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Overview of This Tutorial ACNML

* Part I: Why and What Noisy Labels
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Part I Why Noisy Labels ACNML
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Why Noisy Labels

Lb:aot::é Windbreaker x Shawl x Sweater ? Windbreaker ?

(Credit to Clothing1M) (Credit to Outlook)



What are Noisy Labels ACNML
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Part II: Current Progress ACML
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B. Han, Q. Yao, T. Liu, G. Niu, I. W. Tsang, J. T. Kwok, and M. Sugiyama.
A Survey of Label-noise Representation Learning: Past, Present and Future. arXiv preprint: 2011.04406, 2020.



Tutorial Perspectives ACNML
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(Not orthogonal fully)



Part Ill: Training Perspective ACML
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D. Arpit et al. A Closer Look at Memorization in Deep Networks. In /CML, 2017.



Training on Selected Samples ACML

Algorithm 1 General procedure on using sample selection
to combat noisy labels.

I: fort =0,....,7 — 1do

2:  draw a mini-batch D from D;_

3:  select RE(t) ¢mall-loss samples ﬁfzfmm D based on
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Self-teaching (MentorNet) ACML

Error accumulation!
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L. Jiang et al. MentorNet: Learning Data-Driven Curriculum for Very Deep Neural Networks on Corrupted Data. In /CML, 2018.



Co-teaching ACML
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B. Han et al. Co-teaching: Robust Training of Deep Neural Networks with Extremely Noisy Labels. In Neur/PS, 201]§.
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Divergence Matters ACML
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Co-teaching+ ACML
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X. Yu et al. How does Disagreement Help Generalization against Label Corruption? In /CML, 2019. -



Rethinking R(t
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(f) Different optimizer settings.



SZ2E: Searching to Exploit ACML
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Q. Yao et al. Searching to Exploit Memorization Effect in Learning from Noisy Labels. In /CML, 2020. -



DivideMix ACML

clean noisy Semi-supervised learning
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J. Li et al. DivideMix: Learning with Noisy Labels as Semi-supervised Learning. In /CLR, 2020. o’



MentorMix

ACML
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L. Jiang et al. Beyond Synthetic Noise: Deep Learning on Controlled Noisy Labels. In /CML, 2020.
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summary ACNML

* Memorization effect in deep learning Is new and important.
* MentorNet and Co-teaching series are developed.

* Many applications have leveraged Co-teaching series.

B. Han et al. Co-teaching: Robust Training of Deep Neural Networks with Extremely Noisy Labels. In Neur/PS, 2011%
Code: https://qgithub.com/bhanML/Co-teaching



https://github.com/bhanML/Co-teaching

Part IV: Data Perspective
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Adaptation layer
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J. Goldberger et al. Training deep neural-networks using a noise adaptation layer. In /CLR, 2017.
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Forward Correction ACML

= Theorem 2. (Forward Correction, Theorem 1 in @]} Suppose

) 71 that the label transition matrix 1" is non-singular, where 1;; =
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s ] I clean label y = i. Given loss £ and network function f, Forward
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(Credit to Dr. Tongliang Liu)

G. Patrini et al. Making Deep Neural Networks Robust to Label Noise: A Loss Correction Approach. In CVPR, 2017.
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(a) Benchmark model. (b) MASKING model.

B. Han et al. Masking: A New Perspective of Noisy Supervision. In Neur/PS, 2018.



Fine-tuning ACML
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X. Xiao et al. Are Anchor Points Really Indispensable in Label-noise Learning? In Neur/PS, 2019. -



summary ACML

* Noise transition matrix is the key in data perspective.
* A potential direction Is how to estimate this matrix easily.

* Another potential direction is how to leverage this matrix effectively.

24
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Part V: Regularization Perspective ACML
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SIGUA ACML

— StopGrad — Algorithm 1 SIGUA-prototype (in a mini-batch).

Require: base learning algorithm %8, optimizer £,
mini-batch &, — {(=;, 3:) } .2, of batch size ny,
current model fs where # holds the parameters of f,

=
=
=]

=]
=]

|
§ £ good- and bad-data conditions € e and €y for B,
0 2w = underweight parameter -y such that (0 < v < 1
Eﬁ, . T 'F’:;E:;Zd 1: {32« B forward( fy, S,) # forward pass
| 1 22 £+ 0 # imitialize loss accumulator
o o 3 for:—1,...,n, do
Epach 4: il EE‘"'“‘I I:Ei, fﬁ] then
5 _fp e+ #accumulate loss positively
| 6: [ else if €(7:, 3;) then ' <— Gradient Ascent
o. N T by by — ﬂlaccumulate loss negatively
o g ; 8 endil # 1gnore any uncertain data
= z 9. end for
a 10: £y, + £, /my, # average accumulated loss
11: Vg + B backward( fa, £1,) # backward pass
_ . _ . . . . 12: ) .step(Va) # update model
T g T
26

B. Han et al. SIGUA: Forgetting May Make Learning with Noisy Labels More Robust. In /CML, 2020.



MixMatch & FixMatch
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D. Berthelot et al. MixMatch: A Holistic Approach to Semi-supervised Learning. In Neur/PS, 2019.
K. Sohn et al. FixMatch: Simplifying Semi-supervised Learning with Consistency and Confidence. In Neur/PS, 2026.



Bootstrapping ACML

target prediction
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S. Reed et al. Training Deep Neural Networks on Noisy Labels with Bootstrapping. In /CLR Workshop, 2015. -



Mixup

# vl, yv2 should be one-hot vectors

for (x1, vy1), (x2, y2) in zip(loaderl, loaderl):

lam - numpy.random.beta{alpha, alpha)

interpo|ation optimizer.zero_grad ()
loss (net (%), y).backward()

optimizer.step()

(a) One epoch of mivup training in PyTorch.

H. Zhang et al. Mixup: Beyond Empirical Risk Minimization. In /CLR, 2018.

o'
L
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(b) Effect of mixup (¢ = 1) on a
toy problem. Green: Class (0. Or-
ange: Class 1. Blue shading indicates

ply = 1|z).
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summary ACML

* Regularization is very popular for semi-supervised learning.
* Explicit regularization is in the level of objective function.

* Implicit regularization is in the level ot algorithm and data.

30



Part VI: Future Directions ACML

A Survey of Label-noise Representation
Learning: Past, Present and Future

Bo Han, Quanming Yao, Tongliang Liu, Gang Niu,
vor W. Tsang, James T. Kwok, Fellow, [EEE and Masashi Sugiyama

Absiracl—Classical machine laarming implicilly assumes that labels ol the training dala ane samgpled lrom a clean distribution, which can
b boo restrclive lor real- world scenanios. However, statetical-learming-based methods may nol rain deep learmng models robustly wilh
these noisy kabels. Therelore, it is urpent 1o design LabelNoise Representalion Learning (LNRL) methods lor robustly Iraining deep
models with noisy labelz To hlly understand LNAL, we condud a survey sludy. We lirsl clarily a lormal definition lor LNAL lrom the
perspecive ol Maching learming. Then, via the lens of learning theery and emgincal sludy, we ligure oul why noisy labels alled deep
models’ perormance. Based on the theoretical guidance, we calegorize dilerent LNAL methods inlo hiee directions. Under this unilied
Raxonamy, we provide 3 Ihorowgh discussion of the pros and cons ol dilleran] calegornies. More imporlantly, we summarize the essenlisl
eomponents ol robust LNAL, which can spark new direclions. Lasily, we propase pessible research direclions within LNAL, such as new
dalasels, instance-dependent LNAL, and adversarial LNAL. We alsn ervision polential direcions beyond LNFIL, such 8z learning wilh
tealure-noige, preleience-nomse, domain-noise, similanly-noese, graph-noise and demonabiabion-noise.

Index Terms—Machine Lesiming, Representation Learring, Weakly Superviged Learming, Label-noise Learring, Noisy Labeds.
.

0 Feb 2021
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B. Han, Q. Yao, T. Liu, G. Niu, I. W. Tsang, J. T. Kwok, and M. Sugiyama.
A Survey of Label-noise Representation Learning: Past, Present and Future. arXiv preprint: 2011.04406, 2020.



ACML

New Datasets
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L. Jiang et al. Beyond Synthetic Noise: Deep Learning on Controlled Noisy Labels. In /CML, 2020.



Instance-dependent LNRL
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A. Berthon et al. Confidence Scores Make Instance-dependent Label-noise Learning Possible. In /CML, 2021. -
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Adversarial LNRL ACNML

ST AT (PGD-1) AT (PGD-2) AT (PGD-3)

weak » strong

34

J. Zhu et al. Understanding the Interaction of Adversarial Training with Noisy Labels. arXiv preprint, 2021.
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Noisy Feature ACML
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J. Zhang et al. Towards Robust ResNet: A Small Step but a Giant Leap. In [JCA/, 2019. .
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Noisy Domain ACML

One-step approach: Butterfly

/_\
‘*P #;ihcl n_cnup_l:im_ e Existing UDA } / / \\ \
2, ﬁﬂ@*ﬁ @ﬁl %® @F ﬁ@
v (@) (b)

F. Liu et al. Butterfly: One-step Approach towards Wildly Unsupervised Domain Adaptation. arXiv preprint, 2019é

X. Yu et al. Label-noise Robust Domain Adaptation. In /CML, 2020. :



Noisy Similarity ACNML

: Class labeled data S Unlabeled data 8 Similar Q Noisy similar

(a) Supervised Classification (b) SU Classification (¢) NSU Classification

S. Wu et al. Multi-class Classification from Noisy-similarity-labeled Data. arXiv preprint, 2020. o



Noisy Graph ACNML
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Hoang NT et al. Learning Graph Neural Networks with Noisy Labels. In /CLR Workshop, 2019. *



Noisy Demonstration

®

O C)

(a) Expert demonstrations

(b) Diverse-quality demonstrations

V. Tangkaratt et al. Variational Imitation Learning from Diverse-quality Demonstrations. In /CML, 2020.
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Noisy Machine Translation ACNML

Chinese-English (ISI bitext)
Src: S E B2 H BT 8 7R A P E B B A HE R S [
Trg: And the Chinese side would certainly not accept the unreasonable demands puat for-
ward by the Americans concerning the protection of intellectual property rights.
Human: | The revenge list proposed by America will definitely not be accepted by Chinese
government.

P. Dakwale et al. Improving Neural Machine Translation Using Noisy Parallel Data through Distillation. In MTSum%/z‘, 2019.
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Conclusions ACNML

* Current progress mainly focuses on class-conditional noise.
* The new trend focuses on instance-dependent noise.

* Besides noisy labels, we should pay more efforts on noisy data.

41



