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About Myself

Masashi Sugiyama: Py
e Director: RIKEN AIP, Japan

e Professor: University of Tokyo, Japan

e Consultant: several local startups
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Interests: Machine learning (ML)
e ML theory & algorithm -
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brain, robot, mobility, advertisement,
biology, medicine, education...)
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What is "RIKEN"?

Name in Japanese: IE{tZE®ZEFT

o

e Pronounced as: rikagaku kenkyusho
e Meaning: Physics and Chemistry Research Institute

Acronym in Japanese: #f (RIKEN)
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International Researchers !

Latin America s, 2%

Argentine, Brazil, Columbia,
Costa Rica, Mexico, Peru

Canada, USA

p— Asia 489, 61%
Bangladesh, China, Hong Kong, India,

Indonesia, Korea, Malaysia, Nepal,
Pakistan, Philippines, Singapore,
Sri Lanka, Taiwan, Thailand, Vietham

Europe 190, 24%

Austria, Belarus, Belgium, \
Bulgaria,Croatia, Denmark, Finland,

France, Germany, Greece, Hungary,
Ireland, Italy, Moldova, Netherlands,
Poland, Romania, Russia, Slovakia,
Slovenia, Spain, Sweden, Switzerland,

Ukraine, United Kingdom, Uzbekistan In order of representation at RIKEN

\
] 1
1 I
: 1. China 260 :
. 1 2. India 58 I
Oceania 1s,2% 3 Korea 54 |
I | 4. USA 43 1
Australia, Fiji, New Zealand !
J : 5. Germany 37 :
[ 6. UK 28 :
. : 7. Taiwan 27 :
: Middle East 1s, 2% : France’ 2 -
Afrlca 18. 2% I 9. Indonesia 17 :
) ) £70 Iran, Israel, Lebanon, Turkey, Yemen : 10. Russia 15 I
Algeria, Cameroon, Egypt, Ghana, \ I'
Tunisia, South Africa, Senegal, Zambia \\ S
e o e T e Y P -

[ TOTAL 803 people, 65 countries and regions ]




What is RIKEN-AIP? 8

RIKEN founded Center for Main office located

in the heart of Tokyo
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Statistics 9

. As of Apr. 1, 2022
Diverse research staffs:

e 130 employed researchers
(36% international, 23% female) .

Center for Advanced Intelligence Project

e 210 visiting researchers
e 100 domestic students
e 140 international interns (total)

Extensive collaboration:
e 40+ international collaboration partners
e 40+ industry projects |




AlIP’s 5 Missions 10

Develop next-generation Al technology:
e machine learning & optimization theory, etc.

Accelerate scientific research:
e cancer, material, genomics, eftc.

Solve socially critical problems:
e natural disaster, elderly healthcare, etc.

Study of ethical, legal and social issues of Al:
e ethical guidelines, personal data, etc.

Human resource development:
e researchers, engineers, etc.




Developing New Al Technology

Theory of deep learning:
e Better prediction than shallow learning

e No curse of dimensionality

e Global optimization

Developing new methods:
e \Weakly supervised learning
e Noise robust learning

e Causal inference

Weakly Supervised Classification

Various weakly supervised classification problems
can be solved by risk-rewriting systematically!

Positive-Unlabeled (PU)
(ex: click prediction)

Positive-confidence (Peonf)
(ex: purchase prediction)
Unlabeled-Unlabeled (UU)
(learning from
different populations)

Semi-Supervise d (PU+PN)
(first theoretically
guaranteed method)

oo | 9, %,
fo ola
:Oﬂ:n\ n’“:ﬁ:
o o
o ol g
ietal (ICML2017, ML2018,

Noise Transition Correction

Constant

—l\ Curved | (curse of dim)

T = 01]05

Noise transition matrix T':
0 |0.8/05

e Clean-to-noisy flipping probability. o101l o

Major approaches: sumea cvesaom

e Loss correction by T~ to eliminate noise.

o Classifier adjustment by T-r to simulate noise.
We want to estimate T' only from noisy data:
e Use human cognition as a “mask” for T". ..o
e Learn T" and a classifier dynamically.
e Decompose T into simpler components.

e Regularize T to be estimable.
e Extension to input-dependent noise T'(

Hidden Hidden

Hidden

__2rB
E[llfr — f*l12,] < em + O(T ™~ 7s+1)
S1,S2,S3: Smoothness .

[Deep n—ﬁl
§=(s7'+s3' +s3')

N
[Shallow __48
n s1+d

J/

Gaussian
noise

SGD

Causal Inference
in the Presence of Hidden Cause

In causal inference, how to handle
hidden cause is a big challenge!

,,,,,,

We developed the first method
to estimate the entire structure
in the presence of hidden cause:

e Speech separation technique is
employed to separate hidden cause.

Maeda & Shimizu (AISTATS2020, UAI2021)



Accelerating Scientific Research 2

Medical science:

e Prostate/pancreatic cancer detection
e ALS early diagnosis
e Fetal heart screening A T
e Colonoscopy == By
Material science: =

e Database creation with text mining

JACS —

Input Image Segmentation Result

Data-driven science:

e Selective inference for g B | e e e
reliability evaluation | o RS i ik
: B VAl il Y



Solving Socially Critical Problems '

Three-dimensional low-order unstructured

nonlinear finite element analysis of the ultra-large-

— scale and ultra-high-fidelity fault-structure model
Whole domain

1.‘3"““

Natural disaster:
e Fugaku-based earthquake simulation
e Remote sensing disaster analysis

Elderly healthcare:

e Chat-robot-guided
cognitive function improvement

Education:
e Automatic essay evaluation
e Interactive essay writing support

Om—m_3m 3m -3 m
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Smoking should be banned! It causes bad
breath and makes your clothes stinky!

E"g g ] Functional Contrast estimate
v I 1g; :# _ : PoMEstiia s 2 While your point is logically valid, it Seed region connectivity map with 95% C.I.
i rreEoEd fEoEe ¢ FEeRmanmow A does not justify banning the substance. UM
A BERE (1) SO~ EVTERIEHHA, = Can you provide a more relevant reason? ‘&
ZREEINITEM, T0FURTHBAE &, [
K iﬁx@szmmml GHRARRE-21) | MR- ﬁzn) + AR A (BAE8) LS TRABLLNS L, Oh..I know that many people die of """““&""‘"‘
Emwm RHBCEEE DRV DT, BAIHAITHE S nm@r FHRIDAGANEEOSILER T2, ) second-hand smoke each day!
%g %%% §E, % %J i i% ? lﬁi Indeed, people dying from second-hand
1% 388 | | if E R A LI isbnh“gh m‘}’l"ew‘,‘f’t“"i“ggg thaln . . '
8 c3¥5 55 i® 53 It causing bad breath. Where did you learn i i
853t 38 ig AL Ak | gg § i about tghis information? Y Eﬁgﬁﬁ (gﬁgﬁ% el AN




[ |
ATREEAREZRS
TOP ATHEFRREERRCONT EHCONT FEvOR AR BHVEDE

Al ethical guidelines:

e Japanese Society for Al, Ministry of Internal | .

Affairs and Communications, Cabinet Office ———— -
ETHICALLY

e IEEE, G20, OECD ALIGAED DESIGN

First Edition

A Vision for Prioritizing Human Well-being

with Autonomous and Intelligent Systems

Personal data management:

e Individual-based accessibility control system

Al security and reliability:
e Adversarial attack/defense
e Fairness faking/guarantee
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Robust Machine Learning

Goal: Develop novel ML theories and
algorithms that enable reliable learning
from limited information.

e |Insufficient information: weak supervision.

e Label noise: human error, sensor error.
e Attack: adversarial noise, distribution shift.

e Data bias: changing environments, privacy.

16



Contents

Introduction of RIKEN-AIP

Robust Machine Learning
A) Weakly Supervised Learning
B) Transfer Learning
c) Noise-Robust Learning

Summary

17



ML from Limited Data 18

ML from big labeled data is successful.
e Speech, image, language, advertisement,...

e Estimation error of the boundary
decreases in order 1/\/5 . 12 : Number of labeled samples

Positive Negative
o X
X
o ©° x
o © X X
o
° X
(o) X
Boundary

However, there are various applications
where big labeled data is not available.

e Medicine, disaster, robots, brain, ...



Alternatives to Supervised Classification 19

Unsupervised classification: Unlabeled
e No label is used.
e Essentially clustering.

e No guarantee for prediction.

Semi-supervised classification:

e Additionally use a small amount of labeled data.
e Propagate labels along clusters.
e No guarantee for prediction.




Weakly Supervised Learning 40
Coping with labeling cost:

e Improve data collection (e.g., crowdsourcing)

e Use a simulator to generate pseudo data
(e.g., physics, chemistry, robotics, etc.)

e Use domain knowledge (e.g., engineering)
e Use cheap but weak data (e.g., unlabeled)

Supervised
classification

Semi-supervised

classification
Weakly supervised learning
Unsupervised High accuracy & low cost
classification

Labeling cost

Low Classification accuracy High



Positive-Unlabeled Classification 21

Given: Positive and unlabeled samples

P
{x]}7e " p(xly = +1)
n i.i.d.
{xi}% "X p()

Goal: Obtain a PN classifier

Positive
m ) O
0 O
. . o O O\l
Example: Ad-click prediction O o o = - O
e Clicked ad: User likes it > P a0 o | .
e Unclicked ad: User dislikes it gt H O
or User likes it but doesn't have Unlabeled (mixt :
time to click it 2> U (=P or N) n'abele (mix ure o
positives and negatives)




Solution (Sketch) 22

Given: Positive and unlabeled data PJETSEQQ?Z?&?&?%STS

(@l yie, "R p(aly = +1) {2 }Y, N p()
Decomposition of the classification risk:
— = +1):
R(f) — E (z,y) [ (yf( )H ¢/ :loss 7Cglasspp(rgiJor (assuzned known)
= WEp(w|y:+1) [E (f(a:))] == (1 — W)Ep(m|y:_1) [f( — f(a:))]

Risk for positive data Risk for negative data
Eliminate the expectation over negative data as

Epa | £( = @) | = 7By i) [¢( — F@))

p(x) = mp(xly = +1) + (1 — m)p(x|ly = —1)
Unbiased risk estimation: Op (1/\/%+ 1/\/%)

Rey (f Zﬁ( D)+ — 3¢~ f@)) —%id—ﬂw?))



Positive-Negative-Unlabeled Classification 23
(Semi-Supervised Classification)

Sakai, du Plessis, Niu & Sugiyama (ICML2017)

Let's decompose PNU into PU, PN, and NU:

e Each is solvable. Positive  Negative
e Let's combine them! PNU 72°_ D':'x Xg
. . O O )(D x X0
Without cluster assumptions, Do;’” S| 9 %0,
PN classifiers are trainable! o_ool ™ xg
Unlabeled
Op(l/\ﬁnp—l—l/\/inN—l—l/\/inU) anee
PUDZOD DD 0 PN oo )(x NUDD i DDX XD
o O o o0 Y4 % X o x 0
OOU Ol o I:Il:l oO xx 0O ol g xuu
DODUOU o o X x DEDD OX xg



Various Extensions 24

Learning from weakly supervised data is
possible in many different forms!

Positive-Unlabeled
0o o
o
On Ool:l 0 g o
OOD o} o l:ln
oo O o
°|:| oo o

du Plessis et al. (NIPS2014, ICML2015, MLJ2017)
Niu et al. (NIPS2016),, Kiryo et al. (NIPS2017)
Hsieh et al. (ICML2019)

Positive-confidence

ol
OO0l

Ishida et al. (NeurlPS2018)
Shinoda et aI (IJCAI2021)

Semi-Supervised

Unlabeled-Unlabeled oo | 9, xg
00 olo
o o o0 o x0
o Ojo o o
o a oo Ol g
0o o ©_oo %o
oo a
ool ® g
o o oo Sakai et al. (ICML2017, ML2018)
o o
0 o og
a [« ] " E e F
o 950 Similar-Dissimilar
gool® g
n\ﬂ -a .
““““ o o Bao et al. (ICML2018)
du Plessis et al.,(TAAI2013) o UU > Shimada et al. (NeC02021)
Lu et al. (ICLR2019, AISTATS2020) Q- a Dan et al. (ECMLPKDD2021)
Charoenphakdee et al. (ICML2019) O Cao et al. (ICML2021)
Lei et al. (ICML2021) ﬂ/n Feng et al. (ICML2021)

e All are loss-correction based and consistent. Op(l/ ‘/ﬁ)
e Any loss, classifier, and optimizer can be used.



Multiclass Methods 29

Labeling patterns in multi-class g Class?
. . assS
problems is extremely painful.

Multi-class weak-labels: |

e Complementary labels: (s e
Specify a class that a pattern Boundary
does not belong to (“not 17).

e Partial labels: Specify a subset of classes o
that contains the correct one ("1 or 27). (V702 newirs2020

e Single-class confidence: ceoetal @rxivzoz1)
One-class data with full confidence
("1 with 60%, 2 with 30%, and 3 with 10%")

Systematic loss correction is possible!  0,(1/va)




Summary: Weakly Supervised Learning 246

We developed an empirical risk minimization
framework for weakly supervised learning:

e Any loss, classifier, and optimizer can be used.
e Statistical consistency with optimal convergence.

Sugiyama, Bao, Ishida,
Lu, Sakai & Niu,
Machine Learning from
Weak Supervision:
An Empirical Risk
Minimization Approach.

Supervised

P N, U, S, D, Pconf,

Semi- Nconf, Sconf, Dconf.... g MIT Press, August 2022.
supervised Comp, Partial, SCconf... O
Different weak information g’ :;:‘\;‘vee::as';;';gwsion
. can be systematically [ gy
Unsupervised combined! e i oD
NJ vd

Classification accuracy

High

Masashi Sugiyama, Han Bao,
Takashi Ishida, Nan Lu, Tomoya Sakai,
and Gang Niu
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Transfer Learning 28

Training and test data often have
different distributions, due to

e changing environments,
e sample selection bias (privacy).

Transfer learning (domain adaptation);

e [rain a test-domain predictor using
training data from different domains.

DATASET SHIFT IN
MACHINE LEARNING

- Dm [l
e e T ko an
ey a ¥
[

| | NIPS Workshop 2006 - Whistler b R Mk
NIPS Workshop on Learning when Test and Training Inputs Have : b Pt
Different Distributions, Whistler 2006

Quifionero-Candela et al. (MIT Press 2009) |




Classical Approach 29

for Transfer Learning
Two-step adaptation:

1. Importance weight estimation:

W = argmin I/Eiptr(m,y) {D (w(m,y), Pro (T, Y) )]

w ptr(way)
2. Weighted predictor training: U TAT Pross 2013

AN

J = argmin &y, o) () 0)

However, estimation error in Step 1
IS not taken into account in Step 2.

e \We want to integrate these two steps!



Joint Weight-Predictor Optimization 3°

Covariate shift: Only input distributions change.
ptr(m) ?é pte(m) ptr(y!zc) — pte(y]a:) Shimodaira (JSPI2000)

Suppose we are given

e Labeled training data: {(=!", y")}m, "X

— ~ ptr(way)
e Unlabeled test data: {zleyre K pe ()

Minimize a risk upper bound jointly ..., 22
w.r.t. weight w and predictor f: Ji.(f,w) > Re, (f)°

AN

f =argminmin Jp, (f,w)  Re(f) = Ep, (@ l(f(2),y)]

>0
d - Ete S 1 gtr 2 Ete
Jg : Empirical approximation of Jy

e [heoretical guarantee:
Re, (F) < V2min By, (f) + Op(ng " + i)



Dynamic Importance Weighting *

General changing distributions: pu(x,y) # pie(2, y)
Suppose we are given

e Labeled training data: {(z, )}, "5 pu(@, )
e Labeled test data: {(25°, ;) e K e, y)
For each mini-batch {(z!", ")}, {(&te, 7i°) 1,
importance weights are estimated by s

matching losses by kernel mean matching:

Huang et al. (NeurlPS2007)

- me(f( z),5i) = — > (&), 75°)

Extremely simple, but highly powerful!



Summary 32

In transfer learning with importance weighting,
simultaneously performing importance estimation

and predictor training is promising.
What should we do if training and test distributions
look very different?

e Mechanism transfer! Teshima, Sato & Sugiyama (ICML2020)
Independent d1 q2 g3 --- {Tar
components
“Mechanism” f I f f <y
| | | |
Observed T y[ y‘ 80 ’
data | v | o B ° .+ || Bai, Zhang, Zhao,
Sugiyama & Zhou
(NeurlPS2022)

Current challenge: Continuous distribution change
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Supervised Classification

Supervised classification with clean labels:

Class 1 | ,x Class2
(o
0% | *x*” Training error minimization
(o . r .
0" o A Xx Is statistically consistent

o . .
Boundary — gnd work well in practice.

However, real-world labels are noisy Class 2

. _ ‘
possibly due to human error: Class 1 o X

Training error minimization is
no longer consistent and
does not work well in practice.




Classical Approaches 39

Unsupervised outlier removal: « g
e Substantially more difficult than classification.
Robust loss: X
e Works well for regression, s & EE=
but limited effectiveness \\ hinge | '
for classification. Huber Ramp 2
Classification margin |

-2 -1 0 1 2 3

Regularization:

e Effective in suppressing overfitting,
but too smooth for strong noise.

Need new approaches!

[2_ reg u |a rizati on https://en.wikipedia.org./wizi/(gverfitting




Noise Transition Correction  3°

Noise transition matrix T B oo
e Clean-to-noisy flipping probability. T — |0.1]08]0.1
05[05| 0

MajOr' approaCheS: Patrini et al. (CVPR2017)

e Loss correction by T_1 toTeIiminate noise.
e Classifier adjustment by I’ to simulate noise.

We want to estimate I' only from noisy data:

e Use human cognition as a “mask” for 1. e s

® Reduce est|mat|on error Of T Xia, Liu, Wang, Han, Gong, Niu & Sugiyama (NeurlPS2019)

Yao, Liu, Han, Gong, Deng, Niu, Sugiyama & Tao (NeurlPS2020)

e Learn 1" and classifier simultaneously. Zhang, Niu & Suglyama (ICML2021)
e Estimate I’ under weaker conditions. Li, Liu, Han, Niu & Sugiyama (ICML2021)



Beyond Class-Conditional Noise '

Real-World nOise may be Class-conditional Instance-dependent
iInstance-dependent: Fabl DO JCIIL I A

e EXx.: Noise is large
near the boundary.

Instance-dependent noise: T, z(x) = p(yly, )
e Extremely challenging to estimate
the noise transition matrix function!
" = 4 : . Xia, Liu, Han, Wang,
Various heuristic solutions: Gong, Liu. Niu, Tao
e Parts-based estimation. S Sugiyama (NeurlP52020)
oy . Berthon, Han,Niu, Li
e Use of additional confidence scores. & SUZ:ya?Qa (f;nML';oz;l;
e Manifold regularization. Cheng, Liu, Ning, Wang, Han, Niu,

Gao & Sugiyama (CVPR2022)



Co-teaching 38

Memorization of neural nets: Zﬁ;ﬁ‘; otal &'@'ﬂggg]g

e Stochastic gradient descent fits clean data faster.  ,° tx_*,

. : © "o
e However, naive early stopping does not work well. o < *

“Co-teaching” between two neural nets: o

e [each small-loss data each other.
Han, Yao, Yu, Niu, Xu, Hu, Tsang & Sugiyama (NeurlPS2018)

r
|
|
|
e Teach only disagreed data. () |
O
\

Yu, Han, Yao, Niu, Tsang & Sugiyama (ICML2019)

e Gradient ascent for large-loss data.
Han, Niu, Yu, Yao, Xu, Tsang & Sugiyama (ICML2020)

No theory but very robust in experiments:
e Works well even if 50% random label flipping!

rrrrr
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Challenges in Reliable ML

Reliability for expectable situations:

e Model the corruption process explicitly
and correct the solution.
B How to handle modeling error?

Reliability for unexpected situations:

e Consider worst-case robustness (“min-max”).
B How to make it less conservative?

e Include human support (“rejection”).
B How to handle real-time applications?

Exploring somewhere in the middle
would be practically more useful:

e Use partial knowledge of the corruption process.

40



History of Al and Future 41

Classic Al: Neuro-inspired Al:
e 1960s: e 1960s:
symbolic, logical Al 1-layer perceptrons
e 1980s: e 1980s:
Expert systems Multilayer perceptrons

Statistical machine learning:
e 2000s: Statistics, Bayes,
convex optimization, kernels ’
Deep learning:

e 2010s: Stochastic
gradient, gigantic
deep models

Next-generation Al:
e Integration of elements
e Human-like Al?




Next-Generation Al 42

|Is Human-like Al ultimate?
e Future Al needs not be autonomous.
e Future Al may learn together with humans.

Fashion show at UTokyo in Mar. 2019
(with Prof. Aihara and Emarie)

Human

Al
Generative Adversarial Net, .
designer

Neural Style Transfer

Al needs to be inclusive
to human society:

e [echnology
X

Human creativity, H -
I e

Cu Itu re y dan d eth ICS. https://www.fashion-press.net/collections/11 006




