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WinninG SoLuTioNn 8Y ENNAISENSE

Source: http://osim-rl.stanford.edu/

3. W RIRIEM

ERRBH AR —EHBECENEE . FRKF
RE4% AR P X AN 1] AL

HHAFE, W EBNMET R SGREN L FE 6
7, RETREIERANEAZ—, REYA-—EAEF A
SEI G FEAD T T
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@

JTHHHT
I

—
2]

’-%

_llﬁ EHR4 _L EHR3||*
Eéf;* Ezé_
1 .4 il

MliaRA RN EH KW, ElERART, FEHY
R 5 EANEHHATINEEZ — M B A A hErnt
%,
ERTET, ExERAEEL 18000 Tl KA 7 E&E
BEEH,
0 R E & EAEATIRE, FAR T LB R E £ A
R IR = S
TN, e KR I 48 6 BX #8404 £ ClinicalTrials.Gov
HEHENET G EIRAS L,
HEEWATLE B RT ZNZAFNFANLERREIA
BHENRATRIMEXGELE, §EA#HTHRRETHE,
FEWHAT LRI R .
ROFWANB EEAGERRRIRE ZF A1E. NE
A E E e R R R AR E, AR, Tk
& f I E g
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A, FRFMFELCZ R A HEETREITRIE
2T A 1EHE

FREERZEEFTREBIABRNEERN T, FAAL
BEITEET Fv T e, LEZEKERFATARBEEME

2015 F ULk, E R T WA JTIRAE 22— ResearchKit
A0 CareKit, # By s R 1048 3 &=, @ A2 I 8 2 & BRI

X AE R AV R A RATE R A AR ET N AR,
WA EE £E, BHRT S5 LWHERERS,

Blam, ¥1 5 AMEH mPower MR F, ZEEFRET
MM FSoMEET, ATHAEeRREL, XLE
FERBESE R X EZFHAE,

# 7 A% (Duke University) B9HI X A RFF X T — K 4
A “EBRES®EBR” (Autism & Beyond) BN AR F, £ A
iPhone WY 7 & & 15 % fo B #0R B & % ok 07 & BoR 8 FIE L
E

3 R % 5 Cerner 7 Epic ZF i 1T #9 EHR Bt i & & 1E iR ik
B AR F AL

2018 £ 1 A, &R /5 &4, iPhone A 7 7 DL 3T 417
i iPhone 1 & f F| A2 J7 177 [7] 2 5 AL A4 B9 BT R B T R ID Ko

ZIEe 4 “1# 1Tk ” (Health Records), & A T & &
= 57 471 € 4k Gliimpse BT % 77 i 7€ #, Gliimpse T 2016
FHIFER (Apple) ¥4,

E— N THEWNFE, AFTUKAREFNRAEER,
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BIETH. HHRRIL. £E. TREER. 4. BEFa
B RAE

20184 6 A, FRATT R HEHEN T #EILEK APL, F 7
WETULREEE = AR F0EFHTAREZTHE,
K R B B A vE T T BE T BRI AL A

EERAANTIE R EF I HATEHOY . BELSEW
B, EZEAYRIT PR R @, A LR &,

4. £ B XAFHFA L%

A MEN S REEERELER T —KE T,

PR RE A X 22 ] g o o A 2 (R ?

https://arxiv.org/abs/1800.11096

ERRULTAEG. XEFHEEENEGER &4 K
M L% (GANs) G EH,

(EE: ATAMERRT “RKMF", BETaEE
TR Fask i B, HEIET —MNALHR
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2014 &, BHAR AP ReFEHRERE T “ &R
T %7 BWEEA, BINT “Alfr Al X BE", “HH
Az WL —MHEERE, £R—KEE (htm—H2);
A—MERA R, BERE A LEGHAT BRI KRS £ &
%, EREHARAXTHGWERR L4, 7

X AR T WA G W 4 2 8 AW By RAR B, T AT
MEDE B, EEX T,

e E & B T A8 Deep Mind 89 52 3] £ Andrew
Brock T 2008 49 A 18 HA KM —FE 1 X, %1t X5 Deep
Mind B EMHARA R —R A K MATE—NEFTANEESE
EI% GANs k@ #Z “BigGANs” .

Brock & H F B\ £ AL 3 BigGANs B8 2| 5 — NPk bk 2
Blan, —Huskm “RELR”, BERZ “RE” B% DR
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@ Andrew Brock Follow v

EEmTHETDL, ERFELSEEN
Pl ——— MR ] s E AR ISR
“ET&7 BB, MXTEHENT “R
Z7 M “—” 7 6], {HEMZEIHY)
KR, ERAFE R “84%7
R -

AT, ¥ BB GANs XA A B T E 1y £ Z iR 21T H e
7. T &%k B Fast Company iy — B 5K, MHEE 1T 7 X I
HR BT HREA

X 0 R 06 % IR 45 1 F 40 . Brock £ 512 Bk A Fi Gk &
LB BT (TPU) £RSI2BENEEG, Lhi#EFEiE{T 24
2| 48 /NBY o 4m R &N TPU 2 — M/ NETHY I 3 9 {2 ] A 29 200
R, AF 27 Brock WY 512 F &L o, —/MEJpysLie = DL
£ | 2450 2] 4915 TR/t . ALY FEXEEEREHE 6 A
ARERHEE,

A 71 GANs Bb 46 4 B, A T4 se N B L HHATY &

Brock #y & X H I 2wt LA A £ &8 —5 GAN 4
R o
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¥ F = F 4 A ¥ (Lancaster University). F [E 4t A
¥ (Northwest University ) A % [E 41, 3 & % (Peking University )
WA 2 A A FL GANs 7T & T — NIk 85 5K A 25 .

ASCEH T GANs £ A £ 8 GPU 7 LU 0.05 75 1 B A
ETXARWERIES, GZ ey rEmt R E2ENRE.

g"l? Col oD (‘g \N Cee
(a) Input Baidu captchas

' . “y‘

(b) | SRS ES

Wewl | F oS | 278 | WO

-aiigil)

(€)| mm2x2 s

(d) sz 3x1 s

wWowr | [walg | [\ Vst | [ vorw

(e)| mmmmmmmEsn

kB : lancaster.ac.uk/staff/wangz3/publications/ccs 18.pdf

CMU Bt R A RAEX N “REWE” MM E R+ 4E
A GANs #47 “HE X & ” #4% . & T E## T+, John Oliver
& 7 Stephen Colbert:
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Input

Output

Source: http://www.cs.emu edu/~aayushb/Recycle-GAN/

LR AL ITRA BT % T — A4 ComixGAN 48 %,
T L4 Bl GAN LT 5 B B

CartoonGAN %% (Hayao), c JR4s CartoonGAN %% (Hosoda),

dComixGAN

ARG EZATHE LS (Christie’s) UL 4325 F £ LW K
MEE T £ F i GANs Bk A1E /N d B .
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et J-Wmﬂea:sﬂm.:emu.-wa e

Portrait of Edmong Belamy;, 2018 created by GAN (Generative Adversarial Netwaork). Soid for 5432 500

on 25 October at Christie's in New York: Image @ Obwvious

E &I — B *T GANs 9 >+, Nvidia 98 % A RfE
AT M “ETHEANERSE” REZZTEEE,
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Source: https://arxiv.org/pdf/1812.04948 pdf

GANs TR ZH THIM Lk, IMHHE0H " ENE
e, ALFE s BUE LT A R A & 1F . (/R ET HARD (The Wall
Street Journal) T2 £ Y| 4R 8 58 A SR AR L ARALAT

A AAENYT A, GANs KR ZHE . Hix, 24X
HEEWB LMW AR, GANs EEER T HAVNAANLE &
HrmhN (EZ2NERE “BRexd” #N48).

5. BEF

FAE e ERTFPRAL, AHAKRAFPEENFALE
gt

FNEF @ FIAFR e HE L —— A&
HEFERAMEEAFARNNBAIWRE—F 42T K
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EHHE.

RN ARMBEENREA T RE E, UK AN
REH e, b E AT ERG NEEN T — A2,

IFAan AT 5T A R TE 2017 89— B b S B i B B
AEE, “ENRA4E M P NIE SR E SAREERE AT
B, wmEEFRF LML A, AMIEFI EHEmEAR
| #6 5 Flickr F RS @B 5 A AHE. 7

EXLERFHERT A, SRR,

AU AEFI T EEEEAZANFENRES, EHF
Bt R AP GRS .

Hmez, REEFNLINBEES B L LR F LK
5BBGHREFRERESBEF. MEBHEENRITRA
—— A EWN “2RRAT — R E LA EEWA PR
&

FNERFBAMMHESERAFTRHIMES, HAFL
NEF (LR REHMAFPNEN) HAZEHR, R “2
RRA”, Xx—IRELXEZHAT,
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-\
N JREER — @
/ |\ I
%E%% NS

Source: Google Al blog

AAEE R % N Gboard WY& £ # 4 F IR I 6 F 3 .

EE, ReEREENT RW/MEREF R G I 1 H7 5,
HUHFEEME T X— K,

BEEHEM, XA ENE, BReFI T EFTRTHES
WA E ERAE:

*deJd 57 [B] - (Non-1ID): R 3B & A X R &0 E A &
M, BNFHN (EMERE) LA RWEELE—W. B,
X R A Z AL BE A (IID) "——X 2 H 4
AREZGITEGT EE LR, EFRBREZRHZIEINL,

T —HAPHEMAERRMER NAEF,
ERSFERLMEE. Fl, 26 kK%, EFXFINAEE
YNGR &4k i

Firefox M T 3 6% 3, DA P I s Hr A\ URL = A
HIA R ENHATH T, HHFERN “ABERGETE P xFiz
1T “BR&5¥3] mzE#Ez—7,
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BRe¥Idma— MR E, SRR IXFNEETLHY
A BN T e 47 8] 4 OWKIN IF 42 # F X A 77 i R R 37
BRIy B & #4E . X % # Otium Venture & 71, 17’f3‘§9*”ftﬁ;r\
El W IEGIT BT EEEBIEWEIL T HAT 6 1F,

6. RIEFTEBRAEK

F R MEW %, 58 ARITHEH % F 0 & DURT % L E 1L
WIF B R EE.

MAHE WG TN EE R IEEER, TRRAEST
WA B B R,

RAE 2019 Fx k& (EHAY (Nature) X LW —F®
X, BHARARERT —MEAWEEG LX) g4 #
%, RFHEOME R HE,

ot &I, AR DL A R R OR A e L A A
THEERF Ao E R, T “E—FEE braah, X
il VNN i G I

B, & E Y5 L E 5 4484 ) Beyond Verbal 4 1E,
G E I EFREE, UWRIADEKAMKER (CAD) & T

VEERE. IRAI, YT REFHRFRARIE, AP
7 RIES CAD Z 48 %

4 2 & Cardigram s LA X & A, FIRREF A,
“HERFERICRE RET N LB FENE %
AFBROCERERERMER”. —MEEFTERTACEE
AR fr 7 B9 VE Ay 85%.

—NERXREEw WA ZET £ R A WE K
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Mo
2018 £ 1 A, A} AAT —IETAH, ZEALTETIN—
VNGl R & R e 2 NN =T

Sensor 106-2

Patient \Q‘{:‘Q%\
Mirror
’ 110
(4]
[+
Sensor S =1.x
106-1 ik

Sensor Data
112

Professionals
104

Source: USPTO

XUERELZTREBEERABREN “RAFE”
B OREE R D,

Plam, @R FFHAS T e T, H CHE
G &) B [a] Arix X 2 B By BB &, & 407 LLiT 5 ik
MWK E (PWV) 7,

HE A5 BT DU R A R O MR R AR AT, An sl kB AR E K
1% .
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ZE A HEF T UM T EECZE— MR
A, A PWV fitmE, ”

T B# 7 2014 F5iE T —BUERM By sn W& A,  JF
T 2017 F3REHE, UK ARFAERA (L %
RKEMEE) GOEPHTE ALK,

Blam, HETUREARAANR B &L A, kR
B A e B Ty R 8, A TR E,

550 502

555

/

ﬂﬁﬂwmwwwmp

Intensity

Time

565

/

%fvwﬁﬂmwwvw

Time

514
Source: USFTO

AN T GE & WA B 68 A7 8 Sk 4 o 3 i 7 E R B L
B oK 20 B KRS [ & 48 T 38 %
7. AFERRELAE

RENEFME AT HERAATEERTEE W
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“WEeitn”, afrERZEHER, FREANNIT A,

MEEEETWENeREL “ERAERL” FEA
REF A FEHATEHGAE,

HRl, TEHANLTLERS “BRER”, B R ATL
EEWMNBAEFN, FIOXTHFHAEE, AERZLERELR
R AFRR N H

Mg EGAERANHS, AIET UL FmEt L
FRENeRE. AR, WENESTEEH ENHATHG
A

L e W T Rl ol = A B - P S
fo> 52 B 2 A iy R Fe MR I o

“REFBEBMATIHGBERANKE, ERE A 5 B3
—FREMTFERANERERERTON, FAFETEE
B RE#ToT. B, AERREXEERTUA N
REATWH” XN “AFEER".

— M EEEZEE

MEEEREET 4N “AFEREMAS” (Auto Insurance
Points) By A %4, MANFEF, REEHILEK. HFEIR
MERII[EERER, TEEFFHURAREFS.

AR BN AT A 4 b 2 3 R AR Fn E L 5, {H R
T A RN Blan, Nexar & o Sl K& g TS EATE
R, FHBEWHM L ZE| Nexar N FIAZ T+ . 1EHER,
T F SR IG 5% T LR R 30,

R R P R T AL B R I B, B ALAT A
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fmEHR, LRET A “EFHFII g, ATEEMSN
ERMRENE, FERREFEELERE.

KRBT 3 B WY Tractable 79 £k fo 2 &) ¥ % 40 B 7 £
BHEHELFIARBEEEFG, “ATHR TR gkt
58 THRE R #ATHR, TR R A4

H B A&, Tractable THE/E T £ XS R A FWHM S 54,
i ARFEBEL, WEAR. #ENFAEELNF,

8. BthEm

BRakBERZXH, NIy LM REER
SEBR. ATRE, BAGBAREYTFHERALE
i

MG ERFREINEGRFN, BRE-—NEHHTAEEE
A7k 4y 18] 7L

LSl ERER R wER, UETHAXY
“HRBE,

PERELBRNETE S FEH L L EHL 2018 FF =
ZEMREFESW L 11 KEE “BR7, #H “THExFE
FAME R EFEE,”

“2017 £, RMNEHBH 1070 G 4 EA~ &, RAI1E
HYT 4000 7, XEHEETRTEXEM. R1L
5400 2 N mpEA1E, ERTEHEBRK. 7

— WS LA BARERIATERE R

ERBEENAAN T E SR TES%:
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< TE P AT, R R e M R AR A0 o M BT AT Y E 25 Xk,
Wi LA, AR T

EREZHRF, FEFCRTFREFRETRELNER
XA B IRAT A7 o

M s R ARG EZEEATERN,

RTBHFELMECEHAMMBETHERE 7 EME
iz #it. ERE, MECEEEMNAREF I FE
HHEF 6 EaiR = AERAAT A, EREGRRA kL EH
G FR, FEIECRA, L e kEMes~ &G
Y G AR E

TR E RS R S| R AR A K iR A E
EEBMSE LHEBRRK, AT LHERRK, HE
Instagram ¢ 44 2 4K P 35 - 38 7 B 1%,

L— N R A, BB s K R T E
B R AR E

REALT B & Z AL By 47 6] 2 8 Red Points 1E 78 4 F /L&
FALAAH WS, FREENESAT A, FENHE FEH
MRERFHREEX., REFREMER. FEFR. ZF
R & AR AT, 3% MVMT. DOPE # Paul Hewitt.

aHxHAET, RABESRERT, WEFEAL,

YIFE—N_FEEFEHEN LEHE, 5# 2 L4
FX 70, RIERBRETFE-—NER T XN AHATEN
Y, AEanFE. AR, EHEES,

L2 eBay i A BlIRIHER EXERE N EHBETF
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R BT B %
Markup for authenticatinga $1,500 handbag

20%

ebay dP POSHMARK

30-45%

The RealReal

ErEE “HBERR” 3 “3A RBE” 0L, AREK
JUF & e AT XA,

AL —AMERAE e ECE R, RECEATRARAE, FH
GANTIEREEZRDHER, T MEHWMLE,

gl A 5 Entrupy 55 £ X A1E, Ziax T — MR %A
ERABEE, LEEZI)INHF. I THREANEEZERE
W, X—iLEE wiH

Entrupy 7T A T — M A L EZRHRFNLLWEEXD
M

LYHRFPHEFLEmR (FR, FX%5) WRAH, A
T REE ik 20 T B 5 @ 58 I AONARRAE, FEAR 38 Bl Ao
FLSE 7= i B H0CYE B A H AT B0k

BEEELBEK, ETHLLEFT —ETZENT &,
Entrupty & & H— & W R T — L2 2 iy 28 1E Uk A IR
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RpET, GHEREANRELTE GERENL, BRI
HYAAAR £ 77D A, R AT AL T ik 38 B 4 b R A
AR AFAE

HR, XIEATRAERTHRFERRTER (L
T Entrupy 87 2 HE Tk te M EIH R TR U E RO,

B —
-
5
e

\ -

entrupy §

2 M 28 1 AT R BB LK BTNl ST E S GETF R Bl &

Cypheme KB T — 1| 09 77 &, HE T AHBH AT
FEAMREES & £, W EENEFEMEE L,

(HZ T MF# ) (Nikkei Asian Review) T X XL & &
PATEMX T FFANAT X—FA: —FAHER—MHE
MR . Cypheme #= R H /5| 8 XX — A ATAE R, T
A MR R R BOE ey R T e A KR,
FERERFINERG L mE N TENRA, REZIEE
B iE 4 P dn B9 ACER A R

® Z & Cypheme S0 5 & HE |3 B B & A 1F, LR
P G IRER A — A B, 1%/ 8 w5 BN AT e i &k
& AR Packaging Z i 7 &1 X %, H# 586 F|4 (Unilever)
fuge & (Nestle) &8 & A1E.

BAEE EWKENT LU BBk BRE T fr g
Hek FE &, EXWEATERH]T = FXEIAE,

Bl , R 7 LLE Cypheme AT & £ F R oy w2 £
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FH, REAZEZABHEIN L#HE, EXMHELT, B
MEAEMRETT AR, REKNZF B REHN—H 5
MTEC@EAEmERNQEEFT R, KROERT
ZVREAE, EAFIG A YR m R A SO I dE R T 48 A,
F 38 3Tt 7 FE AT H AT IR BE
9. AAHKEE

R —KWE, WEFAENRE, REASE, LT
“RAE” BENEATH. ATH T ULKEHEN Y
?,ﬁﬁﬁ%%%im%ﬁo

ﬂ m' 3 \. \g i

JJ‘J ﬂ#w;‘ ": .f

F‘.mazon go | | : amazon

\N“ES h"]t”"ﬂﬂY‘a,
(NU ssnmusm 7

.........

o .' ..;".-."'.-‘. 7 ;,f/ " ) ':i-l' /g 'll &)
Amazon Go B 7 /-4 kit 7& NV 2 B e

ol

TEHREWAKARMEMEET L ERL “IANRS”
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(tech-as-a-service) HY/-FT1TXI, W E—E X HIizfE. &I
R RTF O, REENR, EHERE. BEN. HEMN
Ww AR EF ] E ik, FHEINERAEIRNE®.,

FrYE A% (Standard Cognition) #2 AiFi %5 47 €] 4 b 31 &
T XM, FhiL TG # (Amazon) B EME EFH#HZE,

MNT ‘T RA” WEERY, eI 2 mIEA
Ji - SO B IE 7 B A

R = [E T E 8 4% (National Retail Federation) %[
¥, 2017 4, @ T B JEAT A0 X 4 8 1R 5 J7 B 1 Ak 1Y B 47 95
%, BEEZTEFH LT 4470 10.% 7T,

“ha s aIEE,” el E AIFi WER G Rl AR E B
PATE Steve Gu EEX Al B EX TR KET “2T A"
BEE BT A,

| Bl ik, R Amazon Go £ @ W& LI T m 3,
B2 iy S 40% 2| = 15

YR w g N E I BB e, AN JEATH R LR R,
2P R &K

T 5# 4% 7 E </ Prime & R &E#/. 2B @ 4L,
BT B9 Go B & # X [R T Prime & R . it Kindle & JE & &
ERE, MuNRTTH, AR T FIEKRLE,

MEBN R E . EAE, & F2 UK EEE TSN
M TT 98 2 5 2 T E A

Steve Gu £ F] —#FEX F B, AN EE TRLHN
AWM ATRE A “2T A" Wk, AABTHIARE
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— Ay SR
ERIRC SRR R e R L CRCRE & s e i

XA GFEHEREFR D FEIF, ik #4818 5
POS HL4 % .

& [F iy 2 K A4 (Yitu Technology) #1% 2 (Toshiba)
R B AR, REFE A TN &k
4 B

7 A % 57 B B A M BUOR T B AEBN AN AR, DR B4
EREEA,

Amazon Go B J& BT 1 2 & 1800~3000 F # & R, 3f
ERHRENEGLBEZ/LTE—ETWARER =N, Az
T, FHRBTHEMRTLL T FHFERKE S,

Amazon Go [& T % #& & Sk #AT R A 41, 107 Bt
tRRXTEERRE, BERRENFREERR, IR
B Fo L TN B

—BEEELRNEER, WAFAKEEE, LEE2E
ANOEENET, UWHRERENLKE T REMLE, FATEE
AR &

MEHRE IR B EEF AN ERER
REBBA, BN NEYHFRNE— MR T RSEE R, &£
FHERBREATIAEN. BEETL@RFTHRT R T R,
6t 2 H A 2 8 B T s A

FIR 3 55 7 2 DA T AL R AR B . A R KR R
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< (SIM/L) An 6 B2 2 2 9T & HF W= R B9 R R = e =T 7E

STANDARD COGNITION AlFI

Single grabs from shelfe

Standard Cognition has partnered with AiFi reportedly has around 20 retail
Japan's CPG wholesaler Paltac Corporation clients in the pipeline

BARAA 2 F] AiF AGE R IR B9 i A Al B, DA
B fE B2 Fn g L #04H A&, 18 Standard Cognition = # ¥ 7 &
W E R, RARENZNT

Standard Cognition & #1 & H & & A ¥ CPG #t & & 18 /K
# /& (Paltac Corporation) & 1E, f£ 2020 &R Rz o
Bl A 3000 % H AT ERBEMRE. ERE, AiFi 298 20 XF
EXFPINTEHESE 22T, BFAEET aRANAN—XK
BT EH,

EREEA, A AR T2 T E SRR RS ik B F A
AR A, URCEE B AR S A X R A K

10. B& B2 aahik

ATEREEETFEN, BERENSAERBAE
H A — AR K ENES.

Boit “EeES” W e M AT R, XBUATAT
A An 7 F A2 . Dl SRIRE A, ¥ 2 iR AR 8 LR R
FREHMABRLZHE, XL ODXAERDEFH, BEE
MTHAMEUE R MFEFEREILTEREERET &
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ERELE (HEHERIR, A&, 5O FE) BRAT
L8 k7

A—FE, BANAFERE, EFEXRARERAR
A e — & ) 1F B3k B

B2 TR eE 14 8 1 F 2 B EX A £ T ML By TAE

A ARE BN (RPA) £ — PRI ATE, fH8E
EMEeIEHEELEN, FETUHINEA BT K. 1B
&, EATEG—#F, & —MEET AEERNZH A,
FHNBIEF T FEF—RIEFH B

B | 5 RrReA ERE 18 EE=FEMRAEIFELW F AT
M4 — (S PEIRE] “RPA” 5 “HLEATEEZL”

o _I.-I-IIIIIII|
201

SKiE: CBInsights Iz iR FEEGIE

100

BATEAN RPA #MAEET ML, EER £ A4
HGIRAfiET A EESBMERTEF £,

1 4m, WorkFusion E ) 7% & /5 s 41, 40 7 ## & P (KYC)
iR k% (AML) Mg,
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UiPath iR & B4 2 38 700 AW E P H, H
4% DHL. NASA fn E L, WHE N4 52| 48 2] FE LA
j’r\

=

Automation Anywhere 5= RPA 4388y 7 — M A &2, %
NEH—NEOARRHEH, 5 —XAHWBATELT &
X ZR, NANEFIZAAAFREEEZGNH., “1IQ Ml
AN WNERESZNMERMZHEEWNRETRIGER, FEEK
&, REEBEEBANAATREERTR,

R RPA ML A B A FE L F, E1F £ 4T LRIRI I 46 52
AR, SRR A, EHMTR, HITN 54 EZ 8
FEHATERF N,

11. EF8E

EEHEWERETAER Nk, WE—AEATT
RETINE. ABHEATEIRX—EL,

ETHENEEHELZ - MTHFETRANEANS, LA
TEENE., &P F. FEEERUZEMATEWE 6 72
HEWEH,

ROEEER, FEHFIHHFTN, RUTHEHGR
HAL, A DAL A 40 A B EE .

Unbabel % — 2476 5| EAEFERA “AEERE” L&
FR5, BAEN IR ERIGEE, LR E B RS
%R T ET

J T &30 NLP H JUA R flan, RIXEWERES
REFMRE A, H 130 F 05 30 fF 5 HiE.
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] GURE S B T

NF L AT KT —

& AL

SEEF RN, —MERAMEPNEREERRIT 7 *

WH FE. —FF,

\

TA,

B AT
i%%ﬁ%ﬁ%ﬁi%ﬁ:

R R, i)l g
g N/

FLHFENL

BHART BOOHE, AT AHER

Z 3K /R e f & F (Sundar Pichai) 7£ 2016
“X—RPBFHHATAEFE
H T AR S A B
AHEmF L EETHIENILER T (PBMT) £ 4,
RETHFNETHEHE 2% (GNTS),
BAMENBZHFATER R TSR, EhFE—&

o A By 5 B AR A T R, LR

AR T MR R A ey Bt A, R T A
TR B BB S T W H %

B, vEIH

Language pair

Input sentence:

Translation (PBMT):

Translation (GNMT):

Chinese->English

20155 5120164,
LABEFERER
5 EHREBM.7H
Z%m, BERX,
HRZILEME, 8]
HEFEEI1870{2%
TT.

2015 to 2016 , the
total amount of
credit card
transactions in Asia
Pacific will increase
by $ 1.7 trillion , the
largest increase ,
followed by North
America , growth will
reach $ 187 billion .

2015 L’ 16, the
largest increase
followed by I‘\iuju-'t!"-
America with § 187
billion

Chinese->English

10046, FMEIA

BRI B AT VAR
THEBRARALE
EZWVIEI P

100 years ago, the
prediction of
Einstein's
gravitational waves
probably can not
imagine humans can
directly observe
gravitational waves.

1(![! years ago

ma nLIJ
mnﬂ n

waves

Source: Google Al Blog

RTREANAEFACERZRT LB R Lo ERIAW
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’k B Facebook.

RIEXELEL, “MEEBENLPHWHARALEFES
RiEs, wdiE. Mafaid s ErBRINEE, :@*‘%’TXW%
DB (EE RR R,

MW Z T, FATF ] 93 M 1 FE 5 8 e ko 7 i,

XBEZAEREHFZNEE A ORRKRIEST, ”

/

Details Training Tatoeba Error [%]  Tatoeba
ISO3 [SO2 Name Family Script Lgfng B en — XX XX —en ‘eﬁ’fzft
hye hy Armenian Armenian Armenian 6k 59.97 67.79 742
bel be Belarusian Slavic Cyrillic 5k 31.20 36.50 1000
mya my Burmese Sino-Tibetan Burmese 2k n/a n/a -
dtp Central/Kadazan Dusun Malayo-Polynesian Latin 1k 92.10 93.50 1000
khm km Central Khmer Khmer Khmer 625 77.01 81.72 722
cbk Chavacano Creole, Romance Latin 1k 24.20 21.70 1000
kzj Coastal Kadazan Malayo-Polynesian Latin 560 91.60 94.10 1000
cor kw Cornish Celtic Latin 2k 91.90 93.20 1000
mhr Eastern Mari Uralic Cyrillic 1k §7.70 91.50 1000
ido io Ido constructed Latin 3k 17.40 15.20 1000
ina  ia Interlingua constructed Latin 9k 540 4.10 1000
ile ie Interlingue constructed Latin 3k 14.70 12.80 1000
gle ga Irish Irish Latin 732 93.80 95.80 1000
kaz  kk Kazakh Turkic Cyrillic 4k 80.17 82.61 575
Ifn Lingua Franca Nova constructed Latin 2k 35.90 35.10 1000
oci oc Occitan (post 1500) Romance Latin 3k 39.20 38.40 1000
wuu Wu Chinese Chinese Chinese 2k 25.80 25.20 1000
yue Yue Chinese Chinese Chinese 4k 37.00 38.90 1000

Table 2: List of the 18 very low-resource languages included during training of the proposed model, along with
their language family, writing system, the resulting similarity error rate on the Tatoeba test set, and the number of
sentences in it. Dashes denote language pairs excluded for containing less than 100 test sentences.

Source: hitps://arxiv.org/pdfi1812.10464 pdf

7!

fEE ABBBEAABRERANFRREHMFER, HUE
fEE R aER, BATWE N A2,

12, A %3E

ENHAATEEHE, HRAE, FRENKEEZL
B, EXMBIET b2 MRk A

AI%%%%%%%W%?%A%%%,W%K@%E
FIRR 17 Bl AR AR AE X BB 5 48 2 7 B BN K& B A A 3T KR

EERY, 7R K E LR EAE T T AT,
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VERERAFE NG, NWEEHBREAFRLS TR
AR EIL, A RIER e A PE T 34T AN A F Bk
Hok, EHREZHERE.

R A B R AR TE B Y R Z

2018 43 A, AFRELT —FETZHENEAEHR
REAF B, 4 % DRIVE Constellation, H #1723 /R E /£
FREETUEREMIAEENFATRERTCEE, BEARAEE
W— X W EEE—MERTe, E9F BN A, ik
B ERAF LH.,

BE—TEANERAFETRTATYR. FEHLAWHIT
ZENTAEFTHNHEECRSE (LT GELRBLFL) &
RBEMH T2 AN AEMN. & EREHER AT EMN,
TTHENRGEEREE TR RE, JFmEUFH
R E A Ao

— MR AESZEAALS
¥ YEEZ” e R EGRIG ALY Rk

Bltn, FEFILER £ RESHNE (GANs) KA1 &
il e 8 Y B MRI A%

CRERU, RUERINEFIEEFREIBE
WA ARERET —MNEEWBRTE, XHAREKS A E:
WEZXIANK EZRMK, UAXAFEEFLESTTNRE . ”

——EFRFRLX

u

REAC S, RA B A& K
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Brain atlas - BRATS Brain + tumor Synthetically
(inferred) label (merged) penerate

BRATS -T1

Merge Infer (G)

. Label-to-MRI

Tumor label - BRATS T
(provided)

1) No change
2 Shift location

Brain + tumor Synthetically
ARNI-T label (merged) generated MRI
Infer (G}
. Label-to-MRI

Source: https://arxiv.org/pdf/ 1807 10225 pdf

GANs # &k “¥ 77 AEMRONEHE, REEREATL
BT DR A R R UK E LTINS, ATRA
IR, ELHUNEESR

MABEAEAZE R — DT UNEREE & KEKE T ®a
R % H4U

ER—AFEWNES, HNEANMBATE. 2016 4, &
A RARERT 14 X NEFE, 525 wfilE
TREEIE. kA 14 MLEFE R IRA KT = B H BE
BHARNG— M LWL, FHNEAN “2FE2%7 FHN
B 26 &K

BRI, BHFE 80 FRIMEZIK, “HL THE
A 3000 /NEFESSRS] T, b EE “E B BE ROALAT A BV IT 3R
77,
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BRI ——1L 2 E A E WAL & A E U E T 5
— A IR A L A

Hep— MR ECZEANT R (M EFERFABEN
ENFRKRTREEIL AL F). 2017 F, HFHHHR
A FF B AR RS % (GANs) REF X — &, KAAR
DTGB APT R EZERKEE

BEBNEAFER
RIE R ER

Source: https:/farxiv.org/pdf/1709.07857 pdf

% ALReverie X FFHy 86|\ v 8] EETT X FE-F &,
A FRAT I A3y = = R TE &

WEE AN Y A, AR A AT g 3o s I
LR, BRI GEAE R R T E T A A B AR SRy N AL
a] I A

B A
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1. 3BLFE

MNGE LB ERRBERFEREFAEE, FEHRA
THEREBEEE, ARAREERABRBUE ] RRB AT, (B
AEHM M AEHEENTF KRG T LR .

Y A8 Deep Mind 87 Alpha Go £ £ 2 11 B A e & X
TEEMELETFR SR EER, BUFEIFET HERE
Y K VE

BUNFEJWE S & IRTFEXRBAT 24T 504 e 38 B IRy
E AR I 3k A% oA B B4R 2

Bl A X M 77 vk, S S AL A A B R A
To

Deep Mind #Y Alpha Go =47 = £ f In B % 3] (£ %k B
HEM AR KB RNGEH E) fmbF] (ATFaA
FLE T #HATI S,

Deep Mind fa % % i T Alpha Go Zero, 7 = #f £, 5L 3,
TREANKERE, TefETRMFIINEH RN (Rt —
AN KA E T

=T, MmN KFETA SRR A RF T EAA
AnaE 5 3, M YouTube #LA F H T 2 HH EH T 1T EMN
AR A e L Z AR Fwsh B, M AFEFHTELD,
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WA F 3, BEMAY T DK B T e R A BT Y
I, i, wF YouTube A F I — % B F & T H E#
TREE#, X MEYWAET LURER G, £ FENY
T HEZE#.

RAER T b gy dt oF, B 3 0y 2% F i,
HAGEEFIMEN, FEAENHRE, METFFIZ LS
RIMATHA TE R R

“URER SN EFNER, FE (FTRAWEY
FiE) FHEFLARTH....BELEIE—FER, X
MEAF, RANXERES LYW ERHEIRLAR,

——ANDREW NG, EMTECH 2017 &

ERx RL BRI MR R EE R . A % B & F| & 15 47 #2
P ERRENERE R, TEHE, THEEEH T
7,
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€ | eragpee s e E SR RiE
L e IS, Db A R 5 () e 2 ATl

5 all IIIII|

2004 2005 2006 2007 2008 2009 2010

ER: HTEFHENEEFTEER, ERETELEHER
V. CB Insights #5547

=AY B AEF A3 A, IBM. Alphaics (— X A L&
RE ARl ). Mobileye (% 245 RYIE) . %K. Adobe F1
RAH
EVHEFESNT, BERRITRBEAMF, £ 2018
@% ZEEIES M¢7mﬁﬁ7ﬁ%%7
—FEMREZ—&, BRMNERIABEZT —MEANE
TRt F 3 By AR, ﬂui%% B AT E ST H LB A P
JEWR S, FRERERMENR,”
— HEE20B8HFF-FEMMHEFELN
2. MR
MR F X FE EEF”, BRREAARIHHIA
ATERTEEXESE.
BEMETE—HRA, ATHRELR, #5. &Rt
SRR R S —— DA — 0 A B T A R AR U
MTHEGIRGRER, RUEEZUIETWNE KRR,
PR T SRS, B EIE R AP Z — IR,
FHL L8 AR/VR % fz A A2 J7 2Rk DAAR MK B9 22 3R B 18] 46 1L 3

%m
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an
[AYAY

i, FRH|RST LA, 7R R LS 3T KT A&

“TREI 47, TNBREFNFEXR DLW T ERKT S
KB AATSY, AR THEEL, UBDHER,

TEE I E

Source; USPTO

WL 5 3 89 77 — A5 LR =G R F

TR AE 48 32 1| Verizon X A B 4 8] K T A I E B
LBl T HF T ALE

BRAREEE
AP Z e 3

RRREEEH A URBTAEASTERFRE, K

W AFRARFEREFT K ETY RFT, T8/ ANRRD

B A P RESME RN, MRLH P RAREE T T AME
Y AR o

p=il

2 (FCC) #.Z 3.5 3| 3.7GHz W #i g ¥ 1£

i

i

3.5GHz 7 Bx B9 38 70 S0 B # = [E] g 25 An H A ER A AL
Flo AR T T 22— ZHERR, wRMANTRER X
B, MLAETE2EREI EAF,
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% Federated Wireless iX Ff By /2 & 42 # 22 2 89 515 17 |7
(SAS), MEENE ERWAF Z Bz 54 Mg, ok
AT HEBAET—AFANEFE T RBE X — 2,
2018 4, Federated Wireless ¥k 15 7 — I & 7|, = LA A
ML ¥ L& BT o ATEWNEA, LWwBkalEs. ®EEF
SMARMGEST, XM EREMT RKAETSE (Fk
B KT T 17 E/ B 5 5 04T AR BCET R

ik \ B4 -

----------

F b
| Spectrum Broker | 200
BT 'Ml - '
Setfehong st i i %_ Sovctrum Kegues
gl Y
s _'I'"“-JI : n-]' ol
s sngantt | F e,
|} 3 | o S
I T V.
Soentra Ak h{‘”“"m';""‘"
|
| L)
I l
' I
s i, 1\.’- L
w "-r"'"" ]
1140 '
! I |
= i _ 1
Open Distribution of Training (S5T) .
A |
SNNs to SSDs ' | i
I 1 o o0 !
- s 11230
1150 l el -
x SAS 7
SourcetSPTO | Ve m e e e —-- 1330

DARPA # 2 A2t SAS A &, BWITiE =4 &k —
MNETMLE S E %
A, ZEFE 2016 FEE T AR EREE. 7 E
2 5 2bE ] ML sk A 70 2 P 4848 AR F 09 77 3, A< B 3
YE, DA E w8 E2E A HM (RF) Mg,
DARPA £ 7£ 2017 F# H T — MM EF T R &
(RFMLS) TiH . 5 E @B A L& T F %KM, DARPA &
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2EA ML ARG AR RBENES, FAZRNBEHENEL
sk & (B E) WEERS,

HEZEHLEERETAIERNMALTZELE
T—RE&LEA (BF5G) =,

ZERET ETALE RN W% RS 26 A F
Zhilabs, % 5G R BEE .

—ExE—frFEfaT R, ALERRERKHEAT “o
fRFPRE, MEEEHANERARFHTE) KR, AREER
% mE.”

B AT G ZIEN N H 5G it — MR EA
E G (AGHERD T ERRE G WAL E
ESGH—NEEE ZHED.

FHWF RS X ERER, EHMENE KR ERE N
% PRIt R &

3. aWERAE

REEHERAEFFEEANTIIE, EXLEFN
Bt 8] &= AT A B BA

% KB R E 5 el b IEE B 50 & 3R 4
RBIT A % .

BMEARETBCERAES, LEFZE T E Waymo
ENSE RN T 3

RAZNITT R 2B AERAFH N AT RFE RS, A
mEFAENE A T E RGN T #12%70 (2018 4 10
AARBEZRK TS LET, WEBFZKI1CET), Zoox I # 5

g
At

:\z
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272018 £ 7 A 5 H). X B W H A7 4] /A 5] &3 Drive.
/NI F2 Nuroo

PEEXFEAELMAT E. FEMEHN 2018 FF5
fi, PTEEF " H#ABNAIERTERA L KRB EEESEZ
B,

2017 F4H, BEERT —MMb— L -0 E ZEFHR
ESiv G , RHIT 2IRE A EHE,

EHMFRTE—F, X—RERERIAESRAFTH
A 5F T RALIERMEAZEHE, NTWEX FTH
W3R o LB AFR T UE FIRRAD, 2 A S EIA R
M ERL E AT E, MARAEIT 4.

e AERNERANEWRELE RS
N E BRI R e E Pk

AUTOMAKERS
DAIMLER -@)
CHIP MAKERS . ' s—
. % [ SUPPLIERS
&4 (inteD
nvIDIA . o |(&)BOSCH
N S, =
i //
LIDAR TECH
: @ MAPPING SERVICES
Velodyne LiDAR » ’

TomTom 3

*:BlackBerry QINIX s

/
e
~
OPERATING SYSTEM o TRAVEL
Grad

CLOUD SERVICES

BE Microsoft

MTEECERTUNEENERAFHTT AL, EHH
WE, BRE—FW, MEDEX B3 ZRATFHKER LN
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SRTVE, R EELS W FRERH ALK T KENE
wER, BEAMNEEMRT, BEAEZLHIGBRAFLAEY
H—LEEHBIANTEREEAR.

RAE NS X TE A KK CFEE, EREFEFD
EAEA M., Tt E 2025 F, WK ILE 800 10F T A
%o

— RN FARFARAERMRALEHERARE, thin
AR A L B K

B | o rwiins s mE st s s AR
“HE R CRE—HEE MREHE

f-/\ \/\// 4\“\__ /\
[ \\/ A
/

/

.y

=

ik 4

BHFEYnm—ALHEZRE —REMEIRE—EF
ERMyn Gl EEES, METRERINEE T2 EE
M — NI, BRI ERAFTURMAERE —FER
R —FRTMREAEK, XTRE2E R RHNER
FF R A At 1/3,

MBS E Y EEE L AT By LA AN IE A
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AT AR, 2018 4 6 A, #la AFI €A 5 Nuro 5 % [
K B SEAKR 25 57 B 2 — Kroger & 1EBC 3 & &t 2% . Nuro By
RUTMEEEMREE FTR, TARREREMTETR
H ok B 3R B LA AR A R AL AR AR AAT I B AT 3R

TE& T, 5% % (Domino’s) #145 fE &Z (Pizza Hut)
ERFELNE —EENR BB RALT . B8 EEL P EIRAT
AR, AR EME &, 2018 £47, OEM 5 &3
KEFREAWTO L Z AV A,

4. A4 % m

ZHRANEYENEERVIARLT: BT, &5
=g,

2] 2021 &, RN T AN T FAHH LB 29 0% 7.

AT UL AR RS H R EHRE, FR #R G A N
Kot g, RAZ E=E R EY I 5l R 2

MAEA N EFET N % =7 T ALK 89409 e
— BT 6.

Bldn, B3 RHT B B R B = 7 BT RALR T R
— %, Ea AT 2018 F AU T K L BB AL A7 €] 2 5]
Mavrx Imaging, %/ 3 Y& IEEIF X EE 0 HEREHA,
JH T 2 A i 45 0
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Overview Transactions Signals Tech/IP Network A
(0 Date~v Company * Valuation' +  Total Funding * Investment Stage v Note = Sources
O 5/17/2018 Mavrx Imaging $12.4M  Series A Acquired 48

Funding 6 Fundings / $29.5M

Please select items to export

(0 Date~ Round ~ Amount*  Investors ¥ Valuation® = Sources

0O 11/6/2018 Series B $20M Cavallo Ventures, Eyal Gura, and 7 more 48
O 10/17/2017 Series A-ll BNP Paribas, and CM-CIC Investissement 18
0O 5/4/2017 Series A $7.5M Eshbol Ventures, Eyal Gura, and 4 more $31.81M 6
O 3/30/2016  Seed VC $2M  Eshbol Ventures, iAngels, and 3 more 38
O 3/20/2015  Incubator/Accelerator - Microsoft ScaleUp 18

I
O 1/1/2015 Incubator/Accelerator 8200 EISP 18

R EAATEGY BB G EE — &,
WA R AE W ¥ RETF AR BV 8] R, R Y 1R A R 28 R 4 By R
(John Deere) 1F5 H A LR 8 & 1E, T & T B AEHER
>

"
A

/:;i(

/

e

o

N/ R—HARAATIERERGD, TRET EAH
B ———F A A ENAT RNV RE N B —RKFKE 3=
T E. BRIKZA, BEAMKAEAER ] T HRKRE M
“see-and-spray” i R 77 £ .

A M T RE R A R RS Ty £ BT
HEF, wRHE LR R R E G E S A T EAA
FRETERSFTHA A, KRR EE R E A8
TR, MAFRFTERERN RN L —TED . A6 55w
A ERE B BRER R BANEF =
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FEZABZI, ARATEN AT 2T T EEE, =ET
ot Rk 52 B iy W R

M B g9 ] LRk T 23 E o 8 /A AR
A KA R B R R

FEBRH T EFRERE (Descartes Labs), %X H =
MATLEHFET R T AT ERFEYHITNER , XN
AEFITENA R TR T AR & 7 B AT
H>5# . DARPA IE 5% /R e 1E TR & L4,
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1. P % mhie 37

A3 W 4 0 5 B ROBL & B B 1 P 48 2 AU,
EHANFANEF T “BET R H L EEERE,

WHRAFMEENH S EEUNER LW EEREL
Ji% B OE Y &2 4 19 R

R AE 4 2R - 2 248 i 5 4% ¥ £ Breach Level Index, 18
FLHXFLRLH AS CHBHELTHREE (E5F, 2017
F AR N 26 107D,

Records Date of Type of Source of Risk
Rank ;. Organization Breached Breached Breach = Breach Breach Location Industry Score

Identity Malicious United . . 2
1 Facebook 2,200,000000 04/04/18 _ i i social Media 10,0 @

Identity Accidental United Other

01/
SEVE 340,000,000 06/01/18 .o e S 91

Account  Malicious  Unit
Under Armour 150,000,000 02/01/18 L 2 R Retail 91 ¢
Access Outsider States =

" Financial ~Accidental  United . - ;
Twitter 336,000,000 050318 |, o T S Social Media 9 _()

Identity Accidental  United 8 6 E
@

Firebase (Google) 100,000,000 06/20/18 Theft s States Technology

BANTEO LM T AR, PEHHE—fRE
fogz e N R Z 18] B A Rl R, P AR A AL 88 5 3] B P R
"I E TR AT, FRFEA L,

BAMEER, Bl R, £ M EHXAEREEANNATH,
T A AR A X R BN AR R RORE

BEA—ANRTHEBERANBRXASE, KEHFL
MEHUITE, £ -EEZw, A LEFARZMMBEK.
P %2 2 TBEARNBFEEERTNESF I KALA|TEF

65



A B —E .

£ Linkedin ERE®E = “BEE T, B2F 2.
FMH. BmaA. BRI ERHTE A EZE X AW 70
LAY &,

R BR T AN Bk 2R AR R T E KK, (B
R T WERAFTIREANET T

“SANS 2018 FRMERHRENERE R, X TH LA
Hk, BEMAAE —NFTED, NEBRFHFWAEXRE,
X MREM...... KA 600 2 X EHNRELT, KFK
FEEENHARASZRABS Y RALET S H U RET
MR, 7

——IBM K £ H SANS 2018 R &

IF 4 SANS 2018 FHyIR & T BNy ARAE, A A 4k B )
(¥ w, BEAENIWERMERZXE I8 TR EFN

flan, T5# g EIlEE K E AWS E P Bk B AR
~WE . BRI E N AWS R4 % 5 & Verizon, WWE |
HIRHT AR R T EE P BB E.

T 5@ U g T gk g BR AT 6 2 5] Sqrrl, LATT K — T
m, ATEAWS EFPIkFr FHEREE,

A XETETAEARMWERWNALE R S
Cylance2018 4% & % (Blackberry) Y4,

W 4 B, SBAE G X E RS,

BB FRH—PWAE, ECE D EIE—
RE\PER, Hodm R AT R T R BB &S IR A R D IR
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2. sFEXALFR

LAV E, WANEACKAATLL B E X
—EX—AEHEAHRLAE,

wmIT, AHE AT ER A LA qE 7 86 Duplex AN T H 3%

Duplex [ LXK A P 3T oG f L FiiT, EHEA—#
Zgn (A MR A, §1& T AT Duplex £ &
EHEEAR KK B CEM AT IERENBLEHENL,

BIAEFHFAH Pixel 3 L3 7 N Lhak, # Pixel 3
TRT —MAIEGRAE, BF A “FETY” £HI
VF A0 B T 2 L IR EE A A Y 3 4T 0

B 2014 FLIk, SH—HEN ﬁﬁ/l\é\ﬁﬁij!i‘zl‘él iy 22
EHIFEEAN, RAW—KFIFAE 2018 F4 AERH, 4%
AT IE I E L B R R,
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Usar Okay Google. | want 1o order pizza
102 from John's Pizza Joint
Google Agent identifies another agent
for John's Pizza Joint

Lat me connect you with tha agent for
John's Pizza Joint

I..lmm _< p—

Google Agent provides data to the
other agent

Hi User. What type of pizza would you
[a?

User _% | want a twelve inch purza with

102 Canadian bacon and pineapple
Do | have your permission to get your
phone number and addness from tha

Googla Agent?
User Yes Get payment information from

102 the Google Agent as wall

The other agent requests and receives

the user's phone number and address

from the Googla Agent and complates
the order

Ckay, you'ra all sel. The pizza will be
dekvered in thirty-five minules

Source: USFTO

RE FAMGA e By KA R &N E (BE. MEEE
FBIR) BEXER—ME, MIERE GBEFRXA) E—
86 &7 R o b At R E R AT

WANBAZKS ZHRNRAZ—ZEF RS L& AR
5RPZEME—F CEE: FEAAIEABER AT
EAE), AREELBEEATHEHESE AL,

T ET RSN AEF R, XA — AR,
FAhExX®ENARFT, 2K OMEEANEEEE) 248
2

FRE, EEAEARERAELT, RELE T EYY
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1,2 — Tk K

RE M % = (Sephora)., # &£ (Nestle) 2|l ##
(Capgemini) % 4 #7Vfifn CPG & & K o~, &5 W &
AEEWVH T —HAE, HEEFRARGFET. T EFHIT
MR E B @i, BT WY RGEREEIELE F X BN R#
PR,

f ot TR @2 RALE AW EABERT WA
— AN

7 o B B R R VA T R A A 24 /NET R R R B T,
FAREEE—NMETAIGTRNCERZEINEAFHNK. FH
AT G 2 8] & UE TR A B AT AT i —— R R H AR R A %
MATHA—AEA T L L E R T HID® RN A
AT 1E Y o

ECE#RE—RE. BEREEZTE, aEFE
W, FEEKFHUERABMAGAZ WL,

X EFEAH LA REIFNAR—REHF KA
H 7R —— X E R R H

3. BHUFXK

aE AT EmBT A Sy, £ 6 250
EHFE AL B SaaS M A4k & K oy 25 o 7 & B 81 4%
0T B9 R T 5

2018 £ 5 A, #I5 XtalPi £ R KB A 1EKHE R R
XtalPi & — Z il A & 8 S A 3 B L CRe v A T4 gE A7 6
NE. MRSV TN /NG TFHayreE, it x “ETif
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HHE MG YRAT”

EERIAEE—NTISEE.

# % (Novartis) . FiF 3 (Sanofi). B = & ¥
(GlaxoSmithKline). % # (Amgen) F1EKk 7 (Merck) %10
FRGnAANANARER G AT E AW AL ZE L A1
REZ, URINIFIEF QRS — R PR F IR EFT 2,

“RNMATEHN B RANSE, FAKES I
ATEERRANSFTHNENIE, 2FHNEY.”

——BRUNO STRIGINI, #4805 W &R HIATE

X % AT B X A IE 7 g B A\ A RE 2 W B R A Al 4 ok
WX Z4E: RHE2018FF_FEF, H£F20F, Y
T217 F2FNRFHE.

KEVEZGA T IEEEEN, (R A TR AR A 5 e m
B5 | 20142018 FEEIBEHL S

nt of funding (M) Number of deals

2014 2015 2016 2017
Source: CB Insights

% % V34|25 (Recursion Pharmaceuticals) 2 89 £ 413 K
ANLEG NG RHEETAIEGFG Y L, TELE

B2 CBINSIGHTS
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a5 A T4 88 SaaS 44 2 5] A41E .
REXEME/NE FHETFLMATEHBENE, 1]
LA —HFIZHE L,

| TRREAIIBORA Saas FH0I2 FIZELHIHER P AL TR 6
B | usmeskEnmA, 201848 A 28 H GEBEHEAEE)

$256

BenevolentAl Recursion Pharmaceuticals Lam Therapeutics Atomwise

B2 CBINSIGHT

EHPE T W B, ROBATEH N7, EFRZEL
AEREE =T EATEEE L, UXIHFHIET &
wHY, FREY OFANAHZATE,

B LA AT T R 2

CB Insights ¥ & W & 8 #E & & £ 1Z W& F

i X B AR B
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& CBINSIGHTS

WHAT'S NEXT IN Al?

Artificial Intelligence
Trends
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INDUSTRY ADOPTION High

Low

NEXTT Trends

TRANSITORY

Trends seeing adoption but
where there is uncertainty
about market opportunity.

As Transitory trends become
more broadly understood,
they may reveal additional
opportunities and markets.

EXPERIMENTAL

Conceptual or early-stage
trends with few functional
products and which have not
seen widespread adoption.

Experimental trends are already
spurring early media interest
and proof-of-concepts.

Low

MARKET STRENGTH

NECESSARY

Trends which are seeing wide-

spread industry and customer

implementation / adoption and
where market and applications
are understood.

For these trends, incumbents
should have a clear, articulated
strategy and initiatives.

THREATENING

Large addressable market
forecasts and notable
investment activity.

The trend has been embraced
by early adopters and may

be on the precipice of gaining
widespread industry or
customer adoption.

High

We evaluate each of these trends using
the CB Insights NEXTT framework.

The NEXTT framework educates
businesses about emerging trends and
guides their decisions in accordance with
their comfort with risk.

NEXTT uses data-driven signals to
evaluate technology, product, and
business model trends from conception
to maturity to broad adoption.

The NEXTT framework’s 2 dimensions:

INDUSTRY ADOPTION (y-axis): Signals
include momentum of startups in the
space, media attention, customer adoption
(partnerships, customer, licensing deals).

MARKET STRENGTH (x-axis): Signals
include market sizing forecasts, quality
and number of investors and capital,
investments in R&D, earnings transcript
commentary, competitive intensity,
incumbent deal making (M&A,
strategic investments).
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Necessary

OPEN-SOURCE FRAMEWORKS

The barrier to entry in Al is lower than ever before, thanks to
open-source software.

Google open-sourced its TensorFlow machine learning library in 2015.

Open-source frameworks for Al are a two-way street: It makes Al
accessible to everyone, and companies like Google, in turn, benefit from a
community of contributors helping accelerate its Al research.

Nov 1, 2015 -Jan 1 8, 2019 [ tensorflow / tensorflow  Contributions: Commits ~

Contributions to master, excluding merge commits

300
200

100

2016 April July October 2017 April July October 2018 April July October 2019

Source: GitHub

Hundreds of users contribute to TensorFlow every month on GitHub
(a software development platform where users can collaborate).

Below are a few companies using TensorFlow, from Coca-Cola to eBay to
Airbnb.
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Facebook released Caffe2 in 2017, after working with researchers from
Nvidia, Qualcomm, Intel, Microsoft, and others to create a “a lightweight
and modular deep learning framework” that can extend beyond the cloud
to mobile applications.

Facebook also operated PyTorch at the time, an open-source machine
learning platform for Python. In May’18, Facebook merged the two under
one umbrella to “combine the beneficial traits of Caffe2 and PyTorch into
a single package and enable a smooth transition from

fast prototyping to fast execution.”

The number of GitHub contributors to PyTorch have increased in
recent months.
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Theano is another open-source library from the Montreal Institute for
Learning Algorithms (MILA). In Sep'17, leading Al researcher Yoshua
Bengio announced an end to development on Theano from MILA as
these tools have become so much more widespread.

“The software ecosystem supporting deep
learning research has been evolving quickly,
and has now reached a healthy state: open-
source software is the norm; a variety

of frameworks are available, satisfying
needs spanning from exploring novel

ideas to deploying them into production;
and strong industrial players are backing
different software stacks in a stimulating
competition.”

- YOSHUA BENGIO, IN A MILA ANNOUNCEMENT

A number of open-source tools are available today for developers to choose
from, including Keras, Microsoft Cognitive Toolkit, and Apache MXNet.



A’L

EDGE Al

The need for real-time decision making is pushing Al closer to
the edge.

Running Al algorithms on edge devices — like a smartphone or a car or
even a wearable device — instead of communicating with a central cloud
or server gives devices the ability to process information locally and
respond more quickly to situations.

Nvidia, Qualcomm, and Apple, along with a number of emerging startups,
are focused on building chips exclusively for Al workloads at the “edge.”

From consumer electronics to telecommunications to medical imaging,
edge Al has implications for every major industry.

For example, an autonomous vehicle has to respond in real-time to
what’s happening on the road, and function in areas with no internet
connectivity. Decisions are time-sensitive and latency could prove fatal.

® [ =

®©

In-home smart cameras  On-device facial recognition Instantaneous driving Vision for baby
can recognize that a and object recogpnition, decisions monitors, drones,
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+
Big tech companies made huge leaps in edge Al between 2017-2018.

Apple released its A11 chip with a “neural engine” for iPhone 8, iPhone 8
Plus, and X in 2017, claiming it could perform machine learning tasks

at up to 600 billion operations per second. It powers new iPhone features
like Face ID, running facial recognition on the device itself to unlock the
phone.

Qualcomm launched a $100M Al fund in Q4’18 to invest in startups
“that share the vision of on-device Al becoming more powerful and
widespread,” a move that it says goes hand-in-hand with its 5G vision.

As the dominant processor in many data centers, Intel has had to play
catch-up with massive acquisitions. Intel released an on-device vision

processing chip called Myriad X (initially developed by Movidius, which
Intel acquired in 2016).

In Q4’18 Intel introduced the Intel NCS2 (Neural Compute Stick 2), which
is powered by the Myriad X vision processing chip to run computer vision
applications on edge devices, such as smart home devices and industrial
robots.

The CB Insights earnings transcript analysis tool shows mentions of
edge Al trending up for part of 2018.
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&: Edge Al peaked on Q3'18 earnings calls

Number of mentions of Al at the edge
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Source: CB Insighis earnings transcript search engine E: CBINSIGHTS

Microsoft said it introduced 100 new Azure capabilities in Q3’18 alone,
“focused on both existing workloads like security and new workloads like
loT and edge Al”

Nvidia recently released the Jetson AGX Xavier computing chip for edge
computing applications across robotics and industrial loT.

While Al on the edge reduces latency, it also has limitations. Unlike the
cloud, edge has storage and processing constraints. More hybrid models
will emerge that allow intelligent edge devices to communicate with
each other and a central server.
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FACIAL RECOGNITION

From unlocking phones to boarding flights, face recognition is
going mainstream.

When it comes to facial recognition, China’s unapologetic push
towards surveillance coupled with its Al ambitions have hogged the
media limelight.

&: China's facial recognition trends up in news mentions

Number of news mentions of “China” and “facial recognition”

140

120

100
80
60
0

20

2014 2015 2016 2017 2018 2019

Source: CB Insights B2 CBINSIGHTS

As the government adds a layer of artificial intelligence to its
surveillance, startups are playing a key role in providing the government
with the underlying technology. A quick search on the CB Insights
platform for face recognition startup deals in China reflect the demand
for the technology.

&= CBINSIGHTS
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&: Demand for facial recognition tech rises in China
Equity and non-equity deals, 2013 - 2018

Funding Amount ($) Number of Deals
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Source: CB Insights E5 CBINSIGHTS

Unicorns like SenseTime, Face++, and more recently, CloudWalk,
have emerged from the country. (Here's our detailed report on China's
surveillance efforts.)

But even in the United States, interest in the tech is surging, according to
the CB Insights patent analysis tool.

E&: US patent applications for facial recognition

Number of patents by date of filing, based on keyword searches in title and abstract
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Apple popularized the tech for everyday consumers with the introduction
of facial recognition-based login in i0S 10.

Amazon is selling its tech to law enforcement agencies.

Academic institutions like Carnegie Mellon University are also working
on technology to help enhance video surveillance.

The university was granted a patent around “hallucinating facial
features” — a method to help law enforcement agencies identify masked
suspects by reconstructing a full face when only the periocular region of
the face is captured. Facial recognition may then be used to compare the
“hallucinated face” to images of actual faces to find ones with a strong
correlation.
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Source: USPTO

But the tech is not without glitches. Amazon was in the news for
reportedly misidentifying some Congressmen as criminals.

Smart cameras outside a Seattle school were easily tricked by a WSJ
reporter who used a picture of the headmaster to enter the premises,
when the “smile to unlock feature” was temporarily disabled.

“Smile to unlock” and other such “liveness detection” methods offer an
added layer of authentication.

&= CBINSIGHTS
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4’;
For instance, Amazon was granted a patent that explores additional

layers of security, including asking users to perform certain actions
like “smile, blink, or tilt his or her head.”

These actions can then be combined with “infrared image
information, thermal imaging data, or other such information”
for more robust authentication.
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Source: USPTO

Early commercial applications are taking off in security, retail, and
consumer electronics, and facial recognition is fast becoming a
dominant form of biometric authentication.

&= CBINSIGHTS
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4F

MEDICAL IMAGING & DIAGNOSTICS
The FDA is greenlighting Al-as-a-medical-device.

In April 2018, the FDA approved Al software that screens patients
for diabetic retinopathy without the need for a second opinion from
an expert.

It was given a “breakthrough device designation” to expedite the process
of bringing the product to market.

The software, IDx-DR, correctly identified patients with “more than mild
diabetic retinopathy” 87.4% of the time, and identified those who did not
have it 89.5% of the time.

IDx is one of the many Al software products approved by the FDA for
clinical commercial applications in recent months.

L rr TE

Diabetic retinopathy Liver and lung Al lesion CT-scan analysis for strokes

The FDA cleared Viz LVO, a product from startup Viz.ai, to analyze CT

scans and notify healthcare providers of potential strokes in patients.

Post FDA clearance, Viz.ai closed a $21M Series A round from Google
Ventures and Kleiner Perkins Caufield & Byers.

The FDA also cleared GE Ventures-backed startup Arterys for its
Oncology Al suite initially focused on spotting lung and liver lesions.

Fast-track regulatory approval opens up new commercial pathways for
over 80 Al imaging & diagnostics companies that have raised equity
financing since 2014, accounting for a total of 149 deals.

&= CBINSIGHTS
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&= Diagnostics is a major driver of health Al deals
Equity deals, 2014 - 2018

Amount of funding ($M) Number of deals
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Source: CB Insights B2 CBINSIGHTS

On the consumer side, smartphone penetration and advances in image
recognition are turning phones into powerful at-home diagnostic tools.

Startup Healthy.io's first product, Dip.io, uses the traditional urinalysis
dipstick to monitor a range of urinary infections. Users take a picture
of the stick with their smartphones, and computer vision algorithms
calibrate the results to account for different lighting conditions and
camera quality. The test detects infections and pregnancy-related
complications.

Dip.io, which is already commercially available in Europe and Israel, was
cleared by the FDA.

Apart from this, a number of ML-as-a-service platforms are integrating
with FDA-approved home monitoring devices, alerting physicians when
there is an abnormality.

&= CBINSIGHTS
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PREDICTIVE MAINTENANCE

From manufacturers to equipment insurers, Al-lloT can save
incumbents millions of dollars in unexpected failures.

Field and factory equipment generate a wealth of data, yet unanticipated
equipment failure is one of the leading causes of downtime in
manufacturing.

A recent GE survey of 450 field service and IT decision makers found
that 70% of companies are not aware of when equipment is due for
an upgrade or maintenance, and that unplanned downtime can cost
companies $250K/hour.

Predicting when equipment or individual components will fail benefits
asset insurers, as well as manufacturers.

In predictive maintenance, sensors and smart cameras gather a
continuous stream of data from machines, like temperature and
pressure. The quantity and varied formats of real-time data generated
make machine learning an inseparable component of lloT. Over time, the
algorithms can predict a failure before it occurs.

Dropping costs of industrial sensors, advances in machine learning
algorithms, and a push towards edge computing have made predictive
maintenance more widely available.

A leading indicator of interest in the space is the sheer number of big
tech companies and startups here.

&= CBINSIGHTS
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&5 Deals to Al startups focused on industrials & energy
Equity deals, 2014 - 2018
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Deals to Al companies focused on industrials and energy, which includes
ML-as-a-service platforms for lloT, are rising. Newer startups are
competing with unicorns like C3 IoT and Uptake Technologies.

GE Ventures was an active investor here in 2016, backing companies
including Foghorn Systems, Sight Machine, Maana, and Bit Stew
Systems (which it later acquired). GE is a major player in lloT, with its
Predix analytics platform.

Competitors include Siemens and SAP, which have rolled out their own
products (Mindsphere and Hana) for lloT.

India’s Tata Consultancy announced that it's launching predictive
maintenance and Al-based solutions for energy utility companies.

Tata claimed that an early version of its “digital twin” technology —
replicating on-ground operations or physical assets in a digital format
for monitoring them — helped a power plant save ~$1.5M per gigawatt
per year.

Even big tech companies like Microsoft are extending their cloud and
edge analytics solutions to include predictive maintenance.

&= CBINSIGHTS
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E-COMMERCE SEARCH

Contextual understanding of search terms is moving out of the
“experimental phase,” but widespread adoption is still a long ways off.

Amazon has applied for over 35 US patents related to “search results”
since 2002.

It has an exclusive subsidiary, A9, focused on product and visual search
for Amazon. A9 has nearly 400 patent applications in the United States
(not all of them related to search optimization).

&5 Amazon's search arm A9 has a robust R&D pipeline
Number of patents filed by A9.com, by date of filing
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Source: CB Insights patent analytics B2 CBINSIGHTS

Some of the search-related patents include using convolutional neural
networks to “determine a set of items whose images demonstrate visual
similarity to the query image..” and using machine learning to analyze
visual characteristics of an image and build a search query based on
those.

&= CBINSIGHTS
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4’;
Amazon is hiring for over 150 roles exclusively in its search division —

for natural language understanding, chaos engineering, and machine
learning, among other roles.

But Amazon'’s scale of operations and R&D in e-commerce search is the
exception among retailers.

Few retailers have discussed Al-related strategies on earnings calls, and
many haven't scaled or optimized their e-commerce operations.

But one of the earliest brands to do so was eBay.

The company first mentioned “machine learning” in its Q3’15 earnings
calls. At the time, eBay had just begun to make it compulsory for sellers
to write product descriptions, and was using machine learning to
process that data to find similar products in the catalog.

Using proper metadata to describe products on a site is a starting point
when using e-commerce search to surface relevant search results.

But describing and indexing alone is not enough. Many users search for
products in natural language (like “a magenta shirt without buttons”) or
may not know how to describe what they’re looking for.

This makes natural language for e-commerce search a challenge.

Early-stage SaaS startups are emerging, selling search technologies to
third-party retailers.

Image search startup ViSenze works with clients like Uniglo, Myntra, and
Japanese e-commerce giant Rakuten. ViSenze allows in-store customers
to take a picture of something they like at a store, then upload the picture
to find the exact product online.

&= CBINSIGHTS
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It has offices in California and Singapore, and raised a $10.5M Series B
in 2016 from investors including the venture arm of Rakuten. It entered

the Unilever Foundry in 2017, which allows startups in Southeast Asia to
test pilot projects with its brands.

Another startup developing Al for online search recommendations is
Israel-based Twiggle.

The Alibaba-backed company is developing a semantic API that sits on
top of existing e-commerce search engines, responding to very specific
searches by the buyer. Twiggle raised $15M in 2017 in a Series B round
and entered the Plug and Play Accelerator last year.

&= CBINSIGHTS
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Experimental

CAPSULE NETWORKS

Deep learning has fueled the majority of the Al applications today.
It may now get a makeover thanks to capsule networks.

Google’'s Geoffrey Hinton, a pioneering researcher in deep learning,
introduced a new concept called “capsules” in a paper way back in 2011,
arguing that “current methods for recognizing objects in images perform
poorly and use methods that are intellectually unsatisfying.”

Those “current methods” Hinton referred to include one of the most
popular neural network architectures in deep learning today, known as
convolutional neural networks (CNN). CNN has particularly taken off in
image recognition applications. But CNNs, despite their success, have
shortcomings (more on that below).

Hinton published 2 papers during 2017-2018 on an alternative concept
called “capsule networks,” also known as CapsNet — a new architecture
that promises to outperform CNNs on multiple fronts.

Without getting into the weeds, CNNs fail when it comes to precise spatial
relationships. Consider the face below. Although the relative position of
the mouth is off with respect to other facial features, a CNN would still
identify this as a human face.

. \ But CNNs do not
Convolutional neural networks :
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take individual features into . ; .
position/orientation.
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lilustration source: jhuigithub.io V
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Although there are methods to mitigate the above problem, another major
issue with CNNs is the failure to understand new viewpoints.

“Now that convolutional neural networks
have become the dominant approach to
object recognition, it makes sense to

ask whether there are any exponential
inefficiencies that may lead to their demise.
A good candidate is the difficulty that
convolutional nets have in generalizing to
novel viewpoints.”

— PAPER ON

For instance, a CapsNet does a much better job of identifying the images

of toys in the first and second rows as belonging to the same object, only
taken from a different angle or viewpoint. CNNs would require a much
larger training dataset to identify each orientation.


https://arxiv.org/pdf/1710.09829.pdf

(The images above are from a database called smalINORB which contains
grey-scale images of 50 toys belonging to 1 of 5 categories: four-legged
animals, human figures, airplanes, trucks, and cars. Hinton’s paper found
that CapsNets reduced the error rate by 45% when tested on this dataset
compared to other algorithmic approaches.)

Hinton claims that capsule networks were tested against some
sophisticated adversarial attacks (tampering with images to confuse the
algorithms) and were found to outperform convolutional neural networks.

Hackers can introduce small variations to fool a CNN. Researchers at
Google and OpenAl have demonstrated this with several examples.

One of the more popular examples CapsNet was tested against is from a
2015 paper by Google's lan Goodfellow and others. As can be seen below,
a small change that is not readily noticeable to the human eye means the
image results in a neural network identifying a panda as a gibbon, a type of
ape, with high confidence.

+.007 x

: x +
z sign(V, J (6. z,y)) esign(V_,:J(B,m,y))
“panda” “nematode” “gibbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Research into capsule networks is in its infancy, but could challenge
current state-of-the-art approaches to image recognition.
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NEXT-GEN PROSTHETICS

Very early-stage research is emerging, combining biology, physics, and
machine learning to tackle one of the hardest problems in prosthetics:
dexterity.

DARPA has spent millions of dollars on its advanced prosthetics
program, which it started in 2006 with John Hopkins University to help
wounded veterans. But the problem is a complex one to tackle.

For instance, giving amputees the ability to move individual fingers in
a prosthetic arm, decoding brain and muscle signals behind voluntary
movements, and translating that into robotic control all require a multi-
disciplinary approach.

As Megan Molteni explained in an article for Wired last year, take a
simple example of playing the piano. After repeated practice, playing
a chord becomes “muscle memory,” but that’s not how prosthetic
limbs work.

More recently, researchers have started using machine learning to
decode signals from sensors on the body and translate them into
commands that move the prosthetic device.

John Hopkins’ Applied Physics Labs has an ongoing project on neural
interfaces for prosthetics using “neural decoding algorithms” to do
just that.

In June last year, researchers from Germany and Imperial College
London used machine learning to decode signals from the stump of the
amputee and power a computer to control the robotic arm. The research
on the “brain-machine interface” was published in Science Robotics.
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Other papers explore intermediary solutions like using myoelectric
signals (electric activity of muscles near the stump) to activate a
camera, and running computer vision algorithms to estimate the grasp
type and size of the object before them.

Further highlighting the Al community’s interest in the space, the “Al for
Prosthetics Challenge” was one of the competition tracks in NeurlPS'18
(a leading, annual machine learning conference).

The 2018 challenge was to predict the performance of a prosthetic

leg using reinforcement learning (more on reinforcement learning in
the following sections of this report). Researchers use an open-source
software called OpenSim which simulates human movement.

The previous year's focus was “Learning to Run,” which saw 442
participants attempting to teach Al how to run, with sponsors including
AWS, Nvidia, and Toyota.

WinNING SoLUTION BY @NNAISENSE

jource: hitp://osim-rl.stanford.edu/
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CLINICAL TRIAL ENROLLMENT
One of the biggest bottlenecks in clinical trials is enrolling the right

pool of patients. Apple might be able to solve this issue.

Interoperability — the ability to share information easily across
institutions and software systems — is a one of the biggest issues in
healthcare, despite efforts to digitize health records.
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This is particularly problematic in clinical trials, where matching the right
trial with the right patient is a time-consuming and challenging process
for both the clinical study team and the patient.

For context, there are over 18,000 clinical studies that are currently
recruiting patients in the US alone.

Patients may occasionally get trial recommendations from their doctors
if a physician is aware of an ongoing trial.
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Otherwise, the onus of scouring through ClinicalTrials.Gov — a
comprehensive federal database of past and ongoing clinical trials —
falls on the patient.

An ideal Al solution would be artificial intelligence software that extracts
relevant information from a patient’s medical records, compares it with
ongoing trials, and suggests matching studies.

Few startups are working with clients directly in the clinical trials space.
The biggest barriers to entry for smaller startups streamlining clinical
trials are that the technologies are relatively new and the industry is slow
to adapt.

Tech giants like Apple, however, have seen success in bringing on
partners for their healthcare-focused initiatives.

Apple is changing how data flows in healthcare and is opening up new
possibilities for Al, specifically around how clinical study researchers
recruit and monitor patients.

Since 2015, Apple has launched two open-source frameworks —
ResearchKit and CareKit — to help clinical trials recruit patients and
monitor their health remotely.

The frameworks allow researchers and developers to create medical
apps to monitor people’s daily lives, removing geographic barriers to
enrollment.

For example, nearly 10,000 people use the mPower app, which provides
exercises like finger tapping and gait analysis to study patients with
Parkinson’s disease who have consented to share their data with the
broader research community.

Researchers at Duke University developed an Autism & Beyond app that
uses the iPhone’s front camera and facial recognition algorithms to
screen children for autism.
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Apple is also working with popular EHR vendors like Cerner and Epic to
solve interoperability problems.

In January 2018, Apple announced that iPhone users would have access
to all their electronic health records from participating institutions on
their iPhone’s Health app.

Called “Health Records,” the feature is an extension of what Al healthcare
startup Gliimpse was working on before it was acquired by Apple in
2016.

In an easy-to-use interface, users can find all the information they
need on allergies, conditions, immunizations, lab results, medications,
procedures, and vitals.

In June 2018, Apple rolled out a Health Records API for developers.

Users can now choose to share their data with third-party applications
and medical researchers, opening up new opportunities for disease
management and lifestyle monitoring.

The possibilities are seemingly endless when it comes to using Al and
machine learning for early diagnosis, enrolling the right pool of patients,
and even driving decisions in drug design.
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GENERATIVE ADVERSARIAL NETWORKS

Two neural networks trying to outsmart each other are getting very
good at creating realistic images.

Can you identify which of these images are fake?

https://arxiv.org/abs/1809.11096

The answer is all of the above. Each of these highly realistic images were
created by generative adversarial networks, or GANs.

(Note: the bottom right image represents a “class leakage” — where
the algorithm possibly confused properties of a dog with a ball — and
created a “dogball”)

GAN, a concept introduced by Google researcher lan Goodfellow in 2014,
taps into the idea of “Al versus Al.” There are two neural networks: the
generator, which comes up with a fake image (say a dog for instance),
and a discriminator, which compares the result to real-world images

and gives feedback to the generator on how close it is to replicating a
realistic image.
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This forms a constant feedback loop between two neural networks trying
to outsmart each other.

The images above are from a Sept'18 paper by Andrew Brock, an intern
at Google DeepMind, published along with other DeepMind researchers.
They trained GANs on a very large scale dataset to create “BigGANs.”

One of the challenges Brock and team encountered with BigGANs:
A spider, for example, has “lots of legs.” But how many is “lots”?

Andrew Brock f ™
) \ Follow | v
@ajmooch -

-Global coherence is the primary
challenge at high resolution--a model
may understand that a spider has "a
number" of legs, and that number is
between "many" and "lots" but nothing
in the networks' inductive biases really
forces it to learn "eight”

6:38 PM - 30 Sep 2018
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The primary challenge to scaling large-scale projects like GANs, however,
is computational power. Here’s an excerpt from FastCompany, with a
rough estimation of the amount of computing power that went into this
research:

These experiments have environmental implications as well. Brock
used 512 of Google’s Tensor Processing Units (or TPU) to generate his 512
pixel images, and he says his experiments generally run for between 24
and 48 hours. If each TPU uses about 200 watts in an hour of
computation, then a single one of Brock’s 512 pixel experiments could
be using between 2,450 and 4,915 kilowatt hours. That’s the equivalent
of the electricity that the average American household uses in just
under six months.

For GANs to scale, hardware for Al has to scale in parallel.
Brock’s is not the only GAN-related paper published in recent months.

Using GANs, researchers from Lancaster University in the UK, Northwest
University in the China, and Peking University in China developed a
captcha solver.

The paper demonstrated that GANs can crack text-based captchas in
just 0.05 seconds using a desktop GPU, with a relatively higher success
rate compared to previous methods.
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(a) Input Baidu captchas
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(c) Applying a 2x2 filter kernel
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(d) Applying a 3)21 ﬁiter kernel
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(e) Applying our pre-processing model

Source: lancaster.ac.uk/staff/wangz3/publications/ccs 18.pdf

Researchers at CMU used GANs for “face-to-face” translation in this
iteration of “deepfake” videos. In the deepfake example below, John

Oliver turns into Stephen Colbert:
4

- V | | | ‘ } “- . :

Source: httpy//wwni.cs cmu edu/~aayushb/Recycle-GAN/
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Researchers at the Warsaw University of Technology developed a
ComixGAN framework to turn videos into comics using GANs.

Figure 8: Results for different comixification approaches. Columns: a) content images, b) original CartoonGAN model
(Hayao), ¢) original CartoonGAN model (Hosoda), d) ComixGAN.

Source: hitps://arxiv.org/pdf/1812.03473 pdf

Art auction house Christie’s sold its first ever GAN-generated painting for
a whopping $432,500.

I::-.\:k-ﬂ]-!’la,,u Sipnl]

Portrait of Edmond Belamy, 2018, created by GAN (Generative Adversarial Network). Sold for $432,500

on 25 October at Christie's In New York Image © Obvious
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And in a more recent paper on GANs, Nvidia researchers used a “style-

based generator” to create hyper-realistic images.

Source: https://arxiv.org/pdf/1812.04948 pdf

GANSs aren't just for fun experiments. The approach also has serious
implications, including fake political videos and morphed pornography.
The Wall Street Journal is already training its researchers to spot
deepfake videos.

As the research scales, it will change the future of news, media, art, and
even cybersecurity. GANs are already changing how we train Al algorithms
(more on this in the following section on “synthetic training data.”)
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FEDERATED LEARNING

The new approach aims to protect privacy while training Al with
sensitive user data.

Our daily interaction with smartphones and tablets — from the choice of
words we use in messaging to the way we react to photos — generates a
wealth of data.

Training Al algorithms using our unique local datasets can vastly
improve their performance, such as more accurately predicting the next
word you're going to type into your keyboard.

As researchers from Google explain in a 2017 paper, “the use of
language in chat and text messages is generally much different than
standard language corpora, e.g., Wikipedia and other web documents;
the photos people take on their phone are likely quite different than
typical Flickr photos.”

But this user data is also personal and privacy sensitive.

Google’s federated learning approach aims to use this rich dataset, but
at the same time protect sensitive data.

In a nutshell, your data stays on your phone. It is not sent to or stored in
a central cloud server. A cloud server sends the most updated version of
an algorithm — called the “global state” of the algorithm — to a random
selection of user devices.

Your phone makes improvements and updates to the model based on
your localized data. Only this update (and updates from other users)
are sent back to the cloud to improve the “global state” and the process
repeats itself.
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Source: Google Al blog

Google is testing federated learning in its Android keyboard
called Gboard.

Note that the mechanism of aggregating individual updates from each
node is not the novelty here. There are algorithms that do that already.

But unlike other distributed algorithms, the federated learning approach
takes into account two important characteristics of the dataset:

Non-IID: Data generated on each phone (or other device) is unique
based on each person’s usage of the device. And so these datasets
are not “Independent and identically distributed (IID)” — a common
assumption made by other distributed algorithms for the sake

of statistical inference, but not reflective of practical real-world
scenarios.

+ Unbalanced: Some users are more actively engaged with an app
than others, naturally generating more data. As a result, each phone,
for instance, will have varying amounts of training data.
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Firefox tested out federated learning to rank suggestions that appear
when a user starts typing into the URL bar, calling it “one of the very first
implementations [of federated learning] in a major software project.”

In another application of federated learning, Google Ventures-backed
Al startup OWKIN, which is focused on drug discovery, is using the
approach to protect sensitive patient data. The model allows different
cancer treatment centers to collaborate without patients’ data ever
leaving the premises, according to investor Otium Venture.
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ADVANCED HEALTHCARE BIOMETRICS

Using neural networks, researchers are starting to study and measure
atypical risk factors that were previously difficult to quantify.

Analysis of retinal images and voice patterns using neural networks
could potentially help identify risk of heart disease.

Researchers at Google used a neural network trained on retinal images
to find cardiovascular risk factors, according to a paper published in
Nature this year.

The research found that not only was it possible to identify risk factors
such as age, gender, and smoking patterns through retinal images, it was
also “quantifiable to a degree of precision not reported before.”

Similarly, the Mayo Clinic partnered with Beyond Verbal, an Israeli startup
that analyzes acoustic features in voice, to find distinct voice features

in patients with coronary artery disease (CAD). The study found 2 voice
features that were strongly associated with CAD when subjects were
describing an emotional experience.

Recent research from startup Cardiogram suggests “heart rate variability
changes driven by diabetes can be detected via consumer, off-the-self
wearable heart rate sensors” using deep learning. One algorithmic
approach showed 85% accuracy in detecting diabetes from heart rate.

A more futuristic use case is passive monitoring of healthcare biometrics.

In January 2018, a Google patent was published with an ambitious vision

&= CBINSIGHTS

40


https://static.googleusercontent.com/media/research.google.com/en//pubs/archive/46425.pdf
https://www.ncbi.nlm.nih.gov/pubmed/29656789
https://arxiv.org/pdf/1802.02511.pdf
http://patft1.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PALL&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.htm&r=1&f=G&l=50&s1=9848780.PN.&OS=PN/9848780&RS=PN/9848780

=+

for analyzing cardiovascular function from a person’s skin color or skin
displacement.

The sensors might even be positioned (per the patent’s illustrations) in a
“sensing milieu” in a patient’s bathroom.

Sensor 106-2
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Source: USPTO

By recognizing skin color changes at the wrist and cheek, for example,
and “comparing the times [of measurement] and distance between these
regions,” the system could calculate a “pulse-wave velocity (PWV).”

The velocity information could then be used to determine cardio-health
metrics such as arterial stiffness or blood pressure.

“Machine learning could be applied to create a patient specific model for
estimating blood pressure from PWV,” according to the patent.

Amazon applied for a similar patent for passive monitoring in 2014,
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which was later granted in 2017. It combines recognition of facial
features (using neural nets or other algorithmic approaches) with heart
rate analysis.

For example, algorithms can track color changes in two areas of the
face, like regions near the eyes and cheek, using that data to calculate
heart rate detection.

:
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Source: USPTO

Al's ability to find patterns will continue to pave the way for new
diagnostic methods and identification of previously unknown risk factors.
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AUTO CLAIMS PROCESSING

Insurers and startups are beginning to use Al to compute a car owner’s
“risk score,” analyze images of accident scenes, and monitor driver
behavior.

China's Ant Financial, an Alibaba affiliate, uses deep-learning algorithms
for image processing in its “accident processing system.”

Currently, car owners or drivers take their vehicles to an “adjuster,” a
person who inspects the damage to the vehicle and logs the details,
which are then sent to the auto insurance company.

Advances in image processing are now allowing people to take a picture
of the vehicle and upload it to Ant Financial. Neural networks then
analyze the image and automate the damage assessment.

Another approach Ant is taking is to create a risk profile of the driver to
influence the actual pricing model of auto insurance.

“The development of technologies such as
Big Data and artificial intelligence enables
insurance companies to further leverage
the consumer data and analyze the probable
risk exposure of vehicle owners. Therefore,
risk factors for auto insurance can shift
from a “car-oriented” approach to a “car/
owner combination.”

— ALIBABA CLOUD BLOG
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Alibaba introduced something called “Auto Insurance Points,” using
machine learning to calculate a car owner’s risk score based on factors
such as credit history, spending habits, and driving habits, among
other things.

Smaller startups are also getting into insurance and claims processing
but adopting a different approach.

Nexar, for instance, incentivizes drivers to use their smartphones as a
dashcam and upload the footage to the Nexar app. In return, owners get
a discount on their insurance premiums.

The app uses computer vision algorithms to monitor road conditions,
driver behavior, and accidents. It also offers a “crash recreation” feature
to reconstruct and analyze the circumstances in which accidents take
place, and works with insurance clients to process claims.

UK-based Tractable allows insurers to upload an image of the
damage and an estimate into its claims management platform. The
“Al Review"” feature compares this with thousands of images to adjust
the price accordingly.

Interestingly, Tractable is targeting other players in the ecosystem as
well, such as car repairers, appraisers, vendors, and car hire companies.
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ANTI-COUNTERFEITING

Fakes are getting harder to spot, and online shopping makes it easier
than ever to buy fake goods. To fight back, brands and pawnbrokers are
beginning to experiment with Al.

From drugs to handbags to smartphones, counterfeiting is a problem
that affects all types of retail.

Some product imitations look so authentic that they are classified as
“super fakes.”

China'’s rapidly growing e-commerce platform Pinduoduo
“counterfeit” 11 times in its Q3’18 earnings call, describing “a very hard
fight against counterfeit goods and ... problematic merchants.”

“In 2017, we...proactively removed a total
of 10.7 million problematic products

and blocked 40 million links that...raised
infringement issues...We have also
partnered with over 400 brands to work
together on combating counterfeit.”

— COLIN HUANG, FOUNDER AND CEO OF PINDUODUO
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Brands are fighting the war against fakes on two fronts:

* Inthe online world, identifying and removing online listings that
infringe on brand trademarks like brand name, logo, and slogans

+ In the physical world, identifying fake goods like luxury handbags
that are rip offs

Online counterfeiting is vast and complex in scope and scale.

E-commerce giant Alibaba, which has been under some fire for not
doing enough to counter fake goods on its sites, reported that it's using
deep learning to continuously scan its platform for IP infringements. It
uses image recognition to identify characters in images, coupled with
semantic recognition, possibly to monitor brand names or slogans in
images of products listed on its sites.

Counterfeiters use keywords and images very similar to the original
brand listing to sell fake goods on fake websites, fake goods on
legitimate marketplaces, and promote fake goods on social media sites
like Instagram.

When one listing is taken down, counterfeiters may repost the same fake
product with a different string of keywords.

Barcelona-based startup Red Points is using machine learning to scan
websites for potential infringements and find patterns in the choice of
keywords counterfeiters use. It boasts clients in the cosmetics, luxury
watch, home goods, and apparel industries, including MVMT, DOPE, and
Paul Hewitt.
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Spotting fakes is trickier and more manual in the physical world.

When a seller posts a second-hand luxury handbag for sale, or goes

to a pawnbroker to trade it, the verification process usually involves an
authentication expert physically examining the bag, including the make,
material, and stitching pattern.

Here's how much eBay and others charge to authenticate one luxury
handbag using identification experts.

Markup for authenticatinga $1,500 handbag

20%
ebay & POSHMARK

30-45%

'The RealReal

Source: eBay Authenticate pricing comparison

But with the rise of “super fakes” or “triple-A fakes,” it's becoming nearly
impossible to tell the difference with the naked eye.

Building a database of fake and authentic goods, extracting their
features, and training an Al algorithm to tell the difference is a
cumbersome process.

Startup Entrupy worked with authentication experts to build a database
of fake vs. real goods for training its algorithms for 2 years. The process
is harder for rare vintage luxury goods.
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Entrupy developed a portable microscope that attaches to a smartphone.
When users take and upload a picture of the product (handbag, watch,
etc), Al algorithms analyze microscopic signatures that are unique to
each product, and verify it against a database of known and authentic
products.

The database is growing, but there isn't a complete set products out
in the market. A paper published by Entrupty highlights some other
operating assumptions and limitations.

The key idea is that objects manufactured using standard or prescribed
methods will have visually similar characteristics, compared to the
manufacturing process a counterfeiter would use (non-standardized,
inexpensive mass production). Secondly, the tech may not work for
things like electronic chips that are nano-fabricated (variations at a scale
that Entrupy’s microscope cannot detect).

Cypheme is taking a different approach. Its ink-based technology
can be used as a sticker on the product, or directly printed onto labels
and packaging.

Ul \ ¥
entrupy
Random ink prints Online verification with Handheld microscopic
verifiable by neural nets machine learning device

Nikkei Asian Review detailed the tech in an interview with the CEO: A
random pattern is generated from a drop of ink, the pattern is surrounded
by another circle of orange ink that Cypheme claims is proprietary to

the company and impossible to replicate, then each unique pattern is
associated with a specific product on a database.
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It uses a smartphone camera and neural networks for pattern recognition
to verify the ink pattern for the specific product against its database.

This means Cypheme has to work directly with brand manufacturers to
make sure products are shipped with the tracing ink. It recently entered
into a partnership with AR Packaging, a leading packaging company in
Europe working with food brands like Unilever and Nestle.

While printing ink on packaging is efficient for tracking an item from
the manufacturing plant and along the distribution chain, the tech
doesn’'t work for secondhand purchase authentication. For instance,

a buyer may remove Cypheme’s sticker from the packaging of a luxury
watch, and decide to resell it at a broker shop or online. In this case,
verifying authenticity is not possible unless the printing is part of the
product itself.

The solution for luxury brands and other high-stake retailers, moving
forward, may be to identify or add unique fingerprints to physical goods
at the site of manufacturing and track it through the supply chain.
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CHECKOUT-FREE RETAIL

Entering a store, picking what you want, and walking out almost “feels”
like shoplifting. Al could make actual theft a thing of the past and
check-out free retail much more common.

Amazon Go did away with
the entire checkout process,
allowing shoppers to grab
items and walk out.

liazongo

Amazon has no public plans

X “ \_\“ES . NU cHECI(g” 4 to sell its tech-as-a-service

; '. ( NUSER'UUSLY) . to other retailers yet, and has
N 7% , been tight-lipped about the
: i3 operations, success, and pain
points — only revealing that

: it uses sensors, cameras,
computer vision, and deep learning algorithms. It has denied using facial
recognition algorithms.

Startups like Standard Cognition and AiFi have seized the opportunity,
stepping in to democratize Amazon Go for other retailers.

A challenge for grab-and-go stores is charging the right amount to the
right shopper.

Loss of inventory due to shoplifting and paperwork error, among other
things, cost US retailers around $47B in 2017, according to the National
Retail Federation.

“Stealing is buying,” Steve Gu, co-founder and CEO of startup AiFi, said in
an interview with The Al Podcast, discussing the technology behind grab-
and-go stores.
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So far, Amazon Go is the only successful commercial deployment, but
the the parameters of success are tightly controlled.

The chance of someone shoplifting is minimized when you control who
enters the store, and automatically charge them.

Amazon already has an established base of Prime members. All the
Go stores so far have been restricted to members, with other retail
operations like the Kindle store, which is open to the general public, still
relying on a manual checkout process.

Smaller bodegas, convenience stores, and even several established
supermarkets have to build that membership base from scratch.

Steve Gu hinted in the same podcast that there could be a “grab-and-go”
section for people willing to download the app, and a separate checkout
line for those who don’t want to.

It's not clear how a store’s infrastructure would support both.

That still leaves the issue of point-of-sale inventory shrinkage such
as incorrectly billed items or POS theft. China’s Yitu Technology and
Toshiba, with its intelligent camera for checkout, are some of the
companies separately working on the shrinkage problem.

The complexity of preventing theft depends on the size and scale of
operations, and type of products on the shelves.

Amazon Go stores are only about 1,800 to 3,000 sq. ft, and use hundreds
of cameras covering nearly every inch of ceiling space. In comparison,
traditional supermarkets can be 40,000 sq. ft. or more.

Go, which uses weight sensors on shelves in addition to cameras for
visual recognition, currently only offers a limited selection of items, like
prepared and packaged meal kits.

Some things to consider are how floor space will be utilized, especially in
densely packed supermarkets, to ensure cameras are optimally placed
to track people and items. Loose vegetables and other produce that
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are billed per pound would presumably rely on sensor tech, but multiple
shoppers picking items simultaneously from the same carton would not
work with sensors alone. Even pre-packaged or diced vegetables have
slight variations in price from one package to another.

Apparel too is particularly hard for computer vision systems to track.
Identifying the size (S/M/L) and tracking clothes that are easily folded
and tucked away are some of the pain points.

STANDARD COGNITION AlFI

Single grabs from s

Standard Cognition has partnered with AiFi reportedly has around 20 retail
Japan's CPG wholesaler Paltac Corporation clients in the pipeline

While startup AiFi promises to utilize existing store infrastructure and
a combination of sensors and cameras, Standard Cognition claims to
completely do away with sensors, relying solely on machine vision.

Standard Cognition announced a partnership with Paltac Corporation,
Japan’s largest CPG wholesaler, to outfit 3,000 Japanese stores ahead of
the Tokyo Olympics in 2020. AiFi reportedly has around 20 retail clients
in the pipeline, including a contract with a major retailer in New York.

In the near term, it comes down to what the cost of deployment and cost
of inventory loss due to potential tech glitches would be, and whether a
retailer can take on these costs and risks.
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BACK OFFICE AUTOMATION

Al is automating administrative work, but the varied nature and formats
of data make it a challenging task.

Challenges for automating “back office tasks” can be unique, depending
on the industry and the application.

Take clinical trials for instance. Many trials still rely on paper diaries

for entering patient data. These diaries are stored digitally, often in
difficult-to-search formats, while handwritten clinical notes pose unique
challenges for natural language processing algorithms to extract
information (accounting for spelling errors, jargon, abbreviations, and
missing entries).

Automating auto claims processing, on the other hand, brings a different
set of challenges, in this case assessing the damage and drilling down
into the root cause.

But different sectors are beginning to adopt ML-based workflow
solutions to varying degrees.

Robotic Process Automation (RPA), a loose term for any back office
drudge work that is repetitive and can be automated by a bot, has
been the subject of much buzz. But, like Al, it's an umbrella term that
encompass a wide range of tasks from data entry to compliance to
transaction processing to customer onboarding, and more.
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& Mentions of RPA peaked in earnings calls in Q3'18

Number of mentions of “RPA” or “robotic process automation,” by quarter of call
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While not all RPAs are ML-based, many are beginning to integrate image
recognition and language processing into their solutions.

WorkFusion, for example, automates back-end operations like Know Your
Customer (KYC) and Anti-Money Laundering (AML) processes.

Unicorn UiPath’s services have been used by over 700 enterprise clients
globally, including DHL, NASA, and HP, across industries ranging from
finance to manufacturing to retail.

Automation Anywhere is another unicorn in the RPA space. One of the
company’s case studies highlights a partnership with a global bank to
use machine learning to automate human resource management. An “IQ
Bot” extracts information from forms that come in from several countries
and in many languages, cleans the data, and then automatically enters it
into a human resource management system.

Despite the concept of RPA being around for years, many industries
are just beginning to overcome inertia and experiment with newer
technologies. In other areas, there’s a need for digitization before there
can be a layer of predictive analytics.
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LANGUAGE TRANSLATION

NLP for language translation is both a challenge and an
untapped market opportunity. Big tech companies are pushing
the boundaries here.

Machine-based language translation is a huge untapped opportunity with
applications in back office automation for multinational corporations,
customer support, news & media, and other things.

Baidu recently announced that it's launching new translator earbuds,
similar to Google Pixel Buds, which can reportedly translate between 40
different languages in real-time.

Some startups like Unbabel are using human-in-the-loop machine
translation systems, with the goal that the feedback loop will train the
algorithms to get better over time.

NLP for translation has several challenges. For instance, Chinese natural
language processing alone is complex, with 130 spoken dialects and 30
written languages.

A year after Yoshua Bengio, a pioneering researcher in deep learning,
published a paper proposing a new architecture for machine translation
— a novel way of using neural networks instead of traditional statistical
approaches — Google upgraded its own algorithms for the Google
Translate Tool.

“This breakthrough will help us provide even more accurate translations
for people around the world,” CEO Sundar Pichai said in an earnings call
in 2016.
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Google wanted to move away from its old algorithmic approach of
Phrase-Based Machine Translation (PBMT) and proposed a new Google
Neural Machine Translation (GNMT) system.

Although different papers had been published on neural machine
translation, there were limitations, like the time and computational
resources that went into training these models, and failure in translating
rare words.

Google suggested improvements to address these issues, and tested its
algorithms on English to Chinese, Chinese to English, Spanish to English,
among other examples.

Language pair Input sentence: Translation (PBMT): | Translation (GNMT): | Translation (human):
Chinese->English | 20155 X20164F, 2015 to 2016 , the Total credit card

WoAHEEHER+£3 | total amount of transactions in the

HEEEEM 7R credit card Asia-Pacific region

2%, \igRxk, transactions in Asia | will increase by $
HAZ2JEHE, 8 | Pacific willincrease | 1.7 frillion in
TEIEE1870{23% by § 1.7 trillion , the | 2015-2016, the

T largest increase , largest increase,
followed by North followed by North
America , growth will | America with $ 187
reach $ 187 billion . billion.

Chinese->English | 1004 &1, #3517 | 100 years ago, the 100 years ago,

REEEAIBELIFE | prediction of Einstein predicted

EZBRAXEFLIE | Einstein's gravitational waves

ESIWIEIETPab gravitational waves may not be able to
probably can not imagine humans bl | : t
imagine humans can | can directly observe | humans can directly
directly observe the gravitational S > th

gravitational waves. waves.

Source: Google Al Blog

Several research papers have been published on the topic. But the most
recent breakthrough comes from Facebook.

According to the paper, “Most research in multilingual NLP focuses

on high-resource languages like Chinese, Arabic or major European
languages, and is usually limited to a few (most often only two)
languages. In contrast, we learn joint sentence representations for 93
different languages, including under-resourced and minority languages.”
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Details Training Tatoeba Error [%]  Tatoeba
ISO3 ISO2 Name Family Script ng’: S en — XX XX —en lessitziet
hye hy Armenian Armenian Armenian 6k 59.97 67.79 742
bel be Belarusian Slavic Cyrillic Sk 31.20 36.50 1000
mya my  Burmese Sino-Tibetan Burmese 2k n/a n/a -
dip Central/Kadazan Dusun Malayo-Polynesian Latin 1k 92.10 93.50 1000
khm km  Central Khmer Khmer Khmer 625 77.01 81.72 722
cbk Chavacano Creole, Romance Latin 1k 24.20 21.70 1000
kzj Coastal Kadazan Malayo-Polynesian Latin 560 91.60 94.10 1000
cor  kw  Cornish Celtic Latin 2k 91.90 93.20 1000
mhr Eastern Mari Uralic Cyrillic 1k 87.70 91.50 1000
ido o Ido constructed Latin 3k 17.40 15.20 1000
ina ia Interlingua constructed Latin 9k 5.40 4.10 1000
ile ie Interlingue constructed Latin 3k 14.70 12.80 1000
gle ga Irish Irish Latin 732 93.80 95.80 1000
kaz  kk Kazakh Turkic Cyrillic 4k 80.17 82.61 575
Ifn Lingua Franca Nova constructed Latin 2k 35.90 35.10 1000
oci oc Occitan (post 1500) Romance Latin 3k 39.20 38.40 1000
wuu Wu Chinese Chinese Chinese 2k 25.80 25.20 1000
yue Yue Chinese Chinese Chinese 4k 37.00 38.90 1000

Table 2: List of the 18 very low-resource languages included during training of the proposed model, along with
their language family, writing system, the resulting similarity error rate on the Tatoeba test set, and the number of
sentences in it. Dashes denote language pairs excluded for containing less than 100 test sentences.

Source: hitps://arxiv.org/pdi/1812.10464 pdf

As big tech companies continue devoting resources to improving
translation frameworks, efficiency and language capabilities will improve
and adoption will increase across industries.
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SYNTHETIC TRAINING DATA

Access to large, labeled datasets is necessary for training Al
algorithms. Realistic fake data may solve the bottleneck.

Al algorithms are only as good as the data they are fed, and
accessing and labeling this data for different applications is time
and capital intensive.

Access to this type of real-world data may not even be feasible.

Consider an autonomous vehicle for instance. Training AVs on
dangerous, less frequent situations, such as blinding sun or a pedestrian
jumping out from behind parked cars, using real data is hard.

That's where synthetic datasets come in.

In March 2018, Nvidia launched a cloud-based photorealistic simulation
for autonomous vehicles called DRIVE Constellation. AVs can drive in
virtual reality simulation for billions of miles before hitting the roads — a
venture aimed at creating “a safer, more scalable method for bringing
self-driving cars to the roads.”

Imagine AVs driving through a thunderstorm. Nvidia's solution simulates
what data sensors in the car, (like a camera or LiDAR) would generate
under these conditions. The synthetic sensor data is fed to a computer
which makes decisions as if it were driving on an actual road, sending
commands back to the virtual vehicle.
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An interesting emerging trend is using Al itself to help generate more
“realistic” synthetic images to train Al.

Nvidia, for instance, used generative adversarial networks (GANs) to
create fake MRI images with brain tumors.

“Together, these results offer a potential
solution to two of the largest challenges
facing machine learning in medical imaging,
namely the small incidence of pathological
findings, and the restrictions around sharing
of patient data.”

— NVIDIA RESEARCH PAPER
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Source: hitps://arxiv.org/pdf/ 1807 10225 pdf
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GANSs are being used to “augment” real world data, meaning Al can be
trained with a mix of real world and simulated data to have a larger, more
diverse dataset.

Robotics is another field that can greatly benefit from high-fidelity
synthetic data.

Consider a simple task of teaching a robot to grasp something. In 2016,
Google researchers used 14 robotic arms tasked with learning how to
grasp different objects. Data from the failed and successful attempts
from all 14 robots were used to train a neural network to help the robots
“share their experiences” and predict the outcome of a grasp.

In all, it took 800,000 grasp attempts, “equivalent to about 3000
robot-hours of practice” to “see the beginnings of intelligent reactive
behaviors,” according to the research team.

But simulations — having hundreds of virtual robots practice in a virtual
environment — can vastly simplify this process.

One of the challenges is creating realistic objects (like making the
simulation of an apple or pencil look as close to a real-life objects as
possible). In 2017, Google researchers used generative adversarial
networks (GANs) to do just that, drastically reducing the amount of real-
world data needed to train the robot.
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Source: https://arxiv.org/pdf/1709.078 57 pdf

Early-stage startups like Al.Reverie are developing simulation platforms
to generate datasets for a variety of industries and scenarios.

As the tech scales and synthetic data mimics real-world scenarios more
accurately, it will act as a catalyst for smaller companies that don’t have
access to large datasets.
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Threatening

REINFORCEMENT LEARNING

From training algorithms to beat world champions in board games to
teaching Al acrobatics, researchers are pushing the boundaries with

reinforcement learning. But the need for massive datasets currently

limits practical applications.

Reinforcement learning gained media attention when Google
DeepMind’s AlphaGo defeated a world champion in the complex and
strategic Chinese game of Go.

In a nutshell, the point of reinforcement learning is this: What action do
you need to take to reach your goal and maximize rewards?

Because of this approach, reinforcement learning has particularly taken
off in gaming and robotic simulation.

DeepMind’s AlphaGo was initially trained using supervised learning
(using data from other human players to train the algorithm) and
reinforcement learning (Al playing against itself).

DeepMind later released AlphaGo Zero, which it claimed achieved
super-human performance. It was trained purely based on reinforcement
learning (playing against itself given just a set of rules).
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Recently, researchers at UC Berkeley used computer vision and
reinforcement learning to teach algorithms acrobatic skills from YouTube
videos. Computer-simulated characters were able to replicate the moves
in the videos without the need for manually annotating poses.

Source: hitps://bair.berkeley.edu/blog/2018/10/09/sfw/

With reinforcement learning, the simulated characters can apply their
skills to new environments. For example, if a man in a YouTube video did
a backflip on flat ground, the simulated character can adapt the skill to
do a backflip on uneven terrain.

Despite these rapid advances, reinforcement learning adoption hasn't yet
taken off because of how much data it requires compared to supervised
learning, which is the most prevalent Al paradigm today.
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“There’s a rapid fall off as you go down this
list [of different approaches to learning] as
you think of the economic value created
today ... Reinforcement Learning is one class
of technology where the PR excitement is
vastly disproportionate relative to the actual
deployments today.”

— ANDREW NG, EMTECH 2017 PRESENTATION

But research into RL applications is increasing. A keyword search in title
and abstract of US patent applications shows an uptick in activity in the
last 2 years.

&: US patent applications for reinforcement learning

Number of patents by date of filing, based on keyword searches in title and abstract
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=: CB Insights patent analytics

Top applicants include Google, IBM, Alphaics (an Al startup), Mobileye


https://www.technologyreview.com/video/609376/the-state-of-ai-emtech-mit/
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(acquired by Intel), Microsoft, Adobe, and FANUC.

In earnings calls, Baidu actively discussed reinforcement learning,
mentioning it 7 times in its Q1°18 call.

“One highlight in Q1 is that for the first
time, we deployed a powerful reinforcement
learning based infrastructure that can
significantly improve our ability to better
match ads to our users and increase
clickthrough rates and conversions”

— BAIDU ON A Q1°'18 EARNINGS CALL
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NETWORK OPTIMIZATION

From facilitating spectrum sharing to monitoring assets and
coming up with optimal designs for antenna, Al is beginning to change
telecommunication.

Telecommunication network optimization is a set of techniques to
improve latency, bandwidth, and design or architecture — anything that
augments the flow of data in a favorable way.

For communication service providers, optimization directly translates into
better customer experience.

One of the biggest challenges in telecommunications, apart from
bandwidth constraints, is network latency. Applications like AR/VR on
mobile phones will only optimally function with extremely low lag times.

Apple was granted a patent recently to use machine learning to form
“anticipatory networks,” which anticipate what action wireless-enabled
devices like smartphones may likely perform in the future and download
data packets in advance to reduce latency.
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Another emerging application of machine learning is in spectrum sharing.

The government licenses certain frequencies of the electromagnetic
spectrum to companies like Verizon in an auction.

The Federal Communications Commission (FCC) ruled that the 3.5 to
3.7GHz spectrum will be shared between different users.

This means carriers can dynamically access shared frequencies based
on availability. This will allow them to scale bandwidth up and down
based on network demand. It will also provide spectrum access to
smaller commercial users that don't license a dedicated spectrum of
their own.

Parts of the 3.5GHz band is used by the US Navy and other federal
agencies. They are given the first tier of access, and if the spectrum is
not being used by them, then it goes to tier 2 and tier 3 users.

Companies like Federated Wireless provide Secure Spectrum Access
(SAS) to dynamically assign spectrum between different tiers of users
and ensure there’s no interference with federal signals — and it leverages
machine learning to do that.

In 2018, Federated Wireless was granted a patent to use ML to classify
radio signals into different categories, such as federal signals, noise
signals, and unknown signals. It does this while obscuring features of
federal signals (so that hackers never gain access to specific features or
weaknesses in military/defense signals).
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DARPA wants to eventually move away from SAS players that facilitate
spectrum sharing to an automated ML-based system. To this end, it
launched the Spectrum Collaboration Challenge in 2016. Participants in
the competition have to use ML to come up with unique ways for radio
networks to “autonomously collaborate to dynamically determine how
the radio frequency (RF) spectrum should be used moment to moment.”

DARPA also launched a Radio Frequency Machine Learning Systems
(RFMLS) program in 2017. Similar to the Federated Wireless patent
above, DARPA wants to use ML to differentiate between different types
of signal, especially spotting malicious signals that intend to hack into
end devices (such as IoT devices).

Telecom players are also preparing to integrate Al-based solutions in the
next generation of wireless technology, known as 5G.

Samsung acquired Al-based network and service analytics startup
Zhilabs in preparation for the 5G era.
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Samsung said in a press release that Al software will be used to “analyze
user traffic, classify applications being used, and improve overall service
quality.”

Qualcomm sees Al edge computing as a crucial component of its 5G
plans (edge computing reduces bandwidth constraints and frequent
communications with the cloud — a main focus area for 5G).

Early research papers are also emerging exploring the use of
neural nets to come up with the most optimal design for antenna in
telecommunication networks.
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AUTONOMOUS VEHICLES

Despite a substantial market opportunity for autonomous vehicles,
the timeline for full autonomy is still unclear.

A number of big tech companies and startups are competing intensely in
the autonomous vehicles space.

Google has made a name for itself in the auto space. Its self-driving
project Waymo is the first autonomous vehicle developer to deploy a
commercial fleet of AVs.

Investors remain confident in companies developing the full autonomous
driving stack, pouring hundreds of millions of dollars into GM'’s Cruise
Automation ($750M from Honda in October 2018 and $900M from
SoftBank in May prior) and Zoox ($500M in July 2018). Other startups
here include Drive.ai, Pony.ai, and Nuro.

China, in particular, has ramped up its AV efforts. The Chinese science
ministry announced last year that the nation’s first wave of open Al
platforms will rely heavily on Baidu for autonomous driving.

In April 2017, Baidu announced a one-of-a-kind open platform — Apollo —
for autonomous driving solutions, roping in partners from across the globe.

As with other open-source platforms, the idea is to accelerate Al and
autonomous driving research by opening it up to contributions from
other players in the ecosystem. Making the source code available to
everyone allows companies to build off of existing research instead of
starting from scratch.
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&5 Baidu builds global autonomous driving ecosystem

Select international partners of Baidu’s Apollo project
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Alibaba also recently conducted test drives of its autonomous vehicle.
But interestingly, just over a year ago, Alibaba was skeptical about the
long-term commercial opportunity of autonomous vehicles, mentioning
in an earnings call that “nobody has figured out the long-term economic
model for this, but people are doing it because there is some very
interesting artificial intelligence-related technology” involved in building
autonomous vehicles.

Even with hesitation surrounding the future of the technology,
automakers are still working full steam ahead. The market is projected to
reach roughly $80B by 2025.

Some applications could see earlier adoption of fully self-driving
vehicles, such as logistics and fulfillment.
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&: Autonomous last-mile delivery is making news

Number of news mentions for “autonomous” and “last mile”
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Autonomous logistics — specifically autonomous last-mile delivery — is
top-of-mind for retailers and fulfillment companies, and may be the first
area where we see full autonomy. Self-driving vehicles could help tackle
the costly and arduous challenge of delivering goods at the last mile,
which can add up to nearly a third of an item’s total delivery cost.

States like Arizona which have liberal laws for autonomous vehicle
deployment are emerging as test beds. In June 2018, robotics startup
Nuro partnered with Kroger, one of the largest brick-and-mortar grocers
in the US, to deliver groceries. Nuro is designed to drive on neighborhood
roads, not just sidewalks like other delivery robot and vehicle prototypes
that have been developed.

In the restaurant space, pizza companies like Domino’s and Pizza Hut
have been at the forefront of testing out autonomous vehicles. Ford is
piloting autonomous delivery in Miami with pizza, groceries, and other
goods. The OEM partnered with over 70 businesses, including Domino’s,
in early 2018.
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CROP MONITORING

Three types of crop monitoring are taking off in agriculture:
On-ground, aerial, and geospatial.

The precision agriculture drone market is expected to reach $2.9B in 2021.

Drones can map the field for farmers, monitor moisture content using
thermal imaging, and identify pest infested crops and spray pesticides.

Startups are focusing on adding a layer of analytics to data captured by

3rd party drones.

Taranis, for example, uses 3rd party Cessna airplanes to do this. Taranis
also acquired agtech-Al startup Mavrx Imaging last year, which was
developing ultra high resolution imaging tech to scout and monitor fields.
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Taranis uses Al to stitch together images of the field and also to
identify potential issues with crops. John Deere, a farming equipment
manufacturer, tapped the startup along with a few others, to collaborate
on potential solutions for John Deere.

Deere has been reinventing itself with Al. It bought Blue River Technology
— an agricultural equipment company leveraging computer vision —

for $300M+. Among other things, Blue River was working on “smart
weeding” and “see-and-spray” solutions.

This type of individual crop monitoring can become a major disruptor for
the agricultural pesticide industry. If on-the-ground farming equipment
gets smarter with computer vision and sprays only individual crops as
needed, it will reduce the demand for non-selective weed killers that kill
everything in the vicinity. Precision spraying would also mean a reduction
in the amount of herbicide and pesticide used.

Beyond the field, using computer vision to analyze satellite images
provides a macro-level understanding of agricultural practices.

Geo-spatial data can provide information on crop distribution patterns
across the globe and the impact of weather changes on agriculture.

Cargill invested in Descartes Labs, which uses satellite data to develop

a forecasting model for crops like soybean and corn. This application of
computer vision has also piqued the interest of commodities traders and
government agencies. DARPA is working with Descartes to forecast food
security.
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Transitory

CYBER THREAT HUNTING

Reacting to cyber attacks is no longer enough. Proactively
“hunting” for threats using machine learning is gaining momentum in
cybersecurity.

Advancements in computing power and algorithms are turning previously

theoretical hacks into real security problems.

According to the Breach Level Index, a global database of public data
breaches, 4.5B data records were compromised worldwide in H1'18 (for
reference, the figure was 2.6B for all of 2017).

Records Dateof Typeof  Source of Risk
Rank ;. Organization Breached Breached Breach = Breach Breach Location Industry Score
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Source: Breach Level Index top H1"18 breaches

Unlike other industrial applications of Al, cyber-defense is a
cat-and-mouse game between hackers and security personnel, both
leveraging advances in machine learning to up their game and keep
ahead of the other.

Threat hunting, as the name suggests, is the practice of proactively
seeking out malicious activity instead of merely reacting to alerts or a
breach after it has occured.
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Hunting begins with a hypothesis on potential weaknesses in the
network, and manual and automated tools to test out the hypothesis in a
continuous, iterative process. The sheer volume of data in cybersecurity
makes machine learning an inseparable part of the process.

A quick search on for “threat hunters” shows 70+ job listings
in the United States from organizations such as Microsoft, Raytheon,
Verizon, Booz Allen Hamilton, and Dow Jones.

While this reflects an emerging demand for threat hunters across diverse
business types, it also indicates that the title itself is still niche.

“Results from the SANS 2018 Threat
Hunting Survey show that, for many
organizations, hunting is still new and
poorly defined from a process and
organizational standpoint ... The survey
of 600 respondents reveals that most
organizations that are hunting tend to be
larger enterprises or those that have been
heavily targeted in the past.’


https://www.linkedin.com/jobs/search?keywords=%22threat%20hunter%22&location=United%20States&locationId=us:0&trk=jobs_jserp_search_button_execute&searchOrigin=JSERP&applyLogin=
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As the SANS 2018 survey suggests, the stakes are higher for larger
enterprises whose differentiating factor is their access to a treasure
trove of data.

Amazon, for instance, faces mounting pressure from AWS customers
to secure the cloud. Wrongfully configured AWS servers have
resulted in data breaches at customers like Verizon, WWE, Dow Jones,
and Accenture.

Amazon acquired threat hunting startup Sqrrl to develop a new product
for hunting hackers on AWS clients’ accounts.

Cylance, another Al startup with a focus on threat hunting, was acquired
by Blackberry last year.

The more spread out a network becomes the more vulnerable it becomes.

Threat hunting is likely to gain further traction, however it does come
with its own set of challenges, such as dealing with an ever-changing,
dynamic environment and reducing false positives.
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CONVERSATIONAL Al

For many enterprises, chatbots became synonymous with Al — but the
promise isn’t keeping up with the reality.

Recently, Google was in hot water over its conversational Al feature,
Duplex.

Duplex can make phone calls and reservations on behalf of the user, but
communicates like a real human (complete with “umms” and pauses).
It sparked ethical concerns over whether or not Duplex needs to identify
itself as a conversational agent when speaking to real people.

Google added Duplex to its new phone, Pixel 3. It has turned the Pixel 3
into an Al powerhouse, including a “screen call” option that allows the
Google Assistant to screen for spam callers.

Google has been applying to patent the interactions between two
conversational agents since 2014. The most recent application,
“Conversational Agent Response Determined Using A Sentiment,” was
filed in April 2018.
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Google Agent identifias another agent
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Let me connect you with the agent for
John's Pizza Joint
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lie?
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Google Agent?
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deliverad in thirly-live minutes.

Source: USFTO

Despite FAMGA and China’s big tech companies (Baidu, Alibaba, and
Tencent) focusing heavily on this space, conversational agents —
both voice- and text-based — are more feasible in some applications
than others.

One of the most widespread applications of chatbots is in customer
service. Bots form the first layer of interaction with the user (note: not all
bots use natural language processing) and hand off queries to a human
based on the level of complexity.
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This is still challenging for applications like health and insurance, where
triaging (gauging the urgency of a situation) is complex.

Similarly, shopping through voice-based conversations alone, without a
visual cue, is challenging.

Although analysts and CPG brands, from Sephora and Nestle to
Capgemini, have talked up voice shopping as the next big thing in retail, it
hasn't taken off. With the exception of reordering specific items, it fails to
provide key customer experiences that drive online commerce.

Mental healthcare is another area where chatbots seem like a potentially
disruptive force.

High costs of mental health therapy and the appeal of round-the-clock
availability is giving rise to a new era of Al-based mental health bots.
Early-stage startups are focused on using cognitive behavioral therapy
— changing negative thoughts and behaviors — as a conversational
extension of the many mood tracking and digital diary wellness apps in
the market.

But mental health is a spectrum. There is variability in symptoms,
subjectivity in analysis, and it requires a high level of emotional cognition
and human-to-human interaction.

This makes areas like mental healthcare — despite the upside of cost
and accessibility — a particularly hard task for algorithms.
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DRUG DISCOVERY

With Al biotech startups emerging, traditional pharma companies are
looking to Al SaaS startups for innovative solutions to the long drug
discovery cycle.

In May 2018, Pfizer entered into a strategic partnership with XtalPi
— an Al startup backed by tech giants like Tencent and Google — to
predict pharmaceutical properties of small molecules and develop
“computation-based rational drug design.”

But Pfizer is not alone.

Top pharmaceutical companies like Novartis, Sanofi, GlaxoSmithKline,
Amgen, and Merck have all announced partnerships in recent months
with Al startups to discover new drug candidates for a range of diseases
from oncology and cardiology.

“The biggest opportunity where we are still
in the early stage is to use deep learning and
artificial intelligence to identify completely
new indications, completely new medicines.

n

— BRUNO STRIGINI, FORMER CEO OF NOVARTIS ONCOLOGY

Interest in the space is driving the number of equity deals to Al drug



+
discovery startups: 20 as of Q2'18, equal to all of 2017.

&S Big pharma’s interest boosts Al drug discovery deals
Equity deals, 2014 - 2018
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While biotech Al companies like Recursion Pharmaceuticals are
investing in both Al and drug R&D, traditional pharma companies are
partnering with Al SaaS startups.

Although many of these startups are still in the early stages of funding,
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they already boast a roster of pharma clients.

E: Top biotech and Saa$ startups using Al in drug R&D

Most well-funded by total equity (SM), as of Aug 28, 2018 (sselect disclosed partnerships)
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$51

BenevolentAl Recursion Pharmaceuticals Lam Therapeutics Atomwise

Source: chinsights.com B2 CBINSIGHTS

There are few measurable metrics of success in the drug formulation
phase, but pharma companies are betting millions of dollars on Al
algorithms to discover novel therapeutic candidates and transform the
drawn-out drug discovery process.
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WHERE IS ALL THIS DATA FROM?

The CB Insights platform
has the underlying data
included in this report


https://app.cbinsights.com/signup
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