO

Poster Session: Tue 7 May 10:45 am - 12:45 pm at Halle B
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