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Machine learning popularity

Interest over time Google Trends

@ machine learning
Search term

Jan 4, 2015
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Image classification

ImageNet Classification with Deep Convolutional
Neural Networks ~

Alex Krizhevaky llya Sutskever Geollfrey E. Hinton a : r
University of Toronio University of Toronto University of Toronio -
kriz@lcs.utoronto.ca ilyalcs.utoronto.ca hinton#écs.utoronto.ca nd

&R

Abstract leoparc

We trained a larpe, deep convolutional neural netwaork 1o clasufy the 1.2 million
high-resolution imapes in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classcs. On the test data. we achicved 1op-1 and top-5 error rates of 37.9%
und 17.0% which iv considerably betier than the previous eate<of-the-art. The
ncural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which arc followed by max-pooling layers,
and three fully-connecied layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regulanzation method called “dropour™ | ] seat balt
that proved to be very effective. We also entered a variant of this model in the A ice lolly |||
ILSVRC-2012 competition and achieved a winning 1op-5 test error rte of 15.3%, I hotdog
compured 10 26.2% achieved by the second-best entry

5,
il

Q012

PERIMETER
SCHOLARS
INTERNATIONAL

Pirsa: 19030053 Page 4/35



Image classification

https://github.com/tensorflow/models

toaster (score = 0.99288)

space heater (score = 0.00071)

iPod (score = 0.00034)

printer (score = 0.00024)

pay-phone, pay-station (score = 0.00016)

mountain bike, all-terra of f-roader
picket nce, paling (sc 0.01216)
bicycle-built-for-two idem bicycle
disk brake, disc br: ore = 0.00
sleeping bag (score = 0.00307)

(score = 0.80

tandem (score = 0.00893)
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Image classification

https://github.com/tensorflow/models

borzoi, Russian wolfhound (score = 0.46677)
quilt, comforter, comfort, puff (score = 0.06664)
whippet (score = 0.06200)

sleeping bag (score = 0.05488)

Cardigan, Cardigan Welsh corgi (score = 0.02153)
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Image classification

https://github.com/tensorflow/models

barn (score = 0.19133)
planetarium (score 0.12688)
dome (score = 0.06614)
church, church building (score
score = 0.03211)

0.05428)

library |

movie theatle movie theatre, mov
t, mating house, eating place,
38, 0.03705)

0.03526)
0.03506)

um b 14
L\sScore

palace (score
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Mastering the game of Go with deep
neural networks and tree search

Diswi Wltoes ™ s pisng, € vy § Masddinge, Arfhur Case |, | aserest Lilre, Lanmps wan gaw [oeva e,
ki %y , by , Vet Mare Larcist, Sarder [ueieman,
Dyl Cirms, Aty Abirmy, 0] Wk Pilrourn, Ty Stk | vl | AL, Ml i L B,
ont oy Kaung prpa, Thiwe Grarped & Demss basaat ®

Mt K70, ARL_ABY (I8 Jarginry ML) Bacwind || Nowsmiher 1018
dm ML AR R i LG Accaued B4 laswary 2016
Favarrsbant ( nminm Puninnan 1T lamuary 116

Abstract

“The game of Go has lang been viewed as the most challenging of classic
pames lor artificlal imellipence owing 1o its enormous search space and
ihe difficully of evaluating ard pesitkns and meves. |lere we
inlroduce s new approach Lo compulet Go Lhal uses salue neiworks’ (o
board § and olicy A 1o malect moves. These
ey uiTa] retra ks mre (i Doy @ norwr] crmnbeimation of superrsed
bt il e Dusthian & el pames, andd reimforcement learning from
games af aell-pley. Without smy kakahead search, the neural nerworks
play Go st the level of state-of-the- art Mante Cano tree search
progh st Late L s of random games af wll-play. We
wlen britrodluce o rew search algoriihn (het comdsines Monte Carlo
sirmlation with walie srd pedicy retessbs Uniog this search aiperichen,
our program AlphaOa achieved a PN winnmg rate againg cther o
programs, and delesid ihe huran o by § games.
10 1 Theis b8 O firal Uime (hail & commputer program has defemtnd &
human profeasional playet in the bl -staed geme of Co, & fest previcanky
thaught 1o be st least & decsde sy

AlphaGo

AlphaGo seals 4-1 victory over Go
grandmaster Lee Sedol
DeepMind's artificial intelligence astonishes fans to defeat

human opponent and offers evidence computer software
has mastered a major challenge

Steven Borowiec
Tue 1S Mar 2016 1012 GMT
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Self-driving cars

End to End Learning for Self-Driving Cars

Marbuss P jarski Dravidle Diel Teuta Miankel Dwarakewakl Ternbard Firner
NVITIA C HVIDIA NVITIA G MNVIDIA Crwpesration
hashimaike, Nlm“ Wl mli | \l arras Hlalimikal Nl T Mslmsled, N1 (TTT18

Thent Flepp Prasson Coval Lawremee 10 Jackel Mathes= Moenfert
NVIDIA Cony NVIDIA NVIDIA € NVIDIA Coerpe
Hakawlel, NI 07T Haslrmakel, N] [LiRAL] Haolmuiel Nl [LraL] Hashomselel, N (7703

Urs Muller Jlakal Thang Xin Thang Jake Than
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o] smpersmpty prewerful Wik minimm raming dats hmmq:;‘l,ﬁ- Figure 8. Bleck-ciagram of the drive simulaior,
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Language translation

Google's Neural Machine Translation Systern: Bridging the Gap
between Human and Machine Translation

Yonghui Wu, Mike Schuster, Zhifeng Chen, Quoe V. Le, Mohammad Norouzi
yonghui  schuster ,zhifangc,qvl ,mnorouzi@google . com

Wollgang Macherey, Maxim Krikun, Yuan Cao, Qin Gao, Klaus Macherey
Jeff Klingner, Apurva Shah, Melvin Johnson, Xlaobing Liu, Luknaz Kaiser,
Stephan Gouws, Yashikivo Kato, ‘Taku Koo, Hideto Knzawa, Keith Stovens,
George Kurinn, Nulinnt Patil, Wel Wang, CLUIT Young, Jason Suuth, Jason Riesn,
Alex Rudnick, Oriol Vinyals, Greg Corrado, Maccluff Hughes, Jeffrey Dean

Abstract

Nrural Machine Trapslatkm (NMT) b an erdtomemml bwevbng appeoach for antomntod translation,
with the pedential s overremne masy of e wenbineses of comventional phirmees basd tronalatiom eystoms, | ] “
Uiilortunately, NMT systeins aie kiown 1o bo comiputationally expensive both i training and in tramslatom
nfevence  sanwlioes prohilitively so m Uhe case of vary large datas st sl laige nendels. Severnl sl L CPATS S
have abe charged thiat NMT sysloms Lack rloost s, particularly wlen upul salences cntaim e sors
Thesn imstion have hindered KMT s use in practical flr_lilrw'r"nl_q vl wrvices, where bath acetimacy amd Figeme . Wistrgrmem of sarbo. by-cibe s s 500 sl et forem Wikigmalin msnl noes. e buiton o o
wpwed a6 casemtlal In this work, we prosent URMT, Google's Neural Machine Translation sysiem, which tvpieal lungreage puir, b Coglish —+ Spumists (PTAT b, COOMT sed, Thmman orunge). 15 cum lee ssem Ohst
attempria 1o address many of these s, Our mode| consists of & deep LITM network with 8 encoder Uhere b wide Abirilation, b s, e for O bemas iramerion whe rstod by ot s, s
wol W lemlon Layrrs iming reirdisl evpes b an well o sttt o omections from e deesder netesek s ey g i o 1 b o A GYMET. s s s sttt U PHMCT:
Hos Lhe evsesuber. Tis dnvpreses pesrallelion and therefore decrense training tine, our stteam mechansom
commeets (e bottom laver of the decoder 1o the 1ap laver af the encodor T socelerate Uhe fim] translation
wpoml, we employ bow-prechsn sritl during ik o Lal To hasalling of raie
wurds, we divide words lito s Lnsite! st of commmmn sulswurd units (“wondprecs) fo botl inpul aml
omript. Thin merthuad prewides 8 grow] halance between the levibility of “character “delimited medcks aml
the eifickoney of “wowd“delimited models, naturally handies rranslation of rre wwwds, and uitimately
mprenes the overall accuracy of the system Our beam serch techinbque emplovs & lengthenormal g s
povcedire niml wes 0 coverngn praally, which snosinages geosralin of an outpin stes Ul bomest
likely Lo comew all U weordds in U smroe seteme. T directly opiLimisn Lhe translateem DLEL sarm,
we romvmder yelinimg the models by wsing reinkeoooent earmmg, but we fouml that the improsemnens
n the BLEU seores did uot reflsct in the buman evalustion. On the WT"1 1 English-to- Fronch and
Euglisl-tis- German lsenclhmarks, GRMT achirves comjetitive resulis 1o statel-Us-art. Usiing & human
idhe Ioysidhe evmbuation o oa et of bnlats] simple sntemoes, 1 reduces trandal ks orrers by an average of
GRS, commparedd to Conogpie’s [iirmse hase] [wisdiseTion system
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Ehe Newlork Times

The Great A.L
Awakening

Hew Google used artifizial intelligence to transform Geagle
Translato, ono of its more popular sorvices — and how
machine learning s polsed to reinvent computing Itsell

Y GUOEEM LEWIBERAUE  (IC 14, 2018

Translation #1: Translation #2:

Kilimanjaro is 19,710 feet of the mountain covered with Kilimanjaro is a mountain of 19,710 feet covered with
snow, and it is said that the highest mountain in Africa. snow and is said to be the highest mountain in Africa.
Top of the west, “Ngaje Ngai® in the Maasai language, The summit of the west is called “Ngaje Ngai” in Masai,
has been referred to as the house of God. The top close the house of God. Near the top of the west there is a dry
to the west, there is a dry, frozen carcass of a leopard. and frozen dead body of leopard. No one has ever ;
Whether the leopard had what the demand at that explained what leopard wanted at that altitude.

altitude, there is no that nobody explained.
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Generating art
https://deepart.io/

Step 1: Upload photo St92: oose ste
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Generating art

Robbie Barrat
https://robbiebarrat.github.io
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Computer-generated people

https://thispersondoesnotexist.com
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Medical diagnosis

CheXNet: Radiologist-Level Pneumonia Detection on Chest X-Rays
with Deep Learning

Pranny Hajpurkar ™' Jeremy Irvin® ' Kaylie Zho! Deandon Yang ' Hershel Mohta '
Tony Duan' Dabsy Ding ' Asctd Dagol ' Tlatiyn L Nall? Curtis Langlots ' Katle Shjpaoskays
Matthow P Lungren®' Andrew Y. Ng'

Abstract

We develop an algorithm that can detoct
pmentsmin lromi cliest Xevayn al a level ex-
cociding practicing radiologlats.  Our alge-
rithini, CleXKet, b 121 Dayer convalilimiml
neurnl network Leained on Chest X-ray 11, eur-
rently the barprst publicly wvailatde chest X-
oy dlalmsel, comladinng over 100,000 [romtal-
view X-ray images with 11 discases, Four
practiclug semdemie radiologista annotale a
st st on which we compare the perfor
i of ClinXNet (o Uinl of rmaluodoggisis
We find that CheXNet cxcoeds mverage ra- ChaXNet
okt et st o e F1 netre. W 121-tayer CNN
extomn] CleXNet 1o detect all 14 dissases in
Chest Xrav 11 and aclhieve state of the art re o‘ltwt

wults on all 14 disoasos Preumonia Positive (25%)

Input
Chest X-Ray Image

Figure 1| CheXNet is & 171-layer comvnlutional neural net-
wewk that takes n cheat Xoray image s inpat, and oo s
the pwbalility of a pathalagy. O this cesmple, (e Xnet
cvarem Uy derlovtn puounumis s sl heslios arses in Us
imsge st il icative of the petlsdogy

2017 s
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arXiv:1711.05225v3 [cs.CV] 25 Dec 2017
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Machine Learning for Physics

narure \.Q

COMMUNICATIONS

Accelerated search for materials with targeted
properties by adaptive design

Dezhen Xue'<, Prasanna V. Balachandran', John Hogden®, lames Theiler?, Deging Xue? & Turab Lookman!

Finding new materials with targeted properties has traditionally been guided by intultian, and
irial and error. With increasing charmical complexity, the combinatorial possibililes are 1oa
large for an Edisonian approach lo be practical Here we show how an adaptive design
stralegy, lightly coupled with experiments, can accolorale the discovery process by
segquenilally identifying the next experiments or calculations to effectively navigats
tha cormplin search space. Qur stralegy uses inference and global optimization 1o balance the
trade-ofl betwsen exploitation and exploration of the search space. We demanstirate this
by finding wery low thermal hysterssis (AT) NiTi-hased shaps memory alloys, with
ThaoMle sCugafey Py ; possessing the smallest AT (184K). Wa synthesize and
characterize 36 predicted compenitiors (9 fesdhack loops) from & potertial space
ol ~800.000 compositions. Of these, 14 had smaller AT than any of the 22 in the
original data st
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Machine Learning for Physics

QuCumber: wavefunction reconstruction with neural
networks

Matthew J. § Doneh'?, lanne Do Viugt?, Anna Colubeva!?, Patrick Husmbeli'2,
Bohdan Kulchytakyy'?, Xinsha Loo®, Roger G, Malka'®", Ejnan Meral?,
Glacoma ‘Torlal*=24

1 Merimeter Institute lor Theoretical Mhiyslen, Waterloo, Ontario N2L 2YS, Canada
2 Depurtment of Plysics and Astronomy, University of Waterloo, Ontario N2L 301, Canada
3 ICFO-Tamtitut de Ciencies Fotonlques, Darcelona listitute of Scienco and Technology,
08360 Castelldefels (Rarcokina), Spain
4 Center for Computational Quasntum Phywics, Flatiron Institute, 162 5th Avenua, New
Yaork, NY 10010, USA
* rpmel kolhurwalerlooca

Decomber 27, 2018

Abstract

As wo enter a new era of quantum technology, It Is Inereasingly Important to
develop methods to aid in the accurate preparation of quantum states for a vark
ety of materials, matter, and devices. Comp ional techniques can be used io
roconstruct a state from datn, however the growing bor of qubiis d 1

ongeing algorithmic advances In arder to keep pace with experiments. In this
paper, we present an opon-source software package called QuCumber that uses
machine learning to reconslruct a quantum state consistent with a st of projec
thve QuCumber uses a restricted Daltzmann machine to efficiently
roprosent the quantum wavelunction for a large
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What is machine learning?

“Machine learning is a field of computer science that uses statistical techniques
to give computer systems the ability to ‘learn® (i.e., progressively improve
performance on a specific task) with data, without being explicitly programmed.”

hitps./fen wikipedia.org

“[Machine learning] is about finding out regularities in data and making use of
them for fun and profit."
L-G Liu, S-H. Liand L. Wang, hitp/angleiphy github.io
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Artificial neural networks

arXiv:1609.02552
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Larren Hmvwnre] Seevenm

T PIRIMETER Machine Learning for Many-Body Physics
SCHOLAR

Homework 1:
Blog post and presentation on
(PHYSICS | MACHINE LEARNING)

Due dates
Fralay, April &, 2019 (1opme clinee)
Friday, April 12, 2019 (blog post and presentation)

The alijeetive of this honesml nssignment is 1 wiite a blgeatyle artichs aiud gre a fivem
foreseritatbon abwait corrend Wead and resoarch st hin e intersect lon of phivales swd mschine lean,
g

Yo emn el to write sl present aliont reoent ek dome by ot e researchiors, o yon s evmse
wp with your own kbess for litordisciplinary research coulrnlng plivsbes and machioe learning (s
seborw for ausomre bnfom ot lony il sugmestions | For tse stmdents who are writing teir '] ossay on
Rarpubess welaton] Vv omar hiowe lewemdogg, yomn iost. clwsse m diflevent Gople for this assbgriomsent Yosn pinst

norin Lawren of your topie Ly hthv April f, miml emeli st denl st elusose n dillerent topie The
T

target siuliewwn ko vt article e bt whambid b wonr classmates within ths s

Mg pas

Your article sliould bo at least 1000 worda in bemgth, sl you are eneaursged (s lneorporste crenllve
vislisntimm moid mulmstions. A PDF age of G article ne well moall decuments regquis)
woerale |1 st bo sulanitied in o single ZIF flle by Friday, April 12 For lsplistion. yeu may
widh 1o yesd through ot on blogs swcli me

o Woips ) //hpaiom] glihul (a/cetegery/art icles hial

® Wripa/feve athe eh/oentant/apes Ll IRtaTaat/ phya/ thanret loal- physics/cotn/sn hial,
& e/ pyehih oo/ poata,

& Wiipn://ealeulatedcontent com [mone pusts are pliveics related)

o Wuipe i/ /danpmind com/ilag (met plosies related),

& hrvpssJlaisuil], pub (not pliveios related)

P rosantation

On Priday, April 12, we will meet st 1303 In the Timo Rocm for the fnal tistarial of this course
Thuring idibs ttarial, yous will give a Do ssdmie presestatan bo s your bog ot ol Ul
nnwwer gueslions from your classnates. You may choose (o use slides and /or the hlackbosyd for
S [ireital b,

Topic option 1: Summarize a recont research paper or idea

A Mhrst opslom vt oy elwee 1 wite atesit roeent work done by other researchers in arthele(s)
andl /or sewvinar preacntachon(s)  To come up with idoas, you may wish 1o leok through reseurces
wtich ms
o Witps //firysiesml giohun . (n/pagen/papsrs. wuml (i of relevant papers ),
o weep //pires e/ (talks within the “Mackiin Losmning Initistie® st 1'1),
o mutp //emline Bitp uesb wiw/enlina/sschinsi® (Lalks from the “Machine Losring for Quan-
trm Maree-Holy Phiysbes” program that reeently took placn at KETT' In Hania Harbara),

wetp //enline Ritp mesb wdu/enline/mschine-ci¥ (Lalks (ran (e conferomee =At the Cross
rewsd o 1Physben and Machine Lesening™ that reeently tooli plaes at KITT In Sants Harlara ),

@ Witp //wsngleiphy github io/talhs Wial (look st talks Do 2017 oiwards),
o yorus e dlimruss ol ley optioses wilh Lasren,

Moo st s of e talks inebaded i e links sl (ineliding iy of Use (ot e KITT
prvmram lalewliedd am “Titerial™) sdddtrss topdes In cither machine loarming or physies bt havwe
(PIYSICS  MACHINE LEARNING) & 0. You must he sure o choose s fople lor whieh ihis
werlap s e

Topic option 2: Write about your own ideas

As anether opthon, yom cam grt orenthve ad write alsast your cen Wess or work, Much of the
remrarch within the lmerseetion of plivises and machine bearning can be divided into tso eategorios.
Thee first cntegory uses eximling techubques (e machie batuiug (o stmly prolileviin in pliysion
(#mch o phase transithons fn sy body plivekes). Derhap vou have dess o saie sress of plrysies
research Uit conikl lenelit [roan usiug mschine bosrnlng as » 1ol The sl category of resarch
tmes mbews (v Usmvlial plivsies (smecls s Ve ol ke aml oosswsalisation group Uery) e
miprewe mnchine learning metheods snd algrithin. You may deselop kbess for I 1o use [ ultion
mal thwary o pdivees v eaplain plemomens by usaclios besrmiug.
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