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Goal: Estimate the label-noise transition matrix given  noisy i.i.d. data {(xk, ỹk)}n
k=1

catỹ6 =
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Problem: Estimating  is provably hard (suffers curse of dimensionality)ℙ(Ỹ ∣ X = x)

̂Ti,j := ̂ℙ (Ỹ = i ∣ X = x( j))
How to find anchor-point for class ?j

x( j) ∈ arg max
x∈

ℙ(Ỹ = j ∣ X = x)

Ti,j = ℙ(Ỹ = i ∣ X = x( j))
For  an anchor-point for class  (i.e., )x( j) j ℙ(Y = j ∣ X = x( j)) = 1

Anchor-based transition matrix estimation
anchor

𝒳
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Prior work: Anchor-based transition matrix estimation



Existing knowledge gaps 
Existing estimators of : 

• Require pointwise class-posterior estimation  
• Do not come with finite sample performance guarantees 

T

Our contributions 
Methodology to estimate : 

• Bypass pointwise class-posterior estimation 
• Provides finite-sample performance guarantees

T



Ours: Transition matrix estimation via one-sided selective classification
̂Ti,j := ̂ℙ (Ỹ = i ∣ h( j)(X) = A)

h( j) : → {A, R}
one-sided selection function for class j

h( j) ∈ arg min
h : →{ , }

ℙ(Ỹ ≠ j ∣ h(X) = A)

s.t. ℙ(h(X) = A) ≥ γ

How to obtain selection function for class  ?j

|Ti,j − ̂Ti,j | ≲ R( j)
γ +

1
γn

Finite sample performance guarantees: With high probability

smallest one-sided error with no noise

𝒳
𝒳 A R

Prior work: Anchor-based transition matrix estimation
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Choose your favourite binary classifier, turn it into a transition matrix estimator

|Ti,j − ̂Ti,j | ≲ R( j)
γ +

1
γ (𝒜ℓ( j)(𝓕) +

VC(𝓕)log(n)
n ) +

1
γn

Theorem: Define  if  and  otherwise. Then, for  



h( j)(x) = A f ( j)(x) = 1 h( j)(x) = R
̂Ti,j := ̂ℙ (Ỹ = i ∣ h( j)(X) = A)

approximation error of the hypothesis 
class 𝓕 for the loss : 
 “Bayes risk”-“best in class risk

ℓ( j)

𝒜ℓ( j)(𝓕) =

h( j) ← min
h : →{ , }

ℙ(Ỹ ≠ j ∣ h(X) = A)

s.t. ℙ(h(X) = A) ≥ γ

𝒳 A R ≈ f ( j) ← min
f∈

1
n

n

∑
i=1

ℓ( j)(ỹk, f(xk))
𝓕

s.t. ̂ℙ ( f(X) = 1) ≥ γ

𝓕  {binary classifiers}=
loss that penalizes misclassification of  

(e.g., cost-sensitive losses)

ℓ( j) = Ỹ = j

One-sided selective classification Binary classification
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Figure 1: Mean Absolute Error (MAE) of different estimators as the number of training samples n
increases. The errors of the presented algorithms decrease with the number of samples in a similar
trend to the error of the oracle, whereas the error of the anchor-based method stagnates.

5 Conclusion

The paper presents a new methodology for the estimation of the label-noise transition matrix based
on one-sided selective classification. In the proposed approach, the transition matrix is estimated by
learning selection functions that minimize the false discovery rate subject to a minimum coverage
constraint. We provide finite-sample error bounds for the proposed methodology and show that
our approach avoids the curse of dimensionality, unlike existing estimators. Moreover, we propose
effective algorithms that can be implemented with any method for binary classification, and provide
their corresponding performance guarantees. The presented methodology can help to reduce the
impact of label noise on supervised learning methods, making model deployment more cost-efficient
by allowing the use of data labeled through inexpensive sources.

Limitations: The proposed methodology is broadly effective but does not scale well with the
number of classes, as it requires solving different binary classification problems for each class to
estimate the transition matrix. Additionally, like other estimators, the approach may struggle under
class imbalance, which can affect the precision of the selection functions for minority classes. These
drawbacks are of limited relevance in practice because the sub-problems are naturally parallelizable
and can be solved using standard off-the-shelf methods. Furthermore, as noisy labels are inexpensive
to acquire, the assumption of a sufficiently large training sample is typically satisfied in real-world
applications, ensuring the approach remains both computationally and statistically viable.
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Anchor-based method’s error stagnates with  🚨n
Proposed methods perform comparably to an oracle ✅
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