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What is Positive-Unlabeled (PU) Learning? RFVI

B PU learning aims to learn a binary classifier with limited positive data and a large |
pool of unlabeled data
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Why is PU Learning Important? AII'VI

B |n numerous real-world applications, positive data are readily obtainable, whereas
negative labels are scarce or even infeasible to acquire

| Pre-isaster image Poé-disaster iage
Example: After a disaster, training a classification model using only positive (damaged buildings) data

can significantly shorten the time required for building damage mapping
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What Limits PU Classifier vs. Supervised Methods?

B |naccurate annotations impede learning discriminative representations
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t-SNE visualizations of the representations on CIFAR-10 dataset
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Challenge: How can discriminative representations be learned under unreliable supervision?
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Noisy-Pair Robust Representation Learning AFVI
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Representation learning can acquire discriminative representations either by pulling same-class samples closer to the anchor and pushing
different-class samples apart (contrastive representation learning), or by pulling same-class samples closer to the anchor (non-contrastive
representation learning):

% Self-supervised representation learning: same-class pairs from augmented anchor
% Supervised representation learning: same-class pairs from reliable labels
0:0

Noisy-pair representation learning: same-class pairs from unreliable labels
TEXAS A&M UNIVERSITY



Analysis of Gradients RFVI

B Gradient magnitudes from noisy pairs overwhelm those from clean pairs in L,

i

U In noisy-pair robust representation learning, the representations may have:
Noisy pairs: (x;, X,;) > G, ~0 Clean pairs: (x;,x;) > §;q; - 1

> Supervised Non-Contrastive Loss (SNCL L,)

L (x5, %)) = 2(1 — (G, k) 1{y; = y;) E> HaLr(xi,xm) ? o 2) > (1- @3)7) = Haﬁr(xi,xj) 2
e o G o0 ||, ||ql||2 9 ||ql||2 W7 =" 2q ||,
> Noisy-Pair Robust Supervised Non-Contrastive Loss (NoiSNCL L,)
~ ~ 2
3 — oL, (x;, x.)|I° N 0L, (x;,x;)
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In L., the gradient magnitudes contributed by noisy pairs dominate those from clean pairs; this issue is
effectively mitigated by the proposed L,
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Noisy-Pair Robust Non-Contrastive PU Learning

B Noisy-Pair Robust Representation Alignment Framework (NcPU)
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» NOoISNCL.: Learning discriminative representations under unreliable supervision

» Phantom Label Disambiguation (PLD): Refines supervision by regret-based label updating
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Theoretical Analysis RFVI

B The NoiSNCL and PLD modules can be theoretically justified to iteratively
benefit each other from the perspective of the EM framework

N
>  E-Step (Label refinement). At the E-step, each unlabeled example is assigned to one specific cluster. Given a network g(-)
parameterized by 0, the objective is to find 8* that maximizes the log-likelihood function:

0" = argmax ) > 1(7 =)ylogp(x,10)

x€U yeZ

~

> M-Step (Cluster tightening). At the M-step, minimizing L, encourages embeddings to concentrate around their cluster
centers. Under some mild assumptions, minimizing R,.(x) is equivalent to maximizing a lower bound of the likelihood:

Re()=— Y = I
r(X) = — TA1 T
M = 9] )
s Theorem 1 Assume the distribution of each class in the representation space follows a d-variate von Mises-Fisher (VMF)
distribution, which leads to: h(x|V_, k) = Cd(K)eng(x)’ where V. = v./||lv,||, k is the concentration parameter, and c;(k) is the

normalization constant. Under the assumption of a uniform class prior, optimizing ®,(x) and log-likelihood function is
equivalent to maximizing L; and L, below, respectively.

S, | S, |
L, = Z v.||? < Z v.||=L
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Experiments

B Main results
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t-SNE visualizations of the representations on CIFAR-10 dataset

NcPU outperforms SOTA methods, achieving performance comparable to its supervised counterpart
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Experiments

B Ablation studies and analyses

% Performance analysis of £, under
risk estimation with the real m,, and

supervised methods 0

50

+ Ablation and comparative analyses
on CIFAR-100 dataset
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t-SNE visualizations of the representations on CIFAR-10 dataset

[Zr enhances the quality of learned representations, enabling simple PU methods to achieve competitive performance
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Application

B Building damage mapping from satellite imagery
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Thank you for your attention!




