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Label Noise Robust Learning Algorithm in Environments Evolving Features
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Abstract In real-world applications, data are often collected in the form of a stream, with features that can evolve
over time. For instance, in the environmental monitoring task, features can be dynamically vanished or augmented due
to the existence of expired old sensors and deployed new sensors. Additionally, besides the evolvable feature space,
the labels potentially contain noise. When feature space evolves and data conceal inaccurate labels at the same time, it
is quite challenging to design algorithms with guarantees, particularly theoretical understandings of generalization
ability. To address this difficulty, we propose a new discrepancy measure for noisy labeled data with evolving feature
space, named the label noise robust evolving discrepancy. Using this measure, we present the generalization error
analysis, and the theory motivates the design of a learning algorithm which is further implemented by deep neural
networks. Empirical studies on synthetic data confirm the rationale of our discrepancy measure and extensive
experiments on real-world tasks validate the effectiveness of our algorithm.
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Fig. 1 Learning with noisy labeled data in environments with evolving features
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X I 22 Mo -admissible 1. X TAEf6 >0, E/API1-6
I, A

Ry, (8) <Rpy () +discs (8. 8D, D) +

O (1/ Vi +1/Nk+1/ vz ). (13)
Horp Ry (9036 /R 40 26 R AE AR in MR 4003 B Y A
B2, disene (8, 83 DF s Dt ) Fm 55 th B FNSH 1+ 1
SR 2 18] 1 25 2 A 10 M P 1 A 2% S

UE B 0 3 S A R B RR AR 23 [R) A 100 B XL
11558, A AR

logl/o) (14

Nty
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(). Sy 7 03 A R, A S 6 B LR A
{14 o7 2R S e o 5 A AR AN [ R AIE VA 9 B i
W B e, O 7E AN TRV A D I Bk o 8 3R

PREE I AT R g AR S AT BEALRAE, 2R B 10 5%
PG, IF 2 TIX 10 A5 T 101 208 AR o 22 K 4
B L LR 5 R B R SRR L, AT B R A
1 YRR 25 0] 38 A8, 76 7 RRAE 25 )b a5 vk Y 5
LEaE

A S AE AL$5 RFID, Amazon, Reuters 03 45 UL [
Hor & 8y 8 A TR A B T IR, X
SR A 43 AT 7E 220 IS N FH 4k
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Table 2 Statistics of the Datasets
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RFID 940 78 72
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Table3 Average Accuracy and Standard Deviation of

Seven Algorithms on Different Datasets
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Table 4 Average Accuracy and Standard Deviation of Two

Algorithm on Datasets with Varying Noise Rates
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Fig.3 Weighted empirical risk, label noise robust evolving discrepancy and average accuracy of LREDM algorithm on six groups of

experiment simulated by Reuters dataset
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