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CLIPCleaner: Cleaning Noisy Labels with CLIP



Background

Noisy labels learning:

1. develop robust loss functions

2. model the labeling error patterns with a label transition matrix

Problem: these methods are often sub-optimal in dealing with high noise ratios and complicated noise patterns.

Sample selection based the fact that the model tends to fit clean samples earlier than noisy samples in the training 

process.

Problem: 

1. some of the label noise is between classes that are visually very similar (‘hard noise’).

2. ‘self-confirmation’ bias: the in-training model, is at least partially trained on the  noisy labels.



Method

Problem: 

1. some of the label noise is between classes that are visually very similar (‘hard noise’).

2. ‘self-confirmation’ bias: the in-training model, is at least partially trained on the  noisy labels.

Introduce CLIP:

1. the sample selection is aware of visual and semantic similarities between the classes and 

therefore compensates for biases that may arise from relying solely on visual information for 

sample selection.

2. the sample selection is independent of the in-training model, and therefore immune to the 

influence of noisy labels and the ‘self-confirmation’ bias.

Note:

1. the final classifier, is different  from the VL model that is used for sample selection.

2. we adhere to using CLIP solely for sample selection and refrain from training/fine-tuning it



Method

Preliminary on CLIP

Estimate P (y|x = xi ) with CLIP zero-shot classifier.



Method

Theoretical justification of CLIPCleaner

An immediate question is: how does the zero-shot classifier (eq. (4)) compare to the induced 

classifier here (eq. (8)) in estimating the clean conditional probability?

Estimation with zero-shot classifier

Estimation with induced classifier

ignoring the uncontrollable and common  

bound error terms (marked in gray),

ε_domain denotes the bias term induced by the domain gap between Q and P_true

ε_noise denotes the difference term induced by the label noise in the training dataset

the zero-shot classifier is affected by domain gap and prompts quality

the induced classifier is affected by the label noise of the noisy dataset



Method

better prompt engineering, and ε_domain can be minimized  by training 

CLIP with a more diverse dataset

using class-specific features such as the unique color or habitat of 

different animal species in an animal classification task.



Method

MixFix: Efficient semi-supervised training by absorbing and relabelling

Motivated by FixMatch, we also inspect in unlabeled subset each sample’s 

current prediction p_i based on the in-training model f

Different from FixMatch [43] using one threshold for all  samples, we 

typically set θr ≤ θ′r . This allows us to fully leverage noisy labels to 

distinguish between the ‘absorb’ and ‘relabel’ processes.

In this work, we adopt a conservative strategy by taking the intersection 

of different sample selection results, prioritizing the precision of sample 

selection.



Experiment

Especially, after reducing the  ‘absorb’ threshold θ′r , the proportion of training samples 

increases and the accuracy of training samples decreases.



Experiment

Analyzing CLIP Zero-shot classification as a baseline



Experiment

Analyzing sample selection w.r.t different classifiers and different mechanisms

the zero-shot classifier gradually outperforms the induced classifier that the latter is affected by label  noise while the former is not;

we find that different sample selection mechanisms show distinct advantages and disadvantages on different datasets.

the LogisticRegression classifier empirically exhibits superior performance to the kNN classifier.



Experiment

Clothing1M dataset is more fine-grained than 

other  datasets. For such fine-grained noisy 

datasets, sample selection may not be the 

optimal strategy.

incorporated to two additional schemes



Experiment
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