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Criteria
Unsupervised

Domain Adaptation
Domain

Incremental Learning
Continual TTA

Domain 
Shift

Single Target Sequential Targets Continuous Streaming

Training 
Data

Pre-collected Target
Provided per 
New Domain

None (Test Data Only)

Adaptation 
Phase

Offline
(Pre-deployment)

Offline
(Incremental)

Online
(On-the-fly)

Main 
Challenge

Bridging Domain Gap Preventing Forgetting
Error Accumulation &

Forgetting

Overview of Adaptation Settings
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Standard Test-Time Adaptation Baseline

✓ Core objective

𝐿ent 𝑥 = −෍𝑝 𝑦 𝑥 log𝑝 𝑦 𝑥

• High entropy: uncertain
• Low entropy: confident
• No target labels required

✓ Why entropy?
• Label-free objective
• Computed from predictions only
• Usable during inference
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Why Update Only BatchNorm Parameters?

✓ Why BN-only adaptation?
• Addressing Domain Shift
• Direct Normalization
• Increased Stability
• Preventing Overfitting

✓ Limitation
• continual domain drift
• Error accumulate
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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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𝜃𝑡𝑒𝑎𝑐ℎ𝑒𝑟 ← 𝛼𝜃𝑡𝑒𝑎𝑐ℎ𝑒𝑟 + 1 − 𝛼 𝜃𝑠𝑡𝑢𝑑𝑒𝑛𝑡
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• Mitigating Noise

• Variance Reduction

• Reliable Supervision
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CoTTA
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Stable Continual Test-Time Adaptation

✓ Base adaptation
1. Target sample arrives
2. Student is updated online
3. Entropy-based adaptation

✓ Prediction-level stabilization
• EMA teacher: temporal smoothing
• Augmentation: variance reduction

✓ Parameter-level stabilization
• Stochastic Restore:

Prevents drifts & Preserves source knowledge
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EMA Teacher + Augmentation Averaging

෤𝑝 𝑦 𝑥 =
1

K
෍

k=1

K

𝑝𝑡𝑒𝑎𝑐ℎ𝑒𝑟(𝑦|𝑎𝑘 𝑥 )

✓ The Problem
• Instantaneous student predictions can be noisy

✓ Stable Target Generation
• EMA teacher: smooths supervision over time
• Augmentation Averaging:

Reduces variance across multiple views

✓ Key Benefit
• Provides reliable supervision for 

robust online adaptation
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Preventing Long-Term Drift

𝑀 ∼ Bernoulli 𝑝 𝑥𝑙+1

= 𝑊𝑡+1 ∗ 𝑥
𝑙

𝑊𝑡+1 = 𝑀⊙𝑊0 + 1 −𝑀 ⊙𝑊𝑡+1

✓ Interpretation
• 𝑀: restore mask
• 𝑊0 :source weights
• partial reset only

✓ Motivation
• continual updates cause drift
• source knowledge may fade

✓ Effect
• keeps a source anchor
• reduces long-term forgetting
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Conclusion
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What CoTTA Acheives

✓ 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

✓ 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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Current & Future
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Future05
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✓ Benchmark Bias
• limited benchmark diversity
• inconsistent protocols
• backbone/tuning sensitivity

✓ Foundation Models
• growing interest in adapters/prompting
• still underexplored for large pretrained models
• reliability remains a concern

✓ Theoretical Foundation
• weak theory for drift and forgetting
• limited understanding of stable adaptation
• mostly empirical progress so far
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