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I Background
O Continual Test-Time Adaptation

* Previous methods
Focus on model-based adaptation

e This work
- Tuning the visual prompts for
each domain

- Reformulating the input data
with learned prompts
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I Background

O Traditional visual prompts

Transformer Encoder Layer

Backbone

Transformer Encoder Layer

Input

X0 P E,
(a) Visual-Prompt Tuning: Deep (b) Visual-Prompt Tuning: Shallow

Visual Prompt Tuning. ECCV 2022



I Methods

O The whole framework

Domain Prompt Training Back-prop Domain Prompt Testing
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I Methods

O Limiting domain-sensitive parameters’ update

_ T *112
L(s) = a Yy A7||0 - 0%|]3,
e 0*: model’s parameters of the last
mini-batch of the previous domain

> How to measure parameters’ sensitivity toward domain shift?

to and t; respectively denote a certain time in two adjacent
target domains
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O Domain-shift detection

AConf = Conf;,1 — Conf;
Threshold S=0.25

O The homeostatic factor
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I Exp eriments

Table 2: Classification error rate (%) for the standard CIFAR100-to-CIFAR100C online continual test-time adaptation task. All
results are evaluated on the ResNeXt-29 architecture with the largest corruption severity level 5. Our method far exceeds the
state-of-the-art methods by 16.2%. Gain(%) represents the percentage of improvement in model accuracy compared with the
source method.

Method gaussion shot impulse defocus glass motion zoom snow frost fog brightness contrast elastic_trans pixelate jpeg Mean| Gain
Source 73.0 68.0 394 293 54.1 30.8 28.8 395 458 50.3 295 35.1 372 747 412 464 0.0

BN Stats Adapt (Schneider et al. 2020) 42.1 40.7 427 27.6 419 297 279 349 35.0 415 265 30.3 35.7 329 412 354 +11.0
Pseudo-label (Lee 2013) 38.1 36.1 407 332 459 383 364 440 456 528 452 53.5 60.1 58.1 645 462 +0.2
Tent-continual (Wang et al. 2021a) 372 358 417 379 512 483 485 584 63.771.1 704 823 88.0 88.5 904 609 -14.5
CoTTA (Wang et al. 2022a) 40.1 377 397 269 380 279 264 328 31.8 403 247 26.9 323 283 335 325 +139
Ours (proposed) 29.5 258 319 28 305 77 57 148 148242 18 6.8 18.5 91 28.0 16.8 +29.6

Table 3: Classification error rate(%) for standard CIFAR10-to-CIAFAR10C online continual test-time adaptation task. Results
are evaluated on WideResNet-28 with the largest corruption severity level 5. Our method exceeds the state-of-the-art methods
by 2.3%. Gain(%) represents the percentage of improvement in model accuracy compared with the source method.

Method gaussion shot impulse defocus glass motion zoom snow frost fog brightness contrast elastic_trans pixelate jpeg Mean| Gain
Source 723 657 729 469 543 348 420 25.1 413260 93 46.7 26.6 585 303 435 00
BN Stats Adapt (Schneider et al. 2020) 28.1 26.1 36.3 128 353 142 121 173 174 153 8.4 12.6 23.8 19.7 273 204 +23.1
Pseudo-label (Lee 2013) 26.7 22.1 320 13.8 322 153 127 173 173 165 10.1 13.4 224 189 259 19.8 +23.7
Tent-online (Wang et al. 2021a) 248 235 33.0 120 31.8 13.7 108 159 162 13.7 7.9 12.1 22.0 173 242 18.6 +24.9
Tent-continual (Wang et al. 2021a) 248 206 28.6 144 31.1 165 14.1 19.1 18.6 18.6 122 20.3 25.7 20.8 249 20.7 +22.8
Baseline(CoTTA) (Wang et al. 2022a) 243 21.3  26.6 11.6 27.6 122 103 148 14.1 124 75 10.6 18.3 134 173 162 +27.3

Ours (proposed) 22.6 19.7 28.1 71 284 95 63 102 11.5 9.0 1.5 5.6 18.5 128 185 13.9 +29.6
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I Exp eriments

Confidence of the true class (w/o visual domain prompts)

Confidence of the true class (w/ visual domain prompts)

0.25 0.78 0.81 0.98 0.67 0.93



I Exp eriments

Table 7: Ablation: Contribution of our proposed DAP
and DSP.

# DSP DAP CIFARIOC CIFARIOOC ImageNet-C

0 16.2 32,5 63.0
1 v 14.9 17.8 524
2 v 5.2 19.5 53.2
3 v Y 13.9 16.3 .3
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l Experiments
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Figure 4: Effects of the prompts’ size, location on the image and relative distance between the two prompts. Experiments
are conducted on the ImageNet-to-ImageNet-C task. The left figure shows the effect of the size and position of prompts on the
model performance. When the prompts’ size equals 30, and apply to the image randomly, the model’s performance achieves
the best. The right figure shows the effect of the relative positions. We set the prompt size to 20x 20. If the distance is negative,
the domain-independent prompt will be on the left side of the domain-specific prompt and vice versa. We find that exchanging
the positions of the two prompts and altering the distance between these two prompts will affect the model’s performance.
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Dataset Condensation with Gradient Matching

Bo Zhao, Konda Reddy Mopuri, Hakan Bilen
School of Informatics, The University of Edinburgh
{bo.zhao, kmopuri, hbilen}@ed.ac.uk

ICLR 2021




I Background

0 Dataset Distillation

Task: Synthesizing small datasets such that
models trained on them achieve comparable
performance to the original large dataset.

Train
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I Methods

O The whole framework
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Large training set I Large training set )

Comparable | _ Matching Forward pass
! Update | Loss 4= =
: synthetic set | Backpropagation
I
train test :

I

Small synthetic set Small synthetic set
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I Methods

Goal: Synthetic data S*

S* = argmin L7 (6°(S)) subject to 6°(S) = argmin £°(0).
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/0O Parameter Matching \

* Similar weights imply similar mappings in a local neighborhood and thus generalization performance

méin D(0%,07) subjectto 0°(S) = argmin £L°(6)
)

* To generate samples that can work with a distribution of random initializations

mgnEgompe()[D(@S(eo),e’f(ao))] subject to 85 (S) = argmin £5(6(6y))
(]

l

Re-defines 65 as the output of an incomplete optimization 65(S) = opt-algy(L£5(0),<) /

— o o o e s e o o s o oy
—— o o o e o e e o e o o
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Justin Domke. Generic methods for optimization-based modeling. In Artificial Intelligence and Statistics. 2012.
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O Curriculum Gradient Matching

/ \
:  Let 85 follow a similar path to 87 throughout the optimization |
|

I Tt :
: méin Figgnpa, [; D(6%,6])] subject to |
I = |
: 07, 1(S) = opt-alge(L3(07),s®) and 6], = opt-alge(L(6]),¢7) :
M !
// _____________________________________________________ ~a

* Minimize the distance between the gradients

02, < 07 —neVeL5(07) and 6], + 0] —neVeL™ (0]),
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Coreset Selection

Img/Cls Ratio % Random Herding K-Center Forgetting Ours Whole Dataset

1 0017 649435 892116 893115 355456 91.740.5

MNIST 10 0.17 95.1+£0.9 93.7+£0.3 844+1.7 68.1£3.3 97.440.2 99.6+0.0
50 0.83 97.94+0.2 94940.2 974403 88.2+1.2 98.840.2
1 0.017 514438 67.0+£19 669+1.8 42.0+55 70.5£0.6

FashionMNIST 10 0.17 73.8+£0.7 71.1£0.7 54.7x1.5 539+£2.0 82.3104 93.54:0.1
50 0.83 82.54+0.7 719408 683408 55.0x1.1 83.6+0.4
1 0.014 14.6x1.6 209413 21.0£15 12.1£1.7 31.2414

SVHN 10 0.14  35.1+4.1 50.54+3.3 14.0+1.3 168+1.2 76.11+0.6 95.4+£0.1
50 0.7 109102 726108 201414 272415 823403
1 0.02 144420 21.5+1.2 21.54+1.3 13.5+1.2 28.310.5

CIFARI10 10 0.2 26.0+1.2 31.6+£0.7 147409 233+£1.0 44.910.5 84.840.1
50 1 434+1.0 404+0.6 27.0+£14 233+£1.1 53.940.5
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Plane Car Bird Cat Deer Dog 'Frog' Horse Ship Truck
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CAT MLP  ConvNet LeNet AlexNet VGG  ResNet

MLP 70.5%x1.2 639165 77.3158 70.91+11.6 53.217.0 80.913.6
ConvNet 69.6+1.6 91.740.5 85.3+1.8 85.1+£3.0 83.4+1.8 90.0+0.8
LeNet 71.0£1.6 90.3£1.2 85.0x1.7 84.742.4 80.3%2.7 89.0+£0.8
AlexNet 72.141.7 87.54+1.6 84.0L£2.8 82.7£2.9 81.2+3.0 88.9%1.1
VGG 70.3x1.6 90.14£0.7 83.942.7 83.443.7 81.7£2.6 89.1£0.9
ResNet 73.6t1.2 91.610.5 86.44+1.5 854+19 83.4+2.4 89.4+009

Table 2: Cross-architecture performance in testing accu-
racy (%) for condensed 1 image/class in MNIST.
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