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,Curriculum Learning
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,Traditional Learning
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,Curriculum Learning

e Curriculum learning: learning examples with focus
o |Introduce a teacher to determine the weight and timing to learn

every example.
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Dynamically ordered & weighted
examples

Bengio, Y et al. Curriculum learning. ICML, 2009
Kumar, M et al. Self-paced learning for latent variable models. NIPS 2010




,Curriculum Learning

Latent weight variable  Regularizer G

d d

. 1<~ 7
wepa F(w,v) = — ; vIL(ys, gs(xi, W3)) + G(vi A) + 0| w2

* An example: self-paced (kumar, M et al. 2010)
Favor example with smaller loss

e

1 4 <A b= Ly, 9s(xisw))
W=l = =e 00 T

e e

Regularizer Weighting scheme

Kumar, M et al. Self-paced learning for latent variable models. NIPS 2010
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,Motivation

v

* Existing studies define a curriculum as a function:

o Self-paced (kumar, M et al. 2010) o Linear weighting (Jiang et al. 2015)
1 mn
o Regularizer G: G(v) = —||v|l1 ° Regularizer G: G(v)= 52(@3 — 2v;)
=1
o Weight v*: ”U,;;k = I[(gz < )\) o Weight v™: v; = max(0,1 — %fz)

Learning a curriculum by a neural network from data?

Mini-batch =) g@g S>> Weights

Network

Kumar, M et al. Self-paced learning for latent variable models. NIPS 2010
Jiang, L et al. Self-paced curriculum learning. AAAI 2015
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'MentorNet

v

e Each curriculum is implemented as a network (called MentorNet)
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,Learning the MentorNet

* Two ways to learn a MentorNet:

o Pre-Defined: approximating existing curriculum

s T M e e e R e R e e e M M M M M M R M M e e e e e R e e e e e e e e ey,

. Pre-Defined \

Optimal Weight

/

DummyNet — _’va—gm(zi)”%

Synthetic samples(by
enumerating the feature space)
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,Learning the MentorNet

 Two ways to learn a MentorNet:

o Data-Driven: learn new curriculum from a small set (~10%) with clean labels.

Learn the MentorNet of CIFAR-10 and use it on CIFAR-100

———————————————————————————————————————————————————————

Data-Driven \

> (U;Jka gm(zi))
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Training MentorNet with StudentNet

Existing curriculum/ self-paced

learning uses alternative optimization.

G

High computational complexity

G

This paper proposes a mini-batch
SGD and shows good property on
model convergence under standard
assumptions.

Algorithm 1 SPADE for minimizing Eq. (1)

Input :Dataset D, a predefined G or a learned ¢, (+; ©)
Output : The model parameter w of StudentNet.

1 Initialize w",v", t =0

2 while Not Converged do

3 Fetch a mini-batch =; uniformly at random

4 For every (X;,y:) in Z; compute ¢(x;, y:, W")
5 if update curriculum then
6 | © « ©", where © is learned in Sec. 3.1
7 end
8 if G is used then
9 | vE — vE ! — o VyF(w' v,
10 end
1 else V& < gm(0(Zr, Ww'™1);0);
12 w' W -, Vo F(w' ™ v)|zg,
13 t+—t+1
14 end

15 return w'







' Setups

* Experiments on controlled corrupted labels

o Nosie type: uniform noise
o Nosie fractions: p € {0.2, 0.4, 0.8}

o PDataset and StudentNet:

Table 1. StudentNet and their accuracies on the clean training data.

Dataset Model #para train acc  val acc
inception 1.7M 0.83 0.81
CIFARID ecnet101 84M  1.00 096
inception 1.7M 0.64 0.49
CIFARIO0 - ecnet101 84M 100 0.79
ImageNet  inception_resnet | S9M 0.88 0.77




' Results on CIFAR

Baseline comparisons on CIFAR-10 & CIFAR-100
(under 20%, 40% and 80% noise fractions)
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Resnet-101 StudentNet

Inception StudentNet

£t

CIFAR-100 CIFAR-10 CIFAR-100 CIFAR-10

Method 0.2 04 0.8 0.2 04 0.8 0.2 0.4 0.8 0.2 04 0.8

FullModel 0.60 045 008 | 0.82 0.69 0.18 | 043 0.38 0.15]0.76 0.73 0.42

Forgetting 0.61 044 0.16 | 078 0.63 035|042 037 0.17 | 0.76 0.71 0.44

Self-paced 0.70 0.55 0.13 ] 0.89 0.8 028 | 044 038 0.14 ] 080 0.74 0.33

Focal Loss 0.59 044 009|079 065 028|043 038 0.15]0.77 074 0.40

Reed Soft | 0.6 046 008 | 081 0.63 0.8 | 042 039 012|078 073 039
.“MentorNet PD | 0.72 056 0.14 | 091 0.77 033|044 039 0.16 | 0.79 0.74 0.44 |
i\ MentorNet DD | 0.73 0.68 035 | 092 089 049 | 046 041 0.20 | 0.79 0.76 0.46

N

Significant improvement over baselines.

Data-Dirven performs better than Pre-Defined MentorNet.




,Results on ImageNet

Baseline comparisons on ImageNet
(under 40% noise fractions)

Method P@l P@5
NoReg 0.538 0.770
NoReg+WeDecay 0.560 0.809
NoReg-+Dropout 0.575 0.807
_NoRegt+DataAug | 0.522 _0.772
' NoReg+MentorNet 0.590 0.814 ,
FullModel 0.612 0.844
__Forgetting(FullModel) __| 0.628 ___0.845
._MentorNet(FullModel) | 0.651 0.859 :

NoReg: Vanilla model with no regularization

FullModel: Added weight decay, dropout, and data augmentation.




' Results on WebVision

2.4 million images of noisy labels crawled by Flickr/Google Search.

1000 classes defined in ImageNet ILSVRC 2012.

Real-World noisy labels.

Dataset Method ILSVRCI12 WebVision

Entire  Lieral (2017a) 0.476 (0.704) 0.570 (0.779)
Entire  Forgetting 0.590 (0.808) 0.666 (0.856)
Entire  Leeetral (2017)* | 0.602 (0.811) 0.685 (0.865)
Entire  MentorNet 0.625 (0.830) 0.708 (0.880)
Entire = MentorNet* 0.642 (0.848) 0.726 (0.889)

The best-published result on the WebVision benchmark!

Substantiate that MentorNet is beneficial for training very deep networks on

noisy data.

o |
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,Partlal Multi-Label Learning
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,The PML Framework

* Learning a multi-label classifier from partial-labeled examples

\
Instance

Label 1

Label m
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PML
Algorithm . MLL Model |
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R

__________
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Multiple ground-truth
labels not accessible

Ambiguously Labeling




, Motivation & Thought

* Considering the commonly used hinge loss

Ezgk = maX( (fzg f@k))
/

T T S‘ E f?fj .’B@, f@k(mzae))

7‘ 1 Jey’b k%'y@

Candidate label sety Non-Candidate label set y

building tree
street window

people flower

Ranking the candidate Misleading the classifier by

label people before dog Z> the false positive labels in
(as done in hinge loss) the candidate set

Y |
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Intuitively, the loss value of pairs between false positive labels and negative

labels is larger than that of pairs between true positive labels and negative
labels.

Candidate labels Irrelevant labels

True positive False positive Negative

lpny > bry > loc =4y =0
Can we implement the disambiguation in a self-paced way?

* We firstly select the labels with small loss, and gradually add the labels with

larger loss.

By
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Number of label pair

Dataset: VOC

Noise rate: {0.1, 0.2, 0.3, 0.4, 0.5}
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,Preliminary Verification

Dataset: VOC Noise rate: {0.1, 0.2, 0.3, 0.4, 0.5}
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Dataset: VOC Noise rate: {0.1, 0.2, 0.3, 0.4, 0.5}
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Dataset: VOC Noise rate: {0.1, 0.2, 0.3, 0.4, 0.5}
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