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SSL-based or Model-based Method?

ICML 2023



Noisy Label
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DNN can achieve remarkable performance when accurately annotated large-scale training 

datasets are available.

However, annotating a large number of examples accurately is expensive and infeasible 

in real life.

Cheap datasets which contain label errors are easy to obtain.

Poor Test Performance

Label Noise
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Two Major Streams of Methods

• SSL-based Methods

• Model-based Methods

Designing statistically consistent methods by employing the noise transition matrix T(x).

e.g., by exploiting the memorization effect of DNN.

Training Data

Labeled Set (labels are likely to be correct)

Unlabeled Set (labels are likely to be incorrect)

Providing statistical guarantees.

SOTA performance on many benchmark datasets.

Which stream of methods should be exploited when given a real-world dataset?

It is closely dependent on the generative process of the dataset, and none of the two

streams of methods are dominating.
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Learning with Noisy Labels From A Causal Perspective

• Data Generation Process

Fig.1 An illustration of different data generative processes without label noise.

• When X causes Y, P (X) can not inform P (Y|X), 

i.e., P (X) does not contain the relevant information of P (Y |X).

• When Y causes X, P (Y) can not inform P (X |Y). 

P (X) and P (Y |X) do not follow the underlying causal direction. They do not satisfy 

the modularity property. Bayes Formula: P (X) can inform P (Y |X). 

i.e., P (X) generally contains the relevant information of P (Y |X). 

Modularity property： the conditional distribution of each variable given its causes 

does not inform or influence the other conditional distributions.

P (Y |X) P (X |Y)
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Different data generative processes can influence the 

performance of SSL-based method

To make use of the unlabeled data to help learn classifiers, SSL relies on the condition 

that P (X) has to contain the information of P (Y |X).

• When Y causes X, because P (X) contains the information of P (Y |X). It is possible to 

help learn P (Y |X) by exploiting P (X) by SSL-based method.

     SSL can improve the generalization ability of a classifier.

• When X causes Y , because P (X) generally does not contain the information of P (Y |X).

     Exploiting unlabeled data by using SSL then generally is not helpful.
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Different noisy data generative influence SSL-based methods

Fig. 2: An illustration of different noisy data generative processes. Both the instance 

X and the noisy label ෨𝑌 are observable, and the clean label Y is latent.

When X causes Y, X is a cause of both Y and ෨𝑌 .

Causal modularity suggests that P (X) does not contain the information on either P ( ෨𝑌

|X) or P (Y |X), the unlabeled set can not help learn a classifier in general.

When Y causes X, P (X) contains the information of P (Y |X) because P (X) and P (Y |X)

do not satisfy the modularity property, the unlabeled set can help learn a classifier.
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How about Model-based Methods?

Estimating the noise transition matrix T (x), which is learned in a supervised manner 

on the whole noisy training set and does not require exploiting P (X). 

Then, P (Y |X) can be learned by using the estimated T (x) to correct the loss on the 

whole noisy training set, which is also learned in a supervised manner. 

Therefore, the performance of the model-based methods is not influenced by the 

different data generative processes. 

However, these methods usually require a large number of training examples to 

accurately estimate the transition matrix. If the transition matrix is poorly estimated, 

the estimation error of P (Y |X) will be large.
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Which is Better for Learning with Noisy Labels?

• SSL-based methods 

Strength: easily incorporate heuristics (e.g., prior knowledge) to make use 

of the finite training sample.

Weakness: do not work when X causesY in the data generative process. 

• Model-based methods 

Strength: do not influenced by the data generative process. 

Weakness: need a large training sample to perform well.
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Casual Structure Detection Method ( CDNL estimator)

𝑌′: pseudo labels estimated by an unsupervised classification method (clustering). 

Flip rate P( ෨𝑌 |𝑌′): pseudo labels 𝑌′ be flipped into noise labels ෨𝑌.

                                            : the Bayes label on  the clean class-posterior distribution. 

Flip rate P( ෨𝑌 |𝑌∗): clean label 𝑌∗ be flipped into noise labels ෨𝑌. 

If X causes Y, P(X) does not contain labeling information, then 𝒀′ should be very

different from clean label Y. Therefore, the estimation error of the flip rate (the

difference between P( ෨𝑌 |𝑌′) and P( ෨𝑌 | 𝑌∗)) is usually large.

If Y causes X, P(X) contains information of P (Y |X), the 𝒀′ should be close to clean

label Y. Therefore the estimation error of P ( ෨𝑌 |𝑌′) is usually small.
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Experimental Results

Baselines:

Model-based methods:  Forward, Reweighting, T-Revision

SSL-based methods:  JoCoR, MoPro, Dividemix, Mixup

Datasets:

Synthetic datasets: XYgaussian and YXguassian;

Real-world datasets: 

X causes Y: KrKp, Balancescale, Splice;

Y causes X: Waveform, MNIST, and CIFAR10.
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Experimental Results

Estimation error of P(෩𝒀 |𝒀∗)
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Experimental Results

Classification Accuracies (Synthetic datasets)
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Experimental Results

Classification Accuracies (Real-world datasets)
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Learning Causal Transition Matrix for Instance-dependent Label Noise

AAAI 2025
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Model-based Method

ˆ( | , )
ij

T P Y j Y i X x= = = =Transition matrix:
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Causal Graphs of the Data Generation Procedure

Scenario (a), certain environmental factors Z, 

e.g. lighting, noise, shadow, impact the instance 

X. This, in turn, influences the annotators, 

leading to the production of a noisy label ෠𝑌 .

Scenario (b), some factors Z do not influence X 

but directly cause the generation of the noisy 

label ෠𝑌, such as the annotator’s negligence.

Scenario (c), both scenarios (a) and (b) can occur 

simultaneously, resulting in a noisy label ෠𝑌.
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Causal Graph for Learning with Noisy Labels

Noise-resistant component 𝑋1

Noise-sensitive component 𝑋2

X



18

Causal Viewpoint for Denoising

Causal transition matrix:

X Y ZChain:

X Y ZFork:

X Y ZCollider:

ˆ ˆ( | ( ), ) ( | , )P Y do Y X P Y Y X=
2
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Causal Viewpoint for Denoising

( )( ) ( )| |    P Y do X P Y X=
1 1
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Training Framework for Denoising
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Decorrelating 𝑿𝟏 and ෠𝑌

Transition model take 𝑋1 and a Gaussian noise as inputs and 

output a tensor with dimension of k:

We aim to ensure that the probability of ෠𝑌 given 𝑋1 is uniform

for each class candidate. To achieve this, we constrain ෠𝑌𝑋1
 so

that 𝑋1 of each instance predicts an all-one vector.
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Modeling the relationship from 𝑿𝟐, Y , Z to ෡𝒀 

For modeling the causal transition matrix, we take Y and another 

noise as input, affiliated with the noise-sensitive component 𝑋2:

Since our main focus is on the causal transition, we block the 

gradient of 𝑋2 to make the relationship from Y to ෠𝑌 more 

precise. Therefore, 𝑋2 can be considered as the compensation 

tensor that bridges the gap

where 𝑦 ̃ denotes the predicted noisy label, and ො𝑦 denotes the 

noisy label.
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Training Framework for Denoising

Loss function:

Reward calculator:
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Experimental Results

Performance Results
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Experimental Results
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