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ABSTRACT: Relevant research achievements in federated noisy label learning (FNLL) were
synthesized and summarized from the perspective of building label-noise-robust federated learning
systems. This work addressed the significant impact of noisy label in private and distributed data
on model training efficiency and prediction performance. First, the key concepts and definitions
related to federated learning, noisy label learning, and FNLIL were elaborated. Second, based
on the presence or absence of explicit noisy label detection mechanisms, existing FNLL methods
were classified into three categories: noise—detection—based training methods, robust noise—toler—
ant training methods, and hybrid methods. The operational mechanisms, characteristics, interrela—
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tionships, advantages, and disadvantages of each category were compared and analyzed. Finally,

potential research directions and future development trends in FNLL were discussed, aiming to

provide valuable insights and references for ongoing and future researches in this field.

KEYWORDS: federated learning; noisy label; federated noisy label learning; noisy label ro-

bust; noisy label detection
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Fig. 1 Illustration of noise transition matrix
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Fig.2 Scenes of federated noisy label learning (FNLL)
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Fig. 4 Procedure of the training method based on noise detection
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Fig. 6 Architecture of robust noise-tolerant training methods in federated systems
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Table 2 Precisions of different methods on CIFAR-10 and CIFAR-100 with manually-injected noisy labels”” %
Kl 5 I Dirichlet(1.0) Dirichlet(0.5)
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B R e 7 A AN TT 1
TrimmedMean™ 71.21 41.44 47.93 28.33 73.06 44.46 70.77 41.48 68.94 41.56 49.97 22.95 69.44 44.16 71.86 42.45
Krum"" 51.90 22.99 39.60 17.36 48.29 24.88 43.28 24.32 33.49 14.40 25.19 7.95 18.54 13.12 25.12 12.29
Median™  72.52 43.90 58.45 31.01 75.56 43.20 73.60 43.44 68.45 44.59 52.30 30.05 72.06 50.47 72.09 40.31
Symmetric CE®" 76.32 42.35 70.96 32.11 74.46 42.44 76.13 42.41 72.05 40.99 62.39 31.64 70.93 40.90 71.48 42.05
FedLSR™ 75.16 3.08 70.42 2.80 75.11 3.14 73.34 3.55 64.20 3.84 62.35 3.18 66.46 3.56 60.04 3.66
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R T PR I (¥ I £ 07 12
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JointOptim"™  64.74 27.66 59.78 22.67 65.02 27.84 64.53 27.83 57.76 26.39 52.44 21.95 55.21 26.20 57.84 26.30
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SELFIE™ 76.70 44.62 65.30 32.66 77.84 4490 77.55 42.77 72.60 45.06 60.08 31.82 73.36 46.36 74.26 42.20
FedELC"™ 76.81 44.83 68.22 33.07 77.97 44.01 77.98 43.87 73.13 45.22 60.31 32.98 75.78 44.97 74.55 43.59
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