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Unsupervised Domain Adaptation (UDA)
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• UDA: Adapt a source-pretrained model to an unlabeled target domain.

• Key assumption: Source data remain accessible during adaptation.

Source Domain 𝒟𝒔 Target Domain 𝒟𝒕

{𝒙𝒊, 𝒚𝒊}𝒊=𝟏
𝑵 {𝒙𝒊}𝒊=𝟏

𝑵

How to adapt without
target labels?

pretrained Model



Source Free Domain Adaptation (SFDA)
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• Real-world high-stakes scenarios: Access to the original source data may be restricted due to privacy and regulatory
constraints.

• Key question: How can a source-pretrained model adapt to an unlabeled target domain without access to source data?

Source Domain 𝒟𝒔 Target Domain 𝒟𝒕

 Source Data
Pretrained model

Unlabeled target data
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SafeCut
External knowledge sources can help mitigate the systematic errors of self-refinement.

HOWEVER, a key question remains:
How should the source-pretrained model (target model) and the external knowledge
source interact to effectively correct each other?



Mutual Correction: 

Correction vs. Miscorrection
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• 𝜽𝒕 : target model (𝒕 denotes the target model)

• 𝜽𝒗 : peer model (i.e. an external knowledge source) (𝒗 denotes the target model)

• 𝑪𝒊 = {𝒙 ∈ 𝓓𝒕 ∶ ෝ𝒚𝒊 𝒙 = 𝒚(𝒙)} where 𝒊 ∈ {𝒕, 𝒗},  ഥ𝑪𝒊 = {𝒙 ∈ 𝓓𝒕 ∶ ෝ𝒚𝒊 𝒙 ≠ 𝒚 𝒙 } where 𝒊 ∈ {𝒕, 𝒗}

• 𝓢𝒄𝒄 = 𝑪𝒕 ∩ 𝑪𝒗, 𝓢𝒄ത𝒄 = 𝑪𝒕 ∩ ഥ𝑪𝒗, 𝓢ത𝒄𝒄 = ഥ𝑪𝒕 ∩ 𝑪𝒗, 𝓢ത𝒄ത𝒄 = ഥ𝑪𝒕 ∩ ഥ𝑪𝒗

𝓢𝒄𝒄 = 𝑪𝒕 ∩ 𝑪𝒗

𝓢𝒄ത𝒄 = 𝑪𝒕 ∩ ഥ𝑪𝒗

𝓢ത𝒄𝒄 = ഥ𝑪𝒕 ∩ 𝑪𝒗

𝓢ത𝒄ത𝒄 = ഥ𝑪𝒕 ∩ ഥ𝑪𝒗

𝜽𝒕 Prediction

Correct Incorrect
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Correction for 𝒮ത𝒄𝒄 : Supervise 𝜽𝒕 by 𝜽𝒗 (𝜽𝒗 → 𝜽𝒕)
Miscorrection for 𝒮ത𝒄𝒄 : Supervise 𝜽𝒗 by 𝜽𝒕 (𝜽𝒕 → 𝜽𝒗)

Correction for 𝒮𝒄ത𝒄 : Supervise 𝜽𝒗 by 𝜽𝒕 (𝜽𝒕 → 𝜽𝒗)
Miscorrection for 𝒮𝒄ത𝒄 : Supervise 𝜽𝒕 by 𝜽𝒗 (𝜽𝒗 → 𝜽𝒕)

However, target labels 𝒚(𝒙) are unavailable.
Therefore, these oracle partitions are unobservable.



Key Concept : Cut statistics
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𝒛𝒊 𝒙 = ෍

𝒙′∈𝒩𝑲(𝒙)

𝒘 𝒙, 𝒙′ ⋅ 𝟏[ෝ𝒚𝒊 𝒙 ≠ ෝ𝒚𝒊(𝒙′)]

• 𝒊 ∈ [𝒕, 𝒗}

• 𝒙′ ∈ 𝒩𝑲(𝒙) : 𝐾-nearest neighbors of 𝑥

• 𝒘(𝒙, 𝒙′) : distance-based weighting function (closer neighbors receive higher weights)

Intuition)
• Low cut statistic for 𝒙 → prediction agrees with nearby samples (Locally smooth)
• High cut statistic for 𝒙 → prediction disagrees with nearby samples (Locally non-smooth)



Observation:

Lower Cut Tends to Be More Accurate
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• Key implication : Lower cut → high prediction accuracy (approximately)



Observation:

Which model should we trust?
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• Key implication : Lower cut → high prediction accuracy (approximately)
• Cut-margin

𝚫 𝒙 = 𝒛𝒗 𝒙 − 𝒛𝒕(𝒙)
• 𝚫 𝒙 > 𝟎 : 𝜃𝑡 is more likely to be reliable.
• 𝚫 𝒙 < 𝟎 : 𝜃𝑣 is more likely to be reliable.
• Larger 𝚫 𝒙 → stronger reliability gap

Can a sufficiently large reliability gap guarantee beneficial mutual correction?



Theoretical Structures
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From Theory to Practice
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Optimal Thresholds
HOWEVER selecting optimal thresholds 𝜸 and 𝝃 is infeasible in a fully unlabeled setting.

To bridge this gap, we replace hard thresholding with a soft gating mechanism that 
assigns a supervision weight monotonically increasing in the cut margin |𝚫 𝒙 |



SafeCut:

Compute cut statistics in latent space
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ො𝒛𝒊 𝒙 =
σ

𝒙′∈𝒩𝑲
mut(𝒙)

exp(−𝒅 𝝓𝒊 𝒙 , 𝝓𝒊 𝒙′ ) ⋅ 𝟏[ෝ𝒚𝒊 𝒙 ≠ ෝ𝒚𝒊(𝒙′)]

σ
𝒙′∈𝒩𝑲

mut(𝒙)
exp(−𝒅 𝝓𝒊 𝒙 , 𝝓𝒊 𝒙′ )

• 𝝓𝒊(𝒙) : penultimate-layer representation of model 𝑖
• 𝒅(⋅) : cosine distance
• 𝒙′ ∈ 𝒩𝑲

mut(𝒙) : mutual 𝐾-nearest neighbor of 𝑥 (i.e. 𝑥′ ∈ 𝒩𝐾 𝑥  and 𝑥 ∈ 𝒩𝐾(𝑥′))

• The reliability score

𝑟𝑖 𝑥 = exp − Ƹ𝑧𝑖 𝑥 ∈ (0,1]

Lower cut → higher reliability score

• Note) Naively updating the cut statistics requires an additional forward pass over the entire target dataset at every
epoch. To avoid this overhead, we reuse latent features cached from the previous epoch. So, we further stabilize it
with EMA:

ത𝒓𝒊
(𝒆)

= 𝒎ത𝒓𝒊
(𝒆−𝟏)

+ 𝟏 − 𝒎 𝒓𝒊
(𝒆)



SafeCut:

Margin-based Reliability-Gated Supervision
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𝑻𝒗→𝒕 𝒙 = 𝝈 𝜷 ത𝒓𝒗 𝒙 − ത𝒓𝒕 𝒙 , 𝑻𝒕→𝒗 𝒙 = 𝝈(𝜷 ത𝒓𝒕 𝒙 − ത𝒓𝒗 𝒙 )

• 𝝈 denotes the sigmoid function and 𝑻𝒗→𝒕 𝒙 + 𝑻𝒕→𝒗 𝒙 = 𝟏 by the symmetry of the sigmoid.
• 𝜷 determines the weight sharpness

• Gating the cross supervision

ℒ𝒄𝒓𝒐𝒔𝒔
𝒕 𝒙 = 𝑻𝒗→𝒕 𝒙 ⋅ 𝑫KL(sg 𝒑𝒗 ∣∣ 𝒑𝒕), ℒ𝒄𝒓𝒐𝒔𝒔

𝒗 𝒙 = 𝑻𝒕→𝒗 𝒙 ⋅ 𝑫KL(sg 𝒑𝒕 ∣∣ 𝒑𝒗)

• Temporal Anchoring

𝓛𝒂𝒏𝒄
𝒕 𝒙 = 𝑻𝒕→𝒗 𝒙 ⋅ 𝑫𝑲𝑳(෥𝒑𝒕 ∣∣ 𝒑𝒕), 𝓛𝒂𝒏𝒄

𝒗 𝒙 = 𝑻𝒗→𝒕 𝒙 ⋅ 𝑫𝑲𝑳(෥𝒑𝒗 ∣∣ 𝒑𝒗)

      ෥𝒑𝒊 denotes the predictions from the previous epoch.

• Overall objective



Experimental Setup
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• Main Benchmark Evaluation 
• Datasets : Office-31, OfficeHome, DomainNet, VisDA
• Target Model : ResNet-50 (Office-31, OfficeHome, DomainNet) / ResNet-101 (VisDA)
• Peer Model : CLIP ViT-B/32 with Context Optimization(CoOp)
• Protocol : Closed-set SFDA | Metric: Accuracy (%) | Last-epoch evaluation

• Peer Model Generality Experiment
• Target Model : ResNet-50
• Peer Model : ResNet-50 pretrained on a different source domain
• Goal: Test whether SafeCut works beyond ViL-based peers

• Ablation & Training Dynamics Analysis

• Healthcare Scenarios
• Datasets: 

• Wilds-Camelyon17 : histopathology binary classification
• EyePACS→APTOS2019 : diabetic retinopathy severity classification

• Goal : Evaluate SafeCut under weak ViL transfer in high-stakes scenarios.



Experiments: Main Benchmark Evaluation
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Experiments: Peer Model Generality
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Experiments: Ablation
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Experiments: Qualitative Analysis
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Experiments: Healthcare Scenarios
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Future Work
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1. Extension to a multi-peer setting

2. Connection to knowledge distillation in LLMs

3. Theoretical analysis of fixed-point convergence in mutual correction



Thank you
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