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Goal: Estimate the label-noise transition matrix given {(x,, y,) } 11 noisy i.i.d. data

PF=1|Y=1) - PF=1|Y=1]Y])

PY=|YllY=1) - P¥=|Y|IY=1Y])

V¢ = cat y, = cat Vg = dog



Prior work: Anchor-based transition matrix estimation
For x) an anchor-point for class j (i.e., P(Y = j | X = x) = 1)
T,,=PY=i|X=ax)

Anchor-based transition matrix estimation How to find anchor-point for class ;?

T;;Chor;z @(? =i| X =xV) xP € argmaxP(Y = | X = x)
, xeX

Problem: Estimating IP(? | X = x) is provably hard (suffers curse of dimensionality)



Existing knowledge gaps
Existing estimators of 1

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

Our contributions

Methodology to estimate T

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



Prior work: Anchor-based transition matrix estimation xth

For x') an anchor-point for class j (i.e., P(Y =j | X = xU) = 1) '”‘A/
T;; = P(Y =i|X=x") -
Anchor:\based tra/\nsition matrix estimation How to find anchgr—point for class j? :":'\ N
= P (T =i] X =x) ¥ € argmax P(¥ = /| X = .

Problem: Estimating P(? | X = x) is provably hard (suffers curse of dimensionality)

Ours: Transition matrix estimation via one-sided selective classification

AN AL~ . = - - . n
T.. =P =i|hPX)=A) How to obtain selection function for class ; *

N o KD earg min - PT#£j | hX) =A)
one-sided selection function for class j h:X—1iA.R] 3
hD:X = {AR) S.1. P(h(X)=A) >y

Finite sample performance guarantees: With high probability

A~ . 1 R
|7, — T, ;| S R;") + (X)) = A

A /YN
smallest one-sided error with no noise\/ 4



Choose your favourite binary classifier, turn it into a transition matrix estimator

One-sided selective classification Binary classification
hY) «  min P(Y #j | h(X) = A () — 9y 720
h: X—{A,R} (¥#J 1 hX) ) r,:lj A I}g} » Z Vi S (X))
st. PHhX)=A) >y st.  P{O=D2y

= {binary classifiers}

4 (J) = loss that penalizes misclassification of Y = ]
(e.g., cost-sensitive losses)

Theorem: Define 1(x) = Aif fV(x) = 1 and h)(x) = R otherwise. Then, for

T...= P(Y=i|hVX)=A)

l,]
y / n W

approximation error of the hypothesis
class F for the loss £V:

A,»)(F) = “Bayes risk”-“best in class risk




Proposed methods perform comparably to an oracle
Anchor-based method’s error stagnates with n &
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