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| 0 Motivation
Test-Time Adaptation

Deep learning models often suffer from domain shifts
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Test-time adaptation (TTA) adapts models after deployment,
without any source or labeled data. Q




- @ Motivation

SOTA TTA algorithms have been designed and

evaluated mainly on GPU servers, focusing on
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N
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Improving accuracy in dynamic scenarios.

o | comnens Inference-only 22.13

B backprop
M forward (student model) T t 7 3 6 6

EATA _ M teacher model update (EMA) e n [l] ]

BN augmentations

SAR | == somesoor ersanteoiss ca EATA [y 75.82
SAR 3 7/3.52
- ROTTA 4 66.54  Model Accuracy
0 ff CoTTA[5 /1.95 (Tested on GPU)

0.0 5.0 10.0 15.0 // 65.0 70.0
Average Latency per Batch (s)

RoTTA |

[1] Wang, Dequan, etal. "Tent: Fully test-time ad aptation by entropy minimization." International Conference onLearning Representations. ICLR, 2021.

[2] Niu, Shuaicheng, et al. "Efficient test-time model adaptation without forgetting." Intemational Conference on Machine Leaming.ICML, 2022.

[3] Niu, Shuaicheng, et al. "Towards stable test-time ad aptation in dynamic wild world." International Conference on Learning Representations. ICLR, 2023.

[4] Yuan, Longhui, BinhuiXie, andShuang Li. "Robust test-time ad aptation in dynamic scenarios." Proceedings of the IEEE/CVF Conference on Computer Vision and PatternRecognition. CVPR, 2023.
[5] Wang, Qin, et al. "Continual test-time domain adaptation." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. CVPR, 2022.




- ® TTA with Sparse Update
1 (2 [ W& WS 08 B W

Online data stream |

L Original TTA LAGGING... Harm User Experience
ECI adapt. (1) »{[[[[2 laiay »(([[[3 > @3 Latency: 6.7s 4
@2\5& Timeline|  Adaptation 1 n| Adaptation 2 12|  Adaptation 3 13 | Acc: 81% =—

Pre-trained Adapt !Elve sParse TTA

;S? Model  ouen .1 Inference-Only inference-Onty (Il Latency: 2.1s

 ITA on Timeline[  Adaptation 1 n|iz|s| Adaptation 4 | 5] 6| Adapt Acc: 69% .,
Edge devices | |: Adaptation [ [: Inference *Adaptation Rate: 0.33

v Events unfold continuously, leading the model to miss

incoming samples while processing previous ones.

v" Limited number of samples & updates significantly

reduces adaptation accuracy.

Practical.



- ® SNAP: Sparse Network Adaptation for Practical TTA {%}

Goal - Achieve significantly lower latency than original TTA

while maintaining comparable or superior accuracy.

Adapt
Samples QUpdate Memory Update Memory %) Latency |
Timeline |  Adaptation ;m Adaptation | I4 L] ] Adapt Acc |
(A) (B) *STTA with Adaptation Rate: 1/3 =0.33
Frequency of updates and determines how sparsely adaptation occurs
(A) and Representative Memory for extremely efficient (e.g.,1%) sampling.

(B) Inference-only Batch aware Memory Normalization to correct normalization by
blending stable, representative statistics from memory with recent inference batch data.




- @ (A) CnDRM: Class and Domain Representative Memory

When the sampling ratio is low (<0.5)
 selecting easy and class-representative samples becomes more effective. [1]
 distance from the class center significantly impacts performance, with samples closer to the center being

particularly effective in scenarios with high label noise. [2] —
Criteria 1: Class representation Criteria 2: Domain representation
@ Filter-out low-confider.u.:e samples.. Supervised DL's class-centroid = Unsupervised DA's domain-centroid
typically llokciﬂted near decision bou ndz:‘njrlels t()ha[l rd) and Close Wasserstein distance (Instance < Domain centroid) Far
are more likely to carry incorrect pseudo-labels” "-
y ry P W (Xt Cdomain) = \/(;th — Hdomain)? + (Tx, — Cdomain)?

® Sampled Instance
All test data (KDE)

C(x) = maxyey p(y|x; ©)

Low Confidence

PCA Feature 2

PCA Feature 2

(2 Prediction-balanced manner.

“prevents bias towards certain classes when only a few : = ——
samples are available for single adaptation” Accuracy: 26.65 % Accuracy: 18.52 %

v’ Early layers in DL models tend to retain domain-specific

#Cat %#Dog features[3,4,5].
g v' Utilize the hidden features statistics (mean and variance) of

Samples that are diverse and reliable, early layers to identify domain-representative samples.

even without access to ground-truth labels.  Hdomain < (1 — B)pdomain + B
Cdomain o 1 2 Bo?
Tdomain ( - B)Udomain + Poy
[1] Hoyong Choi, et al. “BWS: Best Window Selection Based on Sample Scoresfor Data Pruning across Broad Ranges.” ICLR, 2024.
[2] Xiaobo Xia, et al. “Moderate coreset: A universal method of data selection for rea-world data-efficient deep learning.” ICLR, 2022.
[3] Matthew D Zeiler ea al. “Visualizing and understanding convolutional networks.”, ECCV, 2014.
[4] Kimin Lee etal. “Asimple unified framework for detecting out-of-distribution samples and adversarial attacks.” NeurIPS, 2018.

[5] Mattia Segu et al. “Batch normalizationemb eddings for deep domain generalization.” Pattern Recognition, 2023



- @ (A) CnDRM: Class and Domain Representative Memory

Ada pt Via C n D R M Algorithm 1 Class and Domain Representative Memory (CnDRM) Management
. . Require: test data stream x;, memory M with capacity N, confidence threshold Teony, adaptation
Sparse adaptation via rate 1/

1: for batch b € {1,...,B} do

Class-Domain Representative Memory = 1%« ree

for each sample x in batch bdo
High Confidence [:] G+ Yo[t]

confidence « C(z¢; ©)

4
5
6: ¢¢(fix, » Ox, ) ¢ mean & variance of early feature
7 wy,  W(Z4, Cdomain )
1 (ﬂd, Od) 8: if confidence > 7.y, then
9: Add s¢ (¢, G, ¢, We, ) to M > Add class-representative samples
"""""""""""""""""""""""" 10: if |M| > N then
11: L* « class with most samples in M
12: if §; ¢ L* then > Remove domain-centroid farthest sample
13: Sfarthest — ArgMaXs,eMag; el We;
----------------------------------------------- D 14 else
—
R 15: S farthest <~ ATGMAXs, e M Ags=g: Wr,
16: Remove S fqrihese from M
.
1 ) D Domain Cel'lt. C|OSE 17: Cdomain + (1 — B)Cdomain + BCt > Update domain-centroid
18: Recalculate wg, for all s; in M
H 19: if b mod k == 0 then > Adaptation occurs every k batches
Cn DRM D Domain cent' Far 20: Update model © using samples in M

- Core component of SNAP that addresses the challenges of efficient data sampling for Sparse TTA.

- Adaptation rate directly impacts the number of samples used for model update, necessitating a
careful sampling strategy to optimize performance with minimal data.

- Given this limited sampling ratio, CnDRM selects the most class and domain-representative
(managed by distance ranking) samples to maintain model performance while minimizing overhead.




- @ (B) loBMN: Inference-only Batch aware Memory Normalization

After the model update via CnDRM,

each subsequent inference batches.

» This lead to a potential mismatch between the model’s stored statistics and the current data distribution.
« Traditional normalization methods, which solely rely on test batches’ statistics, struggle to address these

Inference via loBMN

Inference-only Batch aware
Batch 2 cory Memory Normalization

MISMATCH.

|

&z

Batch

CnDRM| £ F Test

loBMN =

+ S;(/1N-10BN)

®-' loBNA_ [

([lIn]

e, O

~

O Utilize Memory Normalization (MN) stats

Batch 1

&

S;: soft shrink

Correct via Inference-only BN (loBN) stats

(O Basing normalization on class-domain representative statistics
@ Dynamically adjusting statistics with recent inference data.

= |[0BMN efficiently corrects for potential distributional shifts, ensuring

both robustness and adaptability in STT A conditions.

CIFAR1OC

CIFAR1O00C

Have to follow the data distribution shift only through the normalization on Inference-only batches (Skip stages).
Maintaining robust performance becomes challenging as the limited memory statistics may not fully align with

Ablation Study

Methods Tent CoTTA EATA SAR RoTTA
CnDRM 7746  77.69 77.17  76.85 75.64
CnDRM+EMA 78.02  72.19 77.05 76.84 76.18
CnDRM+IoBMN 78.95 78.83 78.61 78.06 77.07

Methods Tent CoTTA EATA SAR RoTTA
CnDRM 54.46 50.06 5141 5524 5047
CnDRM+EMA 5436 41.63 50.21 5484 4995
CnDRM+IoDMN  55.84 50.52 52.35 5576 51.33

v" Combination of CnDRM and loBMN (inference using memory's
double representative statistics corrected to match the test batch)

consistently yields the highest accuracy.

v This trend is observed across all evaluated adaptation rates,

suggesting that both components certainly contribute to enhancing
performance.



o Sparse Network Adaptation for Practical TTA

SNAP @

Adapt
Samples Update Mmory Update Memory D Latency ‘
"""""""""""""""""""""""""""""""""""""""
Timeline Adaptation 11 12 13 Adaptation Acc f
Adapt via CnDRM Inference via loBMN

(b) Inference-only Batch aware
Batch 2 cory  Memory Normalization

‘ T [:] IoBMN- +5,(1/-10BN)

(a) Sparse adaptation via
Class-Domain Representative Memory

High Confidence D

[:] (149, Oa) S;: soft shrink
C])ét CnDRM .f' F Test Batch BN
Domain :
i s loBN
O 0 S W ([ o @)
() pomain cent. Close || O Utilize Memory Normalization (MN) stats

Batch 1 &
Correct via Inference-only BN (IoBN) stats

[:] Domain Cent. Far



@ Evaluation

SNAP mitigates accuracy drops of sparse TTA ~ wm Zzia™™ Lo ;
while retaining its latency benefits, o s 2
thereby boosting efficiency. o f—

0.0 5.0 10.0 15.0 // 65.0 70.0
Average Latency per batch (s)

* Tested on RPi4, ResNet18, CIFAR10OC

Latency Accuracy (A)

Tent+SNAP  2.20 sec (-44.0%) 78.95 (-1.48)
EATA2+SNAP 2.18 sec (-44.6%) 78.61 (-2.95)
SAR+SNAP  2.30 sec (-60.1%) 78.06 (-0.99)
)
)

P — p—

ROTTA 4+SNAP 2.25 sec (-62.0% 77.07 (+0.07)
CoTTA 5+SNAP 8.96 sec (-87.5% 78.83 (+0.83)

* Tested on RPi4, ResNet18, CIFAR10C

[1] Wang, Dequan, et al. "Tent: Fully test-time adaptation by entropy minimization." International Conference on Learning Representations. ICLR, 2021.

[2] Niu, Shuaicheng, etal. "Efficienttest-time model adaptation without forgetting." International Conference on Machine Learning. ICML, 2022.

[3] Niu, Shuaicheng, etal. "Towards stable test-time adaptation in dynamic wild world." International Conference on Learning Representations. ICLR, 2023.

[4] Yuan, Longhui, Binhui Xie, and Shuang Li. "Robusttest-time adaptation in dynamic scenarios." Proceedings of the IEEE/ CVF Conference on Computer Vison and Pattern Recognition. CVPR, 2023.
[5] Wang, Qin, et al. "Continual test-time domain adaptation.” Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. CVPR, 2022.
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@ Eva luation > Validation of SNAP on Vision Transformer (ViT)
based Model (Layer Normalization)

39.53% I Original (Full)
B2 SNAP (Sparse)

> Validation of SNAP across Various Adaptation Rates (0.01 to 0.5)

42 82 47.77%
20
40 42.93%
—_ 78
=3
76
E 36 — 41.25%
w R 7 39.41%
@ 14 = . —_— 2.9x1.
— oo (W ]
5oz @ 13 20 30 50 200 400 600
2 .. 5 70 o, Latency per batch (s, log scale)
E. 8 Eé &g ."-.. R TL L
£ 3 - .
5., M 6 » Validation across diverse Edge-devices
2 62
. H Tent = Original TTA Tent = Original TTA Tent = Original TTA
o Adaptation Rate & Adaptation Rate - i v o f oo
1 05 03 01 005 003 0.01 1 05 03 01 005 003 001 ©°* W o [ o
—#— TENT+SNAP —8— EATA+SNAP —8— SAR+SNAP ROTTA+SNAP —#— CoTTA+SNAP  ** Bl w B we
ssagess TENT sesgess EATA ssegess SAR RoTTA s CoTTA RoTTA F RoTTA F RaTTA I
CoTTA — CoTTA — CoTTA —
o 5 10 15 0 10 20 30 40 50 0 200 400 600 800
Average Latency per Batch (s) Average Latency per Batch (s) Average Latency per Batch (s)

(a) NVIDIA Jetson Nano (b) Raspberry Pi 4 (c) Raspberry Pi Zero 2 W




Evaluation - additionals

> Validation of SNAP on Continuous / Long-term Domain Shift Scenario

AR Method  Gau.  Shot Imp.  Def Gla. Mot. Zoom Snow  Fro. Fog Brit.  Cont. Elas. Pix. JPEG Avg.
Tent 2468 19.65 512 063 043 040 044 041 030 033 042 024 032 031 031 360

+0.45 +1.27 +1.22 +0.05 +0.02 +0.04 =+0.06 =+0.03 =+0.03 +0.04 =+0.05 =+0.04 =+0.02 =0.05 =0.04 =+0.23

+ SNAP 2871 30.60 2291 6.13 1.62 0.87 0.88 0.64 0.64 0.66 0.75 0.44 0.60 0.63 0.61 6.45

o1 £0.66 +1.82 *225 090 020 +0.13 =0.07 =*0.08 x0.06 x0.05 ==0.01 =0.05 ==0.08 =0.07 =0.07 =0.43
. CoTTA 1099 1221 11.54 1128 11.13 22.08 3480 30.69 2945 4387 6192 1276 4003 4499 3643 27.61
+0.40 +0.04 030 =+0.13 +0.15 +0.07 =+0.18 +0.10 +0.04 £0.19 20.09 =+0.16 =+0.13 20.14 0.16 =0.15

+ SNAP 1519 1597 1591 1394 1418 2476 3650 32.61 3176 46.14 63.60 1560 4217 46.77 38.08 30.21

£0.17  #0.11 #0.02 *0.04 +0.03 +0.07 =+0.23 *0.04 +0.06 +0.10 =+0.14 =+0.04 +0.02 =0.06 =0.12 =0.08

» Memory Overhead of SNAP / Integration of SNAP with

Average Mem (MB) Peak Mem (MB) Mem Overhead (MB)
Methods Original TTA ~ SNAP  Original TTA ~ SNAP SNAP - Original
Tent 764.24  751.35 822,93 82846 5.52(0.67%)
CoTTA 113352 1099.64 121121 1227.99 16.78 (1.13%)
EATA 816.69  749.95 847.73 86251 14.78 (1.74%)
SAR 786.65  753.69 863.77  865.18 1.41 (0.02%)
RoTTA 93323 871.64 972,23 98394 1171 (1.20%)

» Impact of Memory Size on SNAP Performance

Accuracy (%)

—— CoTTA (Full adapt)
—— SNAP (AR=0.1)

1 2 3 4

6 7 8 9 10

Adaptation Round

Methods Accuracy (%) Max Memory (MB)
Tent 35.21+0.00 6805.26
+MECTA 37.62+0.16  4620.25 (-32.10%)

+ SNAP 39.52+013  4622.12 (-32.08%)
EATA 35.55+0.19 6541.02
+MECTA 41.41+037  4512.38 (-31.01%)
+SNAP 42.86+020  4535.44 (-30.66%)

Memory-Efficient TTA: MECTA[1]

> Robustness in Single-sample (BS=1) adaptation scenario

Memory Size Accuracy (%)

Method Accuracy (%)

16 (Bléase) %ggg igi; SAR (single-sample)  52.21 £ 0.28

64 28-89 j:UAOG +STTA 8.06 + 0.12

128 28.60 £009 +SNAP 51.80 +0.25

> Effect of Learning Rate on naive sparse, SNAP and full adaptation
Tent CoTTA EATA
Learningrate. ™™g ™ hive STTA  SNAP Full  naive STTA  SNAP Full  naive STTA  SNAP

2% 108 2.31 +o0.10 18.06 +014  27.41 012 1331 008 1093 +007  14.80 +0.11  0.36 +003 1.86 +0.06 9.59 +0.15
1% 1073 4.54 zon 2546 +013  3L12 x014 1318 zo0v 1093 oo 1473 xo10  1.31 x00s 2.86 +0.08 24.95 +0.13
5x 107 1022 012 2471 014 28.01 +o11 13.15 +o0.07 10.92 +006  15.18 +000 21.96 012 18.76 +010  28.09 +0.11
1x10°* 27.03 +010 2200 012 26.21 013 13.12+008  11.74 +006  15.13 +009 2942 +011 2243 +010  26.10 +0.12
5x10°% 26.34 +000 1672 z013  19.31 z012  13.34 +008 1092 +007  14.76 009 2937 zonn 20.32 +010  23.28 t0.10

[1] Junyuan Hong, et al. "Mecta: Memory-economic continual test-time model adaptation." International Conference on Learning Representations. ICLR, 2023.



- @ Contributions SNAP(%
N

v Existing state-of-the-art TTA methods rely on frequent adaptation and high computational cost, making them
unsuitable for practical use on edge devices, resulting in a latency-accuracy trade-off.

v Propose SNAP, a sparse TTA framework that significantly reduces adaptation frequency and data usage,
delivering latency reductions proportional to adaptation rate, while preserving accuracy.

- CnDRM identifies key samples that are both class-representative and domain-representative to facilitate adaptation with minimal data.

- loBMN leverages representative samples to dynamically refine normalization stats during inference, effectively aligning the model to distribution shifts.

v Evaluation on real edge devices with five state-of-the-art TTA algorithms, SNAP reduces latency by up to
93.12%, while keeping the accuracy drop below 3.3%, even across adaptation rates ranging from 1% to 50%.

v Plug-and-play and low-overhead design of SNAP, offering seamless integration with existing TTA methods and
improving efficiency.

For further discussions, please visit our poster or reach out using the contact information.

Website: https://nmsl.kaist.ac.kr/projects/snap
Code: https://github.com/chahh9808/SNAP
Contact: hyeongheon@kaist.ac.kr

San Diego Poster Session 2 (Exhibit Hall C,D,E)
Wed 3 Dec 4:30 p.m. PST — 7:30 p.m. PST
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