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Data Availability Over Time

O 1 Problem Setting: Overview of Adaptation Settings

Model State During Inference
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O 1 Problem Setting: Overview of Adaptation Settings
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O 2 TENT: Standard Test-Time Adaptation Baseline BrAIn Lab.&)
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O 2 TENT: Why Update Only BatchNorm Parameters? BrAIn Lab.@
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v Why BN-only adaptation?
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(02 Why TENT Fails in Continual Streams BrAIn Lab.5
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Continual Target Stream Error accumulation
) \)\gp ng Entropy
| prediction update
_ —— _ — \ Confident /
Domain A Domain B Domain C Domain D> wrong prediction
update update update update
= Errors compound over time
= no labels = no source data = no task boundary = No corrective supervision

In continual test-time adaptation, the model must remain plastic enough to follow evolving domains,
while staying stable enough to avoid drifting toward erroneous self-confirming updates.
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(02 EMA Teacher for Stable Online Supervision BrAIn Lab.&)

r *‘ 1
I I
I I
|
n b r—0 A ]
exponential
I | moving | I
average
"y N
label input student model teacher model

Oteacher < XOteacher + (1 - a’)estudent



(02 Augmentation Consistency for Robust Predictions BrAIn Lab. &
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03 CoTTA Overview: Stable Continual Test-Time Adaptation BrAIn Lab.&
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O 3 Stable Targets: EMA Teacher + Augmentation Averaging BrAln Lab. @
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O 3 Restoration: Preventing Long-Term Drift

v" Interpretation
* M: restore mask
« W, :source weights
 partial reset only

M ~ Bernoulli(p) xt+ v Motivation
= Wiyq * x! « continual updates cause drift
« source knowledge may fade
v’ Effect
Wipi =MOWo+(1—M) © Wy  keeps a source anchor

 reduces long-term forgetting
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03 Full Algorithm BrAIn Lab. &)

Algorithm 1 The proposed continual test-time adaptation
Initialization: A source pre-trained model fy,(x), teacher
model fy, (z) initialized from fp, ().

Input: For each time step ¢, current stream of data x;.

1: Augment x; and get weight and augmentation-averaged
pseudo-labels from the teacher fy; by Equation 4.

2: Update student fy, by consistency loss in Equation 5.

3: Update teacher fy, by moving average in Equation 2.

4: Stochastically restore student fy, by Equation 8.

Output: Prediction fy,(7;); Updated student model
fo.., (x); Updated teacher model fy; (z).
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03 Result BrAIn Lab.

Brain and Artificial lnle]ligencé Lab.

e
-

| e.| Sl f s ¢ 55 5555 87 8 8,
20 8 = = = o = ] & = 5 =] = A 7 -~
Method SP é{eu < rﬁ‘ﬁﬂ gq? ééa < h{:?_ é? _é.:g 5 § ;5,? n.‘? 92 E § E g ) -.‘% Mean
)
Source 72.3 65.7 729 469 54.3 348 42.0 25.1 41.3 26.0 93 46.7 26.6 58.5 30.3 43.5
BN Stats Adapt 28.1 26.1 36.3 128 353 142 12.1 173 174 153 84 126 238 197 273 20.4
Pseudo-label 26.7 22,1 32.0 138 32.2 153 127 17.3 17.3 16,5 10.1 134 224 189 259 19.8
TENT-online* [61] 248 235 33.0 12.0 31.8 13.7 10.8 159 16.2 13.7 79 12.1 220 17.3 242 18.6
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04 Conclusion: what CoTTA Acheives BrAIn Lab.@
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/\/ Strengths \

» formulates the CTTA problem clearly
* introduces a simple but effective combination of
EMA teacher, augmentation averaging, and stochastic restoration
« shows strong robustness under long continual shift
v Overall evaluation
» a meaningful early baseline for continual test-time adaptation

* not just a performance improvement, but a clear step toward stable online adaptation

/

“CoTTA is a meaningful early CTTA method that clearly shows stable
continual adaptation requires both robust supervision and drift control.”
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v' Benchmark Bias
 limited benchmark diversity
* inconsistent protocols
« backbone/tuning sensitivity

v" Foundation Models
« growing interest in adapters/prompting
« still underexplored for large pretrained models
« reliability remains a concern

v Theoretical Foundation
« weak theory for drift and forgetting
 limited understanding of stable adaptation
* mostly empirical progress so far
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