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The Success of Deep Learning Relies on
well-annotated & big data sets

Common Objects in Context

Dataset examples
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Commonly Encountered Data Bias (low quality data)

[Label noise ] [Data noise ] [Classimbalance]
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Robust Machine Learning for Data Bias

Design specific optimization objective (especially, robust loss)

to make it robust to certain data bias: ‘ft,@ 1_5 f) ’f*‘ﬁ'

[Label noise ] [Class imbalance] [Data noise ]
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Two Critical Issues
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Training Data VS Validation Data

Train Validation Test

er tuning: by validation data
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[Training loss ] [Validation Ioss]
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Training Data VS Validation Data

o—e—-0—o-o v Low efficiency

:::,/:/:/: v’ Low accuracy

o—o o o e ¥ Searchinstead of optimization

0*”5/0/5/0 °!' v Heuristic instead of intelligent
[Training loss ] [Validation Ioss]
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Intrinsic Functions of Validation Data

* The function of validation data is higher than training data
» Hyper-parameter tuning VS classifier parameter learning
» Make the model adaptable to data fit (general to specific)

* Validation data is different from training data!
» Teacher vs. student
» ldeal vs. real
» High quality vs. low quality
» Small scale vs. large scale
» Fixed vs. dynamic (relatively)

* What we should do?

» Lower the threshold of training data collection; higher the threshold of validation
data selection



From Validation Loss Searching to Meta Loss Training

Train Validation Test

Hyper-parameter funing. by meta data

[Training loss ] [ Meta loss ]
M
w'(0) = arg min — X;L w; O) 0" = argénin ﬂl/{ Z L™ (w*(0))
1 =1
M
.. . . = argmin— . z L(m) (w*(0))
v Optimization instead of search Geg ML

v’ Intelligent instead of heuristic (partially)
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Adaptively Learning the Robust Loss

Generalized Cross Entropy

Zhang, et al., NeurlPS, 2018

Symmetric Cross Entropy

Wang, et al., ICCV, 2019

Bi-Tempered logistic Loss

Amid, et al., NeurlPS, 2019

Polynomial SoftWeighting loss

Zhao, et al., AAAI, 2015
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Hyperparameter Learning by Meta Learning

[Training loss ]

w (A) = argmin Lorpgin (D, w; A)

Algorithm 1 The Adaptive Robust Loss (ARL) Algorithm

Input: Training data S, meta data S, ¢, batch size n, m, max
iterations 7.
Output: Classifier network parameter w, robust loss hyper-
parameter A.
1: Initialize classifier network parameter w'” and robust loss
L i hyper-parameter A,

2 fort=0toT — 1do

3:  {z,y} + SampleMiniBatch(S5, n).

4 {:I!‘:m}',-y':’“:'} + SampleMiniBatch(S,,..¢a ., ).
5:  Update A'" by Eq. (8).

6:  Update w'*) by Eq. (10).

7: end for

[ Meta loss ]

ﬂ* — Arg II]JIE_H E_.'L{Eta(ﬂnletar W* {ﬂ'}}

AW = A=Y BV Lafesa( Do, W (A))

Alt—1)7

(8)

“i"{:t}

= W(t_lj — ﬂvwﬁTruin{Dnﬁ\H‘F;ﬁ{t}}

wit—1)

. (10)

Shu, et al., submitted, 2019




Experimental Results

Table 1. Test accuracy (%) of all competing methods on CIFAR-10 and CIFAR- 100 under different noise rates. The best results are in bold.
Symmetric Noise Asymmetric Noise
Muodels Datasets Methods Nowse Kate Nose Kate n
0 [ 02 | 04 06 02 | 04
CE 02801032 | 76831230 | 0771231 | 63.2124.22 | 16.83+£230 | J0.71E231 - ) :
Forward 93.03+0.11 | 86.49+0.15 | 80514028 | 75553225 | 87.38+048 | 78.98+033 Table 3. Test accuracy (%) on T-ImageNet under different noise
DMI 9091020 | 87.59+0.21 | 85134010 | 80.234030 | 80.08+049 | 79.33+0.65 fractions. The best results are in bold.
Meta-Weight-Net | 92.04+0.15 | 89.194+0.57 | 86104018 | 81314037 | 90.33+0061 | §7.54+0.23 — —
PolySoft 01404030 | 87534048 | 81494034 | 75874025 | 85.09+1.77 | 8271+0.90 Methods 53’;““““&“ Noise *"‘E{qm"“g‘: Noise
CIEAR-10 A-PalySoft 92124012 | 89.73+0.20 | §7.2240.36 | 82494030 | 90.41+0.16 | 87.75+0.23 ¢ SRo1se Rale 17 oise Rate 17
GCE 90.03+£0.30 | 88514037 | 85484016 | 81294023 | 88.55+022 | 83.31+0.14 U | b2 [ D4 | 06 vz | U4
A-GCE 01474019 | 89.07+0.27 | 8636+014 | Bled+0.11 | 89514007 | 8635+0.17 CE 55.01 | 43.04 | 35.14 | 2045 | 4212 | 33.5%
SL BO3TH0.13 | BETe+ 056 | B5E844+074 | B1.38+1.30 87.63+0.34 | E3.48+048 Forward 2570 | 4557 | 3R.01 7443 | 44,98 15,00
) A-SL 91.504+0.16 89.§3i0.22 g6 36041 £2.19+0.30 89.54+0.28 E6.45+0.20 M1 5450 | 4810 | 40,35 7571 | 44.82 16.6%
TE TOSUE0IZ | S086I0.27 | S301E1.16 | 3BA3I003 | 50863027 | 3015106 APolvSoft | 5418 | 4924 | 4367 | 2846 | 4865 | a0.50
Forward 67814061 | 63754038 | 57534015 | 46444103 | 64284023 | 57.90+0.57 GOE 511 | 4772 | 3506 | 303 | 4560 | 3530
DMI 6840023 | 62.66+0.05 | 56954011 | 4630010 | 64.05+0.18 | 58.08+0.22 - : i : o : e
Meta-Weight-Net | 69.13£033 | 64224028 | 58644047 | 47432076 | 64224028 | 58.64047 AGCE | 3346 | 4822 | 4140 | 24.11 | 4618 | 3647
PolySoft 68.2640.25 | 62414038 | 56164030 | 45234047 | 63.05+061 | 56.09+026 SL 5148 | 4433 | 3518 | 2182 | 4418 | 3469
ClEAR.100 | A-PolySoft 68924041 | 65374143 | 6L3B0.47 | 52234063 | 64424026 | 58734017 A-SL 3334 | 4899 | 3819 | 2239 | 4768 | I1T8
GCE 67394012 | 63.97+0.43 | 58331035 | 41734036 | 62074041 | 55.25+0.00 Bi-Tem | 52.00 | 4500 | 3536 | 2132 | 4414 | 3437
A-GCE 67574032 | 64.58+0.30 | 58504015 | 42.16+0.63 | 6246+ 052 | 56754044 A-BiTem | 5422 | 4667 | 3736 | 2210 | 4601 | 3543
SL. 66434043 | 52464018 | 51.28+073 | 38394153 | 5L04:+£089 | 44.01+1.91
A-SL 6807051 | 63734027 | 57.99+037 | 4575+0.66 | 63254033 | 56.83+0.19
Bi-Tempered | 67.68+0.25 | 63454048 | 57254016 | 44724039 | 63124028 | 55.37+0.56
A-BiTempered | 69.3240.19 | 64484053 | 59264012 | 48624032 | 6378+027 | 56.56-+0.08
Table 4. Test accuracy (%) of different models on real-world noisy dataset Clothing IM. The best results are in bold.
Methods CE Forward | DMI | MN-Net | PolySoft | A-PolySoft | GCE | A-GCE | sSL A-SL | Bi-Tem | A-Bi-Tem
Accuracy | 68.04 | 7083 | 7246 | 71372 | 6996 | 7376 | 6905 | 7055 | 7102 | 7183 | 60.89 | 70.14

Shu, et al., submitted, 2019




Experimental Results
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v The hyper-parameter adaptively learned by meta-learning actually not the optimal one for the original
loss, with fixed hyper-parameter throughout its iteration.

v Meta learning adaptively finds a proper hyper-parameter and simultaneously explores a good
Initialization network parameter under its current hyper-parameter in a dynamical way.

v" Such adaptive learning manner should be more suitable for simultaneously obtain optimal values for

both of them rather than only updating one under the other fixed.

Shu, et al., submitted, 2019




When Model Contains Large Amount of Hyperparameters?

[Training loss ] [ Meta loss ]

W (I'L) — arg min J:Tmm{ﬂ, W, ﬂ) A = arg m}%u Lareta( Dmeta, W (A))
W

Overfitting 1ssue easily occurs (similar to conventional machine learning)
How to alleviate this issue?

Build parametric prior representation (neither too large nor too small) for
hyperparameters (similar to conventional machine learning)

Learner VS meta-learner
Need to deeply understand the data as well as the learning problem!

v Multi-view learning, multi-task learning (parameter - similar)
v" Subspace learning (matrix — low rank)

VYV VVYVY



When Model Contains Large Amount of Hyperparameters?

E.g. DNN

H Input Hidden Hidden Hidden Output

Model DeSIQn layer L, layer L, layer Ly layer L, layer Ly
- Weight init.: Random Uniform ) 7’
- Act.: RelLU A

. 2 ," R \

- Loss: CEE : - \q W N7 N

4 o
Il i A N 1/ : N ;
- #Hidden Layers: 3 W 7A@ @SS BN @ —
- # Units per layer {p, p+1, p+1, p+3, 10} Z — *;/‘ '\_.?;f,xj;-f.,.‘ PN ’;«' 7N
imizer: AR 7SS O SN S DS P
- Optimizer: SGD R4 e V_,;)(c‘.#,.,‘"):, : . : -“-&?:{. n
- 3 Ty =t _-_‘7'.) WA oy .:X};‘ o PO N X W TN
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Model Parameters
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Deep Learning with Training Data Bias

Problem: big data often come with noisy labels or class imbalance.

XA flickr

YFCC100M

Open Images Dataset




Deep Networks tend to overfit to Training Data!

Zhang et al. (2017) found that:

Deep neural networks easily fitf(memorizing) random labels.

2.5 : ‘ ‘ 10
m—a true labels Y
2.0} e—e random labels | 0.8
v »—+ shuffled pixels 07
215 —— random pixels |- S e
& =& gaussian o
210} % 0.5
S 204 :
© ®»—8 |nception
0.5} 0.3 o—o AlexNet ’
0.2 #=—s MLP 1x512 [
0'00 5 10 15 20 25 0%0 02 04 06 08 Lo
thousand steps label corruption
(a) learning curves (c) generalization error growth

Zhang C, Bengio S, Hardt M, et al. Understanding deep learning requires rethinking generalization. ICLR 2017. best paper



How to robustly train deep networks on training data bias to
improve the generalization performance?



Related work: Learning with Training Data Bias

@ Sample weighting methods
v'dataset resampling(Chawla et al., 2002)
v'instance re-weight (Zadrozny, 2004)
v AdaBoost method (Freund & Schapire, 1997)
v'Hard example mining (Malisiewicz et al., 2011)
v'focal loss (Lin et al., 2018)
v'self-paced learning (Kumar et al., 2010)
v'Iterative reweighting strategy (Fernando & Mkchael, 2003; Zhang & Sabuncu, 2018)
v'prediction variance method (Chang et al., 2017)

@ Meta learning methods
v'FWL (Dehghani et al.,2018)
vlearning to teach (Fan et al., 2018; Wu et al., 2018)
v'MentorNet (Jiang et al., 2018)
v L2RW (Ren et al., 2018)

@ Other methods
v'GLC (Hendrycks et al., 2018)
v'Reed (Reed et al., 2015)
v'Co-teaching (Han et al., 2018)
v'D2L (Ma et al.,2018)
v'S-Model (Goldberger & Ben-Reuven, 2017)



Sample weighting methods

Existing studies define a curriculum as a function(hand-design) for specific
tasks and extra hyper-parameter setting.

Strategy

Regularzer G

Weight v*

Self-paced [Kumar et al. NIPS 2010]

—llvll,

v =1(l; < 2)

Linear weighting [Jiang et al. AAAI 2015]

n

oY @F —2m)

i=1

1
v*  =max (0,1 — Zli)

Focal Loss [Lin et al., ICCV 2017]

v = [1-exp(=I)]”

Hard example mining [Malisiewicz et al., ICCV 2011]

v’ =1(l; > A1 - yy))

Prediction variance [Chang et al., NIPS 2017]




Sample weighting methods

Strategy Regularzer G Weight v*

Self-paced [Kumar et al. NIPS 2010] v'=1(; <)

‘ 1
v;) v* = max (0,1 — 1 [

Linear weighting [Jiang et al. AAAI 285

Focal Loss [Lin et al., ICCV 2017) v =[1-exp(-1l;)]*

Hard example mining [Malisiewicz et

2011] v’ = H(ll > )'(1 - yl))

1 Var(l;)
v'=—= |Var(ly) +
ZJ STA

Prediction variance [Chang et al., NIPS 2017]

- ® Need to pre-specify the form of
: weighting function

: ® Need to manually set hyper-

:  parameters



Meta Data and Meta Loss

Training Data Meta Data

-y

Training Loss Meta Loss
l 1 A
w* (V) = argénin I ; vV, Li(w) V= arg\;nin i Z; Lgm) (W (V))



L2RW [Ren et al., ICML 2018}

Key idea: Minimize validation loss one-step ahead. Notation:

: train e ¢;. Perturbation of the
Ber1(€) = 6 —aV Y €L (9)‘

— 0=0, weights on i-th example
=

|deally, want to find the optimal perturbation:

M
* . ]' va
€ = arg:nm M '2—1: L (Bes1(e)).
. Directly learning weights

from training and meta

Instead, take a single gradient descent step from zero: .
dald

= Dei v m
it m“

(,'__rZO

0 1N .0,
Zﬁj '(Be11(e))
Jj=1



Meta Data and Meta Loss

Training Data Meta Data

BN S

Training Loss Meta Loss
1 N 1 M
w N i=1 e M —

Input | Structure




MentorNet [Jiang et al., ICML 2018]

Algorithm 1 SPADE for minimizing Eq. (1) (8 ( Input : @)
Input :Dataset D, a predefined G or a learned g, (+; ©) , —
Output : The model parameter w of StudentNet. /| 1abel =5
1 Initialize w®, v®, ¢ = 0 —.’E/ = |2 g
2 while Not Converged do Jurairing Sle|5llEL -
3 Fetch a mini-batch =; uniformly at random /pefcr:)t: ::t:lg—e> s "2 |3 §
) t MentorNet | — 8 2 +
4 For every (x;,y;) in Z; compute ¢(xX;, yi, W) — | | weights
5 if update curriculum then s b /CZQ_’ L)L e
6 | © « ©7, where ©" is learned in Sec. 3.1 - \
7 end batch ™ S [(LsTm = LSTM | wan [ LSTM
8 if G is used then A f
9 | vE+ vE VI F(w v g, [, 07 = ] | 165, 8" = £l
10 end %
| else vi < g (6(E, W' );0); The meta-learner is complex, hard to
12 wt — wi=! — atvwlﬁ’(wi_l, vz,
B be reproduced.
14 end
15 return w' Very Complex Input

Very Complex Theta



Our work

Meta-Weight-Net

Input: Loss
Theta: MLP

Weight
—

| Why?




Our work

Inner loop:

Notation:
N
(@) — : i v L_trﬂt'n . © Ltrﬂin
w( )—ﬂrgflﬂ NZ (L " (w); ©)L; " (w) ¢ O: Parameters of teacher
=1 ¢ w: Parameters of student
Outer loop: p .

| M
@* — argénin M - Lgm) (W*(@)) Loss : : l’\l}eight

1=

gv(';@l

Shu, et al., NeurlPS, 2019 Meta-Weight-Net




Our work

_______

=% Teacher Update
=p Student Update

m
1
0+ = 0® — g — Z VoLt (#((0)) |af £
i=1

Loss l‘l.'}eight 1
" Feedbackto | Step 6 " Tug the studeit |
o l teacher J L to learn right J
9:(-:0)" Step 5“{'""""'" T § ' Step 7
1 i
—“’{w(r}{a] =wit) — g = Z Oy {Ltrain{“,(t}] E.'!}F L,'['I-I-"_} er wit+1) = i) _“E ZQEM“(L:{W{”}; ﬂ[r+1]]pr!{“.] L{[] w[t+1]
i=1
Step 5:
Algorithm 1 The MW-Net Learning Algorithm n _ _

g g/\ g ﬁr{t)(@) —wit _ O:l v Z V(Lgrmn(w{t));e)va:ram (W:]‘
Input: Training data D, meta-data set D, batch size n, m, max iterations 7. noa wit
Output: Classifier network parameter wl)

1. Initialize classifier network parameter w'® and Meta-Weight-Net parameter 0, Step 6:

2:fort=0toT —1do s , 1 s

3. {z,y} « SampleMiniBatch(D, n). O+ =0 — f— 75 VoL (W }{e)}|em
L {glmeta) gymeta)) SampleMiniBatch(D m) =1

4

5 Formulate the classifier learnmg function w' (@) by Eq. (3
6:  Update ©(+Y by Eq. (4 .
Ik 5
8

Step 7:

: Update with by Eq. III
. end for

1« . :
(t+1) _ o () _ [ train (). e{t+1} V. [ tran
WD = W a3 VL (w); 0T, L (w)

()
i=1 w
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Our work

Algorithm 1 The MW-Net Learning Algorithm

Input: Training data D, meta-data set ﬁ, batch size n, m, max iterations 7.
Output: Classifier network parameter w(T)
1: Initialize classifier network parameter w(® and Meta-Weight-Net parameter e,
2: fort=0to7T — 1do
3:  {z,y} < SampleMiniBatch(D, n).
{zmeta) ylmeta)y o SampleMiniBatch(D, m).
Formulate the classifier learning function w " (©) by Eq. .

4

5:

6:  Update @'+ by Eq. ll
7
8:

Theorem 1. Suppose V(-) is a differential function with a p-bounded gradient, and the loss function
£ have p-bounded gradients with respect to training/meta data. Let the learning rate ;.1 <t < N is

a monotone descent sequence, and satisfy 3, = min{,—l X _j’f } for some ¢ = 0, such that %Hf = L.
5 T =

Update w''*) by Eq. (5)
end for

Then the proposed algorithm can achieve E[|VG(0")|13] < e in O(1/€*) steps. More specifically,
. C
in E[|VL™(0")[3] < O(—=),
min E[[VL™(6)[3] < O(—)
where C' is some constant independent of the convergence process, and o is the variance of drawing
uniformiy mini-batch sample at random.

Theorem 2. Suppose the loss function ¢ is Lipschitz-smooth with constant L, and have p-bounded gra-
dients with respect to rf'qf::fﬁgr’mfrn data. Let the learning rate o, satisfy 3" oy = 00,3 14 ai <
oo, and 3:,1 < t < N is a monotone descent sequence. Then

lim IE'.[||T-*'£”“":”{W{':'; I‘C—}““:‘}”%] =10. (8)
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Experiments




Experimental Setup: Class Imbalance

Datasets: CIFAR-10 & CIFAR-100

Table 1: Test accuracy (%) of ResNet-32 on long-tailed CIFAR-10 and CIFAR-100, and the best and
the second best results are highlighted in bold and _ifalic bold, respectively.

Dataset Name Long-Tailed CIFAR-10 Long-Tailed CIFAR-100
Imbalance 2000 | (o) 50 20 10 I 2000 LY 30 20 10 1
Base Model 65.68 | 7036 | T4.5] 8223 | 8639 | 9289 | 3484 | 3832 | 4385 5114 535.71 70.50
Focal Loss 6520 [ 7038 | 7671 8276 | B6.66 | 9303 | 3562 | 384l 4432 [ 5195 3578 | 7052
Class-Balanced | 6889 | 7457 | 7927 | 836 | 8749 | 9289 | 3623 | 3960 | 4532 5259 | 57.9% | T70.50

Fine-tuning 6e0B | TL33 | 7742 | 8337 | 8642 | 9323 | 38.22 | J41.83 | 4640 | 5211 37.44 | Ta72
L2EW 66.51 7416 | 7893 | EL1Z | E5.19 | B925 | 3338 | 4023 | 44 | 514 5373 | 6411
Churs 6R.91 | 7521 | B0OG | B4.94 | BT.B4 | 9266 [ 37.9T | 4209 | 4674 534.37 S840 | T0.37
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Experimental Setup: Noisy Label

Datasets: CIFAR-10 & CIFAR-100

Table 2: Test accuracy comparison on CIFAR-10 and CIFAR-100 of WRN-28-10 with varying noise
rates under uniform noise. Mean accuracy (%std) over 5 repetitions are reported (‘—  means the
method fails).

Datasets / Noise Rate Base Mode| Reed-Hard S-Model Self-paced Focal Loss Co-tzaching D2L Fine-tining MentorMNet L2EW GLC Ours
0% | 9560£022  9438%004  H3T9L001 9081034 95704015 B8.6TL025 04641033 95.65 005 94354042 9233000 M3I0L009 94521035
CIFAR-10 40% | 6B0TL£1.23 21264051 7958033 641020 73064131 T4B1+03 85.6010.13 BO.471025 87334022 BAS210.19 SE2SL003  B9.2710.28
60% | 53124303 73534154 — 5310£1.78  S1ETEL19 73064025 68.0210.41 TRI5L240 BLAOLL3S  BRL244036 834940 4071033
0% | 79.95+1.26  o44541.02 52E6+£000 50794046  SLO4+0.24 6180025 b6 1711.42 80881021 7326123 TLO0L058  TAT75L051 TRT6L0.24
CIFAR-100  40% | 50111042  50L2741.08 42124099 46314245 50194046 46204015 5210097 | 52494074 61394399 60794091 61314022 67734026
60% | 3092+033 269540098 — 1908057 2770377 3567+1.25 4111030 3816038 36RTEL4T 48154034 SOSIELO0D 5875011

Table 3: Test accuracy comparison on CIFAR-10 and CIFAR-100 of ResNet-32 with varying noise
rates under flip noise.

Diatasets/ Noise Rate BaszModel Reed-Hard S-Model Self-paced Focal Loss Co-teaching D2L Fine-tining MentorNet L2IRW GLC Ohurs
e | 92.8940.32 92511025 BI3610013 88521021 9303016  BOETH000 92021014 | 93231023 0113030  89.251037 91.0210.20 020410015
CIFAR-10 200 | T6.83£230 88284036  79.254030 034034 B6454019 32831085 §1.664040 | 82474364 86364031 87864036 84481033 90.3310.61
4e | T0T7x231 0 8106076 7573032 8163052 80451097 75411021 B3E9+046 | 74071156 BL76028 85664051 #8.92140.24 87541023
e | 504012 69021032 5146020 67552027 0021053 63312005 o8 11026 | TOT2ZE0.22 0 702414021 e 111109 65.4240.23 7011033
CIFAR-100  20% | 30861027 60274076 45451025 63631030  6LETH030 5413055 63481053 | 56981050 61971047 5747116 6307 +0.53 64.22+0.28
406 | 4301116 50404101 4381005 5351053 54031040 44851081 51831033 | 46371025 52663056 5098155 62224062 SEed10.47
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Stable analysis of Meta-Weight-Net
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Real Data Experiment

Table 4: Classification accuracy (%) of all competing methods on the Clothing 1M test set.

= Method Accuracy & Method Accuracy
1 Cross Entropy HE.94 5 Joint Optimization [66] 72.23
2 Bootstrapping [58] 69.12 6 LCCN [67] 13.07
3 Forward [65] 69 54 7 MILNT [68] 73.47
4 S-adaptation [15] 70.36 8 Ours 7372
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: Adaptively Learn the Weight Function
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Future research

& General hyper-parameter learning (meta-learner designing)

Weight
—>

¢ More amelioration to the Meta-Weight-Net ‘=

gv( : ;@2

¢ Extension to other semi/weakly-supervised learning problems

& Multi-view learning, ensemble learning, domain adaptation



Jun Shu, Qian Zhao, Keyu Chen, Zongben Xu, Deyu Meng.

Learning Adaptive Loss for Robust Learning with Noisy Labels.
arXiv:2002.06482, 2020.

Jun Shu, Qi Xie, Lixuan Yi, Qian Zhao, Sanping Zhou, Zongben
Xu, Deyu Meng. Meta-Weight-Net: Learning an Explicit
Mapping For Sample Weighting. NeurlPS, 2019.






