tificial \
intelligence |

ar
index

-+
-
O
oL
Q
—
(qV)
-
C
C
(qv]
(0 0)
<
o
QY

(A




| Al INDEX 2018

Steering Committee

Yoav Shoham (Chair)
Stanford University

Raymond Perrault
SRI International

Erik Brynjolfsson
MIT

Jack Clark
OpenAl

James Manyika
McKinsey Global Institute

Juan Carlos Niebles
Stanford University

Terah Lyons
Partnership On Al

John Etchemendy
Stanford University

Barbara Grosz
Harvard University

Project Manager

Zoe Bauer



| Al INDEX 2018

Welcome to the Al Index 2018 Report

Our Mission is to ground the conversation about Al in data.

The Al Index|&, ATAIREICESEST 5T —2DBIE-EY. BEL., BKEK
HE-- ETREARLE-BHDOERTT,

BERIEECHARE. BEE. Dv—FTURAMIEZLDARIZ, AlELNSHE
HESFITOVWTOERMGEMEZH/LI-HOBIENLEHNELTERALTHL
W=veZE X Al IndexZHIYELELT=.
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Yoav Shoham, Raymond Perrault, Erik Brynjolfsson, Jack Clark, James Manyika, Juan Carlos Niebles, Terah Lyons, John
Etchemendy, Barbara Grosz and Zoe Bauer, "The Al Index 2018 Annual Report”, Al Index Steering Committee,
Human-Centered Al Initiative, Stanford University, Stanford, CA, December 2018.

(c) 2018 by Stanford University, “The Al Index 2018 Annual Report” is made available under a Creative Commons
Attribution-NoDerivatives 4.0 License (International) https://creativecommons.org/licenses/by-nd/4.0/legalcode
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Introduction to the Al Index 2018 Report

MEEICEIEHE. 2018FEBLARLIR— ERRTELIEENFKIZES,

20185 FEEDFHMEIEIZEDEFH & AINEBFICEAT LEEHNEIRIREIEZ 51280 KLER—FE/ERKLT=,

Al Index®3viarTHAIAICEATIERBOEREEESHTFEIL1EIE. ThHHE AIDEMTHNERELENRE
EHEITEBNMETSIEEZEKRLTLNS,

ZD1=8. FEIEEDEH L Al IndexDEELFG THD. LHL. AIDTFIZHSTEERMERBZHSTL
T AIDEEBEEDIZLIITELGW D, AIRDBFOEBNEIRKEEZASZEEFE. Al Index®D RMEALMESR
EEOTLNA,

2017 DAl IndexTlE, ' A—/N L= F—D RN TV =120, dLKIZH TS AT 2BRICERE
LTEDEZLEMN O = RUR—FESSICAIENEEDICTE=0. LYEZLDIHHE HEBILDSIME N D

B LB LT, 2018FEMRTIEEELU LD ERMLZEIMEFELTLD,

20174, Scopus (tHREARDHIEI AT —ERN—R) [ZEEFINT= AIBERX D 83%[XTAUHENMLDE
Dtzotz, AIFERXDEFHR TRIRELEEEZ LHH=DEI—0Y/ o1,

RZIZBITAAL B EE BT ORERZEES RN ERMICEMERE TS50 FCEE5IKOAFEDFEK
R BERFETIE2010F LA Al BHFEEEERDOZEEHN 16FITHEMLTLS, PEIKHA R
AKOEERORYMEEERTHY. 2017FICIE. —ETHR LA D 30%ELOEERAORYAEHELTLS,
AIDERE (T T A, FE. I—Ov/RISRONFED TG HR P TREI-TLVS, AIREHFFOHMTRL:
BE. 2014F(CIXBEMNT A)AITRNT 262, BEAN IO FHREFHFEEAE LTINS,
HABETOAIDEEEEMITEESIC. T IVATIE. TIUHAD 207EHULENS500AEBRESMELZSE
. HARKBOEHFE AR, 5 2[\Deep Learning Indabai&ZBifELT=,

AlD ZERIE T IBRE L DT TIEALY,

ACLU. Amnesty International, Oxford’s Future of Humanitiy Institute. L T United Nations Development
ProgrammeZi& | AIBIREBEDESEEFFIKRIL 505825, TD L. AIDTFIZEITHMRCAEOZHMEEE
BHIDIBHINEEOTLVS, Al4AIIKPWoman in Machine Learning& b o=Hl{kIE. AIDEIZxt32EHYD
F+RGETN—TDARHE~DSAZRL. SMIBELXEEZE GO TLVD,
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AKUR—=MEIKRENZUTD 452 avIznltonb,
1. T—74:Volume of Activity, Technical Performance
FDth) E# . Recent Government Initiative. Derivative measures & Human-Level Performance

Overview

Metrics
3. i : What's Missing?
4.  Appendix
—\\_ 5

Volume of ActivityD 151 TIE. R . £ ¥ EX XK. HE—RORMAN o R-AIZET HREEZRT
ARKUR—FTEBICAVSN =T =2 AIZDVWTESKEZE D PCAIBEDKR AT LSS
EDEE. REUNMBEDEXERORVMDEEEDRRERLLE ., BIE(CHTz>TULVS,

Technical PerformanceTIE, AIDMRED EBEREIFHIZRKL TS, HIZ X, RLAR—FTIX, AINE
BISRELI-EORIZDE NS, MARMDIRIZH I SERBOEELXZFMICELH TS,

2018ERDARLAR—FTlE. MEMRTEOLN-ORYECDEA KM OCAIN T7LUAANDHEERGE.
ZLNIEBICEHEFUOPETHAEENMZSNT =, 512, 2018FEE R TIFAIBEEFOOR Y
RU—T42F AT L(ROS) DAE o O—K# . GLUE metric, COCO leaderboardi & M i1-7381E4
mhHh-TLV3,

MEELRIRIC. AIDFICHBITAEHEH P EECATERIELTEY., AIDMREZE2EMIZH LLEHT
TWAEERDN  MEEBFREMOEEMNLGTRECAIREEEZEERICHS T5HAMNELHED
RANFAFZEICHET 5,

Z D DIEE
e & F#kIZ. the Derivative Measures £ 3> CILEREOBFZRMEEAELTLNS, £f-. AIDEHFT

DEXEEELLT D0, FERPEXRDBRZHEAEHE . Al Vibrancy Index&EWSIRFRRIERZ R
ER

ALUR—FTlE, BF OBV A9 53E4E. Recent Government InitiativesZ & 1=I1Z:BNLT=, A1
BT, 7A)A, FE., 3—AYNIZBITABFAD AN TRMEL TS T HIREERREFTEDT-. EFLL
i, Al IndexTlX, KYZ<DELXDRYBHICET 2T —2ELTELTLEWNEEZTNVS,

Human-Level Performance MilestonesD 73> Tld AINADLARJLIZELT=. HAWNIIAFBA
BEENERLE-EHZERRIEIZRT, 2018F(X4DDEH-HEEMNFTMAZ SN,
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Al Index Report Overview (%)

What's Missing D232 Tld, FELED Al IndexN &Y EIEHLZLR— LB -OITHELIEEZE S
FOBEMRNOWZIEW T —R\wIELEIZFEELDHT,

APPENDIX

AppendixTl, SE2TBEAEDBE, FTEICHLTY—R, Fik, Za7VRICETIMBHEFEH TS, T
f=. AppendixIZIXAIl IndexIZEBEN TS BE LT ETD T STDEBRET —2%E 1M1=,
A2 =FADEADRETNENDRTICHITEHT—2PIEEEZDEICRKFRL T EERES,

SYMBOLS

AUR—rTE, AIDEREEICET ST —2Z2 R HE. BEDO URILEZEMELTREL TS, HEED
LB, TA)AEN O FIRICBELTIRY T IF-RE. AIBREDXRREARDSHRMELGELERIEICET LT —4
LTS,
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VOLUME OF ACTIVITY



r| FRRM: HRABT LDRRIIEME

TEREDTFT1E. 1996 F D FEMEMMIXERKE 2017FEFTOEERFEMMIXERYZTLL
L. ARMEMEERLI-EDTHS, V57 TIE. 29HFOHIEK. 2o E2a—4H1TY
R(CS) DEFHFDFHXE. ATHEE(A) D FOFRRXBORREELLELTLS,
AIHEERFICH T ERMBIXERBIEMES T, AV E2—3 VA IO AT O ERH
XERBOEMEE LEB->TNS,

CDITEML, AIPHFTORXFERBDIEMIE. Computer Science R FIZx T HELDEE
VIZKBEDEITTIERWZEDNH MBS,

T—REFEDFHMIT Appendix1 [ZEREK .

ERFICBTAMXHERYOERBERE (1996-2017)

*)—XA:Scopus
- Al X = CSEX LY
B oox
A
Yy
3
O 7x
(o)}
(@)}
B 5x
4
s
S
= 3x
e
LGN
il
4E 1X
2000 2005 2010 2015

1BZ: AIBTED SR DIE I (LEIsview Keyword Approach Tl27:<. Scopus T Artificial Intelligence” &
SOTYRFICEOTEHL TS, #MITAppendixIZ5EE,

Al outpaces CS

Al papers on Scopus have increased 8x since 1996.
CS papers increased 6x during the same timeframe.
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FRRM: HRABT LDRRIIEME

ElsvierB\ &R LI-AIIZET M ETHEOLONI=F XL, Scopus EDT—RIZEDIE, KHHulgid
FRIRXERBEEHL -,

A

AIBERXDOERMTIE. I—Ov/ D BGENICRIMIXERKEE->TEY. 2017£FIC
Scopus N E RSN T- AlFR XD 28% A T—RA Y/ TRRSN=ED TH B,

— 7. FETIX 2008 F/TZ D ABEH/IXBOEMER VB HozICHLEHST . 2017F(C
FRIN-AIBERXEIL. 2007FEH51.5F 12 ML TS,

T—REFEDFHMIE Appendix2(ZEE &k

Scopus LIZFH T2 g & & D FHEAIBER X F K E (1998—2017)
*)—XA: Elsevier

== China w= United States Europe == == Rest of World

20,000

15,000
£
X 10,000
=

5,000

2000 2005 2010 2015

1EZ: 2008 EFT# D HEIZH 175 AEGERX FEZRHDZMEIEMIL, B 1 R R ELE 5 E DBAFEHEIZLB
AIFE~DRELZEMHIEDFTEEIZER T EEDZEHRLTLB, 2008&*75\192010#:0)3 D//\/Ja/fé FP74:E DEFZE
FHES. BEDBAFETEIERERRIZTS—O v/ \DIFXRRHIZH L CLRZNREL 5L -/ EEL H B,

Europe is the largest publisher of Al papers

In 2017, 28% of Al papers on Scopus were affiliated with European
authors, followed by China (25%) and the U.S. (17%).
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https://www.itu.int/en/ITU-D/Cybersecurity/Documents/National_Strategies_Repository/China_2006.pdf
https://ec.europa.eu/research/fp7/index_en.cfm

VOLUME OF ACTIVITY — RESEARCH

REMI: Y THTIIS EDOAIBERIE

HITHhTI)ZTEIZR S Scopus EDAIBSERXE,
HTFITIDO—EIFELZYE-TLNS,

2010FE DX TIL 28% M HEMEE LHERMHERICH FBINDIP., 2017FEICHKRINHX
FRY S T1-15E . 56% N EYTHTIVIZHEEIND, 20105F-2014F L£2014F-2017FED
AR ZFLEBIL=EE . 2014-2017EDEAMICHEWNT., RIZEEHONTF=HTHTI) D KFETH
XHEROR—ANBESTNAIENHLMN ISt FETAREHELT, Za—J/LRyk
D—IBEEDRIERBMOETYHERN 2010F-2014FE LR D 3% M 5. 20145E-20174F
[ZIXI7%AEKXRMBIZEFR LTSI ENEITONS,

T—REFEDFHMIL Appendix2|ZFEH

ScopuslZH T2 & AIBEY THTIDHXE (1998—2017)

*J—X: Elsevier
Machine Learning and
60,000 7 Probabilistic Reasoning
/
/
/ me Neural Networks
/ Computer Vision

40,000 | / mem= Search and Optimization

NLP and Knowledge
Representation

/ s FUZZY Systems
— Planning and
/ Decision Making

w e Total

The number of Scopus papers on Neural

Networks had a CAGR of 37% from 2014 to 2017

11
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R FHIC: arXiv EDAIRSER ST

arXivESBRENTOS AIBERX O T B IHTIUHE, HHIE arXivEOLARIO
ATMERT, R RETEH,

arXivE DAIBSERXHIL. 2L Y THTFIT) TEMLEET TS, COEIX. ETL
Ea—Sv—FILh, HANIEBLLESETHRIRSNE-1ONICEDHLT . AIGXEENH
BEEDHPBHTERIEEISIELTNDIONRLTWS, Ff-. CORBEIIELFOHREEL
rLTWL3,

2014 LIRT, AV Ea—2E D3 b/ a—U 88, ATHEEH DV IIHWMFET L oY
THTI)EELVEREBBEEFROTULVE=A. 2014FLIE. arXivE TOAIBEERBFIZEITS
BRRDYITHTI) LTINS, CORKIK, AV E1—2EDav (BLKUFD—BMLE 7T
r—2a) AQOBDOEEYICIA, AvEaT—Yay, £§-IEEE. ORTAI9AD LS4
AIBARFOBRELTRELTNS,

T—REFEDFHMIL Appendix3IZFEH

arXivEDBAIBEY T ATIVICEITHEmXE (2010—2017)

Y —XR:arXiv
== Artificial Intelligence == Computation & Language == CV & Pattern Recognition == Machine Learning
Neural/Evolutionary Computing == Robotics Machine Learning (Stats) Sum
6,000 15,000

~

=
III'\lﬁ 4,000 10,000 =
'l 4o

R
™ E S
EXC R
i = 1><
€ 2000 i
< i
N R
<<

0 — - - V = V‘AUA/”WV(”» 0
2010 2011 2012 2013 2014 2015 i o

“.Aside from the increase in publications, it's important to note the adoption of arXiv by
these communities for disseminating results. We've seen many times how establishing
some critical mass then catalyzes ever higher levels of participation within a community...”

Paul Ginsparg, Cornell

12



r| FERAMO: E i DI 4/

X EEEIIEE L. HRNG AIDTFOMETEISLLEL ., FEMIBDOEMEIEEZRD S, 1
SELEEIEEDOEZL. AIDFICHETAHERMOER L 7B LI-EFEE O E RO
DITET D,

AR BEEIEEICHE LT, 1.00EIX. BEED AIFEEFHNHID AR EEILREED
KETITHNTNDEWNSZEITHES, 1.0KYRELZEIEZ. FEENZORHFZEHRLTLDS
ZEFEEIRL, 1.0RBDIGESEZDRFADFIHMNB LI LEERLTLNS,

REIF. AXBEZEPEEZ, @EEZICHZANTNSTA)API—Ov/NEER TRER
ZITEALTNS, 2000 DT —RELKRT HE. 2017TEDT 4ol 3gZREL T, &
FUENEATNSZEE, HEARRKERDARIMEICEIBL TV EN LMD, PEH H
READEBYEEERTHY. AIDICAIZERZLETTNSO., LEEDEREIERADTE
BYEEEZ D,

T—REFEDFHMIT Appendix2(ZER &K,

& Hh i3 D 48 < RO B P FE IR S Al D B 3R 53 BF (2000)
*)—X: Elsevier

= China

. Europe
M=) T
AXHE y - ——

World Average

B feER

& g DA XTI P RIS EAID AT 75 BF (2017)
*)—X: Elsevier

= China
Europe

—U.S.
World Average

AX R I%

HEF EF-EERF
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ScopusIZE RSN TLSEAT. £%. EEAAREEELTOWIRXXHDT—4, FEOT—
BIEARR—=D  F—OYNETAJHDT—RIERR—DIZEEEHLTLND,

16— TIEIMEFEIFLLER L, D ELEEL-RXB DI S7EBMAEBELZRXEHD
J57%ERKLT=,

2017 FHEBFIITERTED HELDAIBLERXEER. 512, FEBMAA 2007F(
FERLU-AIBERSED 400%(C B -2 XE 201 7EICRRL TS, — 4. BB FIZH
ERTEDOHRRLI- AIBEDRIXHIL. 2007ENS73%DEMIZEEE>TINVS,

FEAOPI—OY/REIZHEMMIZ, TA)NTIEEZEIZLIB/ XA KRELREESEZHDH TS,
20175, PA) DT EILFERINT- AIBERXHIEIFED 6.6/5. I—Av/\D 4.14EF=>
1=

3DDMBI RTIZENT, FMAB X (K TET) DB, £E. BEUEFHXEKIEI
EE>TWS, EHHXEIBERD TIZHAHAAMIEEE,

T—REFEDFHMIE Appendix2(Z5E &k,

B IA—C LY — PE (1998—2017)

)—X: Elsevier
= T fF % - R

1,000

750
£y

X 500
&

250

0 —-""/ I
2000 2005 2010 2015

1BZ: 20174, HEIDZEFIEEHEL TREISNAIBERX D H (RFET) 14, #14,0004K, D
FYHREDLAIBERX DF992%7=207=,

Government-affiliated Al papers in
China have increased 400%

From 2007—2017, government Al papers in China increase
400% while corporate Al papers in China increased by 73%.
14
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R U5 DRI

B I —CEDFmXE — 7 A)H (1998—2017)
©)—X: Elsevier

- I X - ER
1,250

1,000
£ 750

500

250

,_/"\/
0 O

2000 2005 2010 2015

1B%: 20174, 7 XA DFTEBFILEHEL TRERSNIAIBERX D (Rt T)(3#99,000K, D
FY. TAYHEAIEEGHX D35£981%1=27=,

EEEHA—CEDRHIH — 3—0v/8 (1998—2017)

©)—X: Elsevier
- AT =% - R
2,000
1,500
i&
& 1,000
500
ﬂ
0
2000 2005 2010 2015

E%: fE5: 20174, I—Ov/ \DFHEFILEEL TRRSNI-AIBERX DY (K7t T)I1£#916,000
. DFY, IO DLAIEEGRHX D55 #988% /=27,

The proportion of corporate papers in the U.S.
is 6.6x greater than that in China

In 2017, the proportion of corporate Al papers in the U.S. was 6.6x
greater than the proportion of corporate Al papers in China.
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F£FRERC: Sector focus (continued) é}i;

EEEEHELAIBER XD R (2009-2017)

*)—X: Elsevier
w=J.S. == China Europe

1.75x
Tin 1.50x
=
= AJ 1.25x
B
&S
% S 1.00x.
m
<

0.75x

2010 2012 2014 2016

BT &EEL-AIBERX D B EEE (2009—-2017)
*)—X: Elsevier

== U.S. == China Europe
2.5x

2.0x

/\)

N

1.5x

1.0x

AIRERXHDO R EE
(20094 & tL.&

0.5x
2010 2012 2014 2016

The number of Chinese government-affiliated Al
papers has more than doubled since 2009

Meanwhile, the U.S. shows the greatest increase in corporate-affiliated
Al papers. There were 1.7x as many corporate Al papers in 2017 as
there were in 2009.

16
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FFXMIC: Citation impact by region

#hi = & Field-Weighted Citation Impact (FWCI) ,

T D FWCHE B D AR X EE DI RSN -RHEHZHREHRD ARXEEN
25 FARHO T TELSILETEHEND,

CORETIE. HMDFEHEEHFFHELERL, HEZEHL TS, 1.0D{EF, HRFHE
BEHDO5IAEKT., 0.85(F. HEFEHITHAN, 15%5|ARIEMADENIEITLES,

I—Av/N[E HREKD AIBERIXERYZEHRS— . HATFHELKL., LBHFIELG
FWCIDEZR > TSI ENAHhM D, XERMIZ, FETIE FWCIDEARLLTWNS, FE®D
AR5 RSN HE%IE. 2000152016 FDET44%M ELTz, LA, fhithigiétt
R, TA)AD G| ARBEAMERAELTEVEETH D,

T—REFEDFHMIE Appendix2(ZEE &k

& i D AIBEE SR STEE O Field-Weighted Citation Impact (1998—2016)
*)—X: Elsevier

= .S. Europe == China we we \World

Re-based FWCI

2000 2005 2010 2015

U.S. Al authors are cited 83% more

than the global average.
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I._| 63X Author mobility by region

A= DEIE, AGRXDEEDEERESIAOZENITHL., ERMGEREEADI=0YT
MRETRT

AIEB TlX., /XEEDRENEE Sedentary, Transitory, Migratory Inflow, Migratory
Outflow® 45 )L—T 21T TR T, KLR—KMZEWNT Sedentaryld. BEEZ ST i<
BOWTEHMICHXEREEROIMEEFIET . Transitoryld. 2FELUT . BEZ SO g
[CEWTHXEHERKXLUIGEL-MEREEIET . Migratory inflowl BEMNZHE T, 2F L L
WXHERKRLIZDZATHEANREI-HEEEIET . Migratory Outflowld B [E - #higi 5} mhvis 24 LU
LHRXEREL. TOFFEENEEF>TLIAEEFIET .

718 B Tl Migratory Outflow® & H B E - g5\ T;EEZFE 1T 55 IL—FEtioTLNVS,

RR—SOEIE, XelEE s, &7 IV—FI2B32 EEIALLYD PRI RRHEE
XHI%GE|E TRLIZED EBSTND, YEIZRIRIZEITHT L—T D FWCI GRX D3I
R#hz. RCHRE - 75 XHEORX OB AHLBoLahE . REBEELIERE
RLTWS,

i £ TIZH VT, Sedentaryy IL—T DFHHIXERINRIEDE &G LLE-TNS, IR
T. 3Hhig#C T, Migratory inflow, outflows JL—7hiixE D FWCIZEERERLTLVS, CDTE
Mo ARMRADBENZVRXEE L. W AR AXRRBELIT. BBODLENT
=T LR BIMERICHIZEN DM D,

FA)A, hE. I—0y/ 0 g TIE., FEIE 76%DAIBEERX DEEH Sedantary
IL—TIZEL. 3t THREKEX Sedantaryy )L—TEHFL TS, Sedantary/ IL—7 D
ZEIFI—0Y/NT52%. TAINTIE38% TH S, SedentaryZ IL—TDEIGNKELFE
0 hEERICS 5T I —TOmXEEIL. 7A)A, A—Ov/NITHER mXFERE
MNEWMERIZH D, 2FY., PEITHEMAREME OB VAR E A LLERDEOA, TAY
A, 30D 2ME THRETOREED S VVARE LR THIVEEELAT L ELSD
ETHD,

T—REFEDFHMIE Appendix 21258 E

Mobile authors have a greater number of

citations and publish more frequently
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FH RS Author mobility by region
BRIZHOA— 5B,

B IRBMEICE TS5 FE K FE LCitation Impact — 7 A1)F (1998—2017)
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[ R JEIMI: AAAI papers by country ;

20185 2R WACTFM=a—F - X THRESN Tz AAAIAZT7L U RICiRH S, R
REN-BETEDRIXHETEDT =,

AAAIITIRHESNTZERX D 70% DT A) A, F=IEREITER SR o1z, X T
[FHEIRZEN, HRIRBIZBELTIEL, 7AVOMS 268K, hEMSIF 265K E(FIXR
BOMHIXHIRIRENTULVD, 2018F, FAJAEFE., ZNZE N AAAIDFHSRIRE (X 29% (7
AYN) . 21%TH>Tzo KAV A R)THLIRBEEINZHEAL T, IREAIZDHZOED
D. MN%EVNSTREDFRELEEST-,

T—REFEDFEMIL Appendix4|ZitEk, hoI7L U ABEEROBENLT—21E 26
R=UFBH,

RHESN IR ERIRSNTRIIEL - 2018 AAAIA T7L 2 R

V—A:AAAI
Submitted | Accepted
1,250
1,000
750
&R
& 1,242
&
500 934
265 268
250
32 40 30 32 17 16 28 14 10 14
@ S @ 2 Q S > > N R > 3
d\\(\ S O3 (O_\\Q}\ @QO\ \)@Q S \&\\ ,\ﬁ@'b ; o %O\e L@
) \2\0 %O\}
R E

70% of AAAI papers are from the U.S. or China

At the 2018 AAAI conference, 70% of submitted papers and 67% of
accepted papers were affiliated with the U.S. or China.
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SIS 7T AVHDKZFIZE T HAIBEREE

Al-BmEEAMEBEEZZEBL-KZEDEE, COEEZFIXREOREFZEELZLDT,
KIBRRICHTHDRFDEIFRE EROZEEH. BLUOKRZOERLTRE AppendixIZEE

#HLTLS,

AIAFIBEDZEET AL BRFEAMIDZBEISIYLOTMIZEIMAR( AIAFT
REFE : 15 5.2% Vs M E APIGBEE : 19 4.4%) IHAHD ., BFE B AMBEILZEEH
DERUVENAIAFIBE LY LEERMHE<E>TIND, COFERIF. AIDIREDFELT, BHE
BOEEMMEL TSI EETRELTLVD, IREBREIRR—UZSE,

T—REFIEDFMIE Appendix5SIZEEH,

AIAFIEEZ ZEL-KFEEDEIE (2010—2017)
*J—X: University provided data
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*/—X: University provided data
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K

= Berkeley == Stanford UIUC = UW
13%

10%
8%
5%

30/0 l//\

0%
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Academic year

175 E Stanford AIAFIZERE: 74.45% B 1% (5518694); 175 E Berkeley Intro to Al: 73.37% B4 (5519734)

}Mﬂf&m

174 & Stanford ##HFE AF: 75.91% B4 (£518764); Berkeley ‘17 Intro to ML: 78.67% B 1% (£517204)
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ESZEE . 7 A)HDKREICH T HAIBEEREE
AVEA— Y AIVRAHTTA)NEESITHREICE TS Al HFEEEZHEZRE
HOEM, ROKRENSDT—E2EFERAL. FiENDEEEFENHT=: UC Berkeley, Stanford,

Ul Urbana-Champaign, University of Washington, Carnegie Mellon University
REDRREE, EROZHBEHR. BLUKRZOEXKTIT Appendix(ZFE#H,

2017EIZHITHAIAFIEEADZFERIL 2012F LR, 34FIZEMLTLNS—F . HH
PEAMFBEADZFERIL. MBS T 5E2EMLTLVS, UC BerkeleylZH LTI,
2012 M5 2017E DRI T, MM E APEEICEFZL-F2EHKIT 6.8F12MmMLTLNS, =
DEMIE. KLUR—FTHRABLEZRZOEBEEAMIBEOR TRADEMETHD,

T—REFEDFHMIE Appendix5IZEE SR

AIAFAEEEE 2 E BUE N (2012—2017)
*J—XA: University provided data
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B 4x uluC
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= e 3x
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sl

MWFEE AMEBEZHEEBUIEME (2012—2017)
*J—XA: University provided data

10x — Berkeley
CMU

Bx m— Stanford
uluC

6X UW

— e Average growth

N
x

Growth in enrollment
(relative to 2012)

N
x

2012 2013 2014 2015 2016 2017

Academic year

2017 introductory ML course enrollment

was 5x greater than it was in 2012
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EHOEM,

F5711%. HREDKZIZE T3 2010ENS2017TED Al M P B EESFE RO BRI
REERL. Y57 2TIE, 2016 FEN52018FDAI- P EREEZFERORMMARE
DHERELI-REEFFTLEO TS, KEDRIFEE, EEOZEEH. BLUKXKZEDOER

& #lL AppendixIZi2 &

BERZICBITA 2017TEDAI- BB FE B ESZFERL 2010F LR, 165 IZS5A T
B CORZRAEND., AIBEZFEROEMIRZIZKYESDENHEZENHLI T,
Fi- HEBEMERT, FBROEEEL5Z2TOEWL, SEORAEBETIE., CORREILIELTLE
T:L\o

T—REFEDFHMIT Appendix6lZER &k

A+ F E B EZEERIEME — 7A)AESN (2010—-2017)
*J—X: University provided data

= Tsinghua (CN)® INAOE (MX) = = UBC (CA) = Toronto (CA) = TU Wien (AT)
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16x
A12x
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EES
= o 8x
g
o >
"o
WX @ 4

FEE

1BEZE: LEEDRILBEDT—RIZF IR AFELEARFZETRL TIVD, IEMFKIF2010FEFFDBREZEEH
FDIEEETH B, (EPFLIF20114ERE, TU Wienl£2012 45 )
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MESRE BRENGT—4

HIN—D DfERES R,

AZEEZEEEIEMME — 7 A)HE S (2016—2018)
*J—X: University provided data

Univ of Edinburgh = USTC (CN) ==SJTU(CN) = PUC (CL)
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23
;K L d
S 1.5x
i o
X @
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15 LEEDREIFBET—IADTIEIHRESNTIVSKEZRL TS, BINFE(F2016 FEDZ5H
BEHEIEEEERIZH S,

2018

24



VOLUME OF ACTIVITY — RESEARCH

HRR DL HR1E

AVELA— Y ATV AN BEES T HERZITETHEIRD MR AR, T—2(F 20185F9A 21
HRESROHHMERENIFLIELDTHS, KEEEL. AaVE1—3Y (IR HEE
Bl BRFTHAE. BB READT IV EANB B THAHLEEEITEDT-,

EHRMZRET DL TOERLGEE(L. EXRBIVZRICBTHESHMEICETIT IR
AIREAIREt T —2DFENE TN D,

AIDBFICHE TR EHRMERESE DD, SHREICET M OBAMEZERT L.
BREIZEOHTULETRLY,

COREZEFRENS., AIDFICETEBIRDTH 80%ABIETHAHAENHIBAL-, CORER
[CRAL T, MM BERICLDIREGERFIH NG, LOL, RAEEZTELREZRMRS
NTWBT=0. ERBO—EETERZA-LDIEELEZ S,

T—REFEDFMITAppendix 7IZFEEi,

AIBSEZISOHRIRR — TE XS (201849A)

*J—X: University faculty rosters
BM BF

University
College London

Stanford

cmy —

i Berkeley |

Oxford
uluc

ETH |
Zurich
0% 25% 50% 75% 100%

B2 DRI A(%)

80% of Al professors are male

On average, 80% of professors from UC Berkeley, Stanford, UIUC,
CMU, UC London, Oxford, and ETH Zurich are male

@
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SMEH: KRBEAIDID7PLIR

KIBEAIDD T7LVADRBRY U TILADOHEEER. LU 2012F LB LEKRBEHY
T7LUAADHEEDEME, RKIAEHVI7LUADERELT, 20174£(22,000 A L1 E
MEmML-RELET S,

20184 . NeurlPSYCVPR, ICMLELVS TR R KIRIED AR AL T7L U RIE, 201245
L TREDHEERDEMETIELT-, 2012F LA NeurlPSADHEEE #E 4.81%.
ICMLIZE W TIZHEE A 6.8 (ML TLVS, COIEEIX., AIZETIIRESFELT,
BHZEAOBELDABFEYRITTNDIEERLTWNS, — A, REMHRICESZ L TIH
VITLUATIE. BRI EIIIFEAERGNLLY,

T—AREFEDOFEME Appendix 8IZFEH.

KIFBEHT7LURANDHFEE L (1984—2018)

*J—X: Conference provided data
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= |JCAI
6,000 I
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w \\\ IROS
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i3 ws [CML
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= |CRA
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0
1985 1990 1995 2000 2005 2010 2015
KIREHT7L O AD HEEHIEME (2012—-2018)
*J—X: Conference provided data
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= [JCAI
AAAI
B - Ir\JCeMuan:s
|  sim——
*é o = |CRA
= o 44X
Eo = Average
=
e 5
H< —
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/
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SMEH: KRBEAIDID7PLIR

INBEAID IT7LOADRBY U TILADHBEER. BEUV 2012E0HFEEICHTEHHY
J7LUREEEMOEME, IMNIEAIDVIFLUOADEREIL. 2017TEDSMEHN
2,000 AL FDEDET B,

20184, ICLRDOHFE (L 2013F D 20fF(CHEML TS, COEMIX. B D AIDE T, iF
BEEERIEFZENFITEIESA TSI LZRIRREEZEAONSD,

T—AREFEDFHMIEAppendix 8IZFEH

INRREA TFLURNDHFEE L (1995—2018)
*J—X: Conference provided data

2,000 = ACL
= AAMAS
1,500 ICAPS
= UAI
& KR
E 1,000 = ICLR
H
500
e ———
0
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1Z: 20184E, KRHTFL RO TIT—0> 3y Tw[HEL -, —BIEF1RIFT B/
&, T—0o3vTBMEFIFKRA T7LRELTHIVRLTUVELY,

INGRBEAUT7L U AANDHFEEHIEMEE (2012—2018)
*J—X: Conference provided data

20x — ACL
= AAMAS
ICAPS
. 15x
o N UAI
28 KR
w2 10x = ICLR
i o - = Average
BE
N o
= 5x
Ox —_—— —

2012 2013 2014 2015 2016 2017 2018

ICLR’s 2018 conference attendance

is 20x larger than it was in 2012
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SMEY: SHBECETIHK '/

ALEEED ZHMLAEEZEDH D ABRFT~RYHETEKR. AVAINDBESMERE. #
WEEOLMEXIET S THAH Woman in Machine Learning (WIiML) ~D & x& #,

WIMLEAIBALLO A TIUH =D AN REIEMLTEY., I A4ALLIZ2015FE D TR
55 LEBLLE. RBEDOEA 900%LL EIZEMLTLNS, WIMLADSME &, 20144 LU
E600%EIEMLT NS, CNODEIEIX. AIDBFIZKEPLHT IIL—TEHAHAANSERY
HHADGEHIZITHON TSI EEFTRLTINVS,

T—REFEDFMIE Appendix 8IZiEE,

Al4ALL sBESMEHETOY S LEME S (2015—2018)

V—R:Al4ALL
== Total Alumni == Program sites
250 8
9 200 6
X =
W 150 e
N 4 =
i“\ 100 ﬁ\
o) , R
50 O
N
0 0
2015 2016 2017 2018
WIML 7 —45 3y 7 &§3%& % (2006—2018)
V—R:WiML
1,000
750
£
#g 500
=
M
250
0
2006 2008 2010 2012 2014 2016 2018

1E5: 2017 FEDWIML T—02 30 F~DEEFE#IE. 1-dayH52-day T—0> 3y T~EEIN =
7z8, ENFERLI-EELO TS,

“..This data reflects the growth we've seen in the WiML community in recent years and, we think,

correlates to increased attention to intentionally diversifying the communities within Al. But we

have a long way to go, since attendance for WiML events still numbers in the hundreds, while

overall attendance at commonly co-located conferences like NeurlPS is in the multiple thousands...”
WiML Board 28
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ORyb o7 #oon—F¥

ARYRARL—T 4TV AT L ( ROS) (ZARYF RS BFTLLEHRHEN TS —T
Y—ADYILITTAZVITHDH, ROSIFHEEEEZEOHREFICLFIAINTILNS, TEED
T—AR1E, FHRMPIZROS.orghind oo O—KRENt=N\AF)vr—CD#ERLTLNS,
ESIAMFEHS YV O—FHOEERL. B8#IZI=—Y IPPRLANLOD AREHS
DURA—FHEERL TS,

2014 R, 5t oo0—FHEA=——0F oo 0—FHIE. TNEFN 352%. 567%D NN
FRETER, COMEE. ORIV IZEADOBEDLOEEYVE, ARV R TLFADLENY
#RLTWD, A=—9 8 A—FHIEEFH T 0O —FHDOEMEYVRONR—ITHELT
WBIEMD, ROSHA Y O—FEEEDEMTIEEL, TLAI—F—HAEML TS L
ETE5,

T—REFEDFMITAppendix 9IZEEEL,

ROS /\y4r—o 40 0—K4$1(2011—-2018)
*/—X: ROS metrics report

=1 =—JIP7FLRAH 5 = &5t
20M 500K
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L sm 400K ;’2
NE 00K 2=
D E 10M £
g 200K & 9
i~~~ =
o M 100K |||
I_i
Y 0K
2012 2014 2016 2018

Since 2014, unique ROS package downloads

from ROS.org have increased by 567%
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ARy IR T7 Hoon—F
20124 LU D ROS orgOPVAE, FOBIE, \—SF 2— ki SHEERLTL\S,

ROSR—UE1—[E7AYHET—AWST, ZREZLHEOTNVS, 2015 M5 2017EITH T,
FEIE, ZA)AOI—AwDIEN, AVREBREEDHT- SOOI T, BEREOREE
L= REBOHFEIZE TS ROSR—UEa—IE, 7AYA, 3—0Ov/RIZE| ITERDA
WRIE LG ST, 2017FEIZHITH, FEILDOR—UEa—IE. 2012F(ZETHREIEN D
R—UE2—D 18EFETHRLTLVS,

T—REFEDFEMIL. Appendix OIZ5E &K,

ROS.org R—YE 21— (2012—2017)
)—X: ROS metrics report

= US. == Japan == India == China Europe

120,000

90,000 /
| —

(monthly)

HAR—TUE 21—

60,000 /

30,000

AE
=] -]

2012 2013 2014 2015 2016 2017

ROS.org pageviews in China were

18x greater in 2017 than in 2012
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REA3—b7vT | B AIRZ— TPy

BEDEIIRFr—XvEFIDLDIIEEZTTA)DO¥_KXRLAREI—LT7YTD
B, BIR(EE) (XFAIRZ—LT7 YT DHERL, IREDIR (BE) X AIZELTRTORY
Fr—FYERINOTIBEZITTNSIREI—LT7YTERLTWD, ZOISTIE. BE1AD
AEA—RT T DMBERIELETHD, RAF—IT7ITINT—E2tyrhoBllRShi-f (G
[ZDOWTIXFHERESR) 2RI T, R3— 7y T DHRIE R TEREMLTLS,

20151 AN 52018 FE 1A DM T, RE—r 7y T D#HEAY 1.31F(CEMLI-— A AIRZ—F
YT OEIF2AFITEMLT, EEETOHEMICE T, RE— 7y T OHBEBIILHLEHER
EREBRELHELTIDA, AIREZ— 7y T ORITEHBERIIIBMLTW S,

T—REFEDFHMIE Appendix 101252 Ei,

Al RA—k7v7 (U.S., January 1995 — January 2018)
*)—X: Sand Hill Econometrics

= Al R2—bT7vT (RE) - @ 22T VA BRET)
1,250 15,000
E 1,000 =
f; 10,000 N
R 750 m
I i
500
P i - 5000  ®
< 250 — L d
0 0
January January January January
2000 2005 2010 2015

1BZ: LEEDAIREZ—FT T DAKEDAISRTLERHEL TLVD, —EBSDRE—F 7T Tl AIFES
FRXDBEEEEL TEAL TS HY, DX TLEKIEE#FFL TUVEL, AppendixIZ5##iZ 508

Active Al startups in the U.S. increased

2.1x from 2015 to 2018

Meanwhile, active startups as a whole increased 1.3x.
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RUFv—FYERIIZEDT A ADRE— T YT T T HEMBEREE, REF. £2TO
BEERERMBORI—ITVTERRET B, FR(E#) X AIRZ—FTYTIIJTHRED
#HZERL, REDIR (B#) (I Fr—FrERLANLZIEEZRZITTNS AIREI—NTVTEE
LEREI—ITYTITH T BIREEZRLTND, UTOT—RE, FIR—CDT—2ERk, 1
FTLEOHIETHY . RETDBIETIEGL,

2013FEMB2017EITMFT T, AIRA—, 7Y T2 T HRUFv—F2vERIL IS DRELET
AS5fEIZEMLTLDDIZHL, ERE—FPYTIZHT IR Fr—FrERL IS DIRELE
(£2.08fFI12&EF2TULNVD, 1997EMNS2000FE(CAIFTTHORYFr—FrERILNDERE—
R YT EEANTIINE-ERBEORBELERX. FYFILNTILDEEIZLEEDTHS,
20145 L2015 NHRELE LR (X, 2014FE DKM AR SLBEREEZ KL TS,

F3XIZDULV T Appendix 10252 &,

RUFr—FvEZRILIZEBAIRZ— T IT~DEMBRES (US,

1995 —2017)
*J—X: Sand Hill Econometrics
- AIRFr—~DIRE ($BN USD) == == ERVF—ADEE ($BN USD)
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VC funding for U.S. Al startups increased

4.5x from 2013 to 2017

Meanwhile, VC funding for all active startups increased 2.08x.
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AIBSEE : AIBEBREC SR A#

1EH-YDKROONSFFIETEDRABE RABDHEEHREE, E<LDRAN, B
DEMMEERDO TS O RARIZEISHASNDIEETLH D,

MAEGELTRLBVREIERZELS. RRETR-GS. RBFEEUHEHICE
CRADEEDRERLLEOTIND, 2015F DI EHL2017TFDAFEHELLELT-
B, REFENMIEHICEENSRAKIL 3FRTISMEITIEML TS,

AIBEDRAIEZLEMIEMLTLAD, AVE1—FI VST ORAICEITREIEELT
(FIRAREL T, 20184128 1B D . Monster.comlZH T 5@ ERHER TIX. [ Javald
F—J—FTIL 83,230t DRAMNRE DM --H, THEWHZET I TREL-EEEE. 20,114
HLMR OB DT=,

FEDEEMIL Appendix11I1Z5EH,
AIRSEREEC LIZR K A% (2015 —2017)
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AIBEER : SRERE DRI 1+5 2 #R1E

20174 AISEDRANIZBTRIEHEEDBREANR, ART—2EROON TS EEETE
[CHFESNTWND, 2D U EDKREEDLELTHDRAIZEITAIVI TS,
SEEOHILT LLERE. FLREREADKRZRLTVSDIT TG HAITH
ZICPREL TEE LT,

TAYHTOAIBEERIH T HRBEIZE T, T 7T1%DKRBENBETHS,
ERDOFYEL, HFERREEZLELT IRNCEERRSEEL O BRFEED
BLIHBICHT DN HFEDBLLEAREGFEER D MMFEICHA., RBFE LOR
TADARISMDIREELLER DT DK EDIEENZNFERELOTNS,

T—REFEDFMIE Appendix 11IZFEH,

MBI &1 B BRI 3K (2017)

©)—X: Gartner TalentNeuron
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|
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recognition |
0 NLP 3560
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ey |
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oK | ‘
= Machine learning 12450
i | |
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|
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‘ ‘ ‘ | ‘
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KEEDEE (%)

On average, men make up 71% of the

applicant pool for Al jobs in the U.S.
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R

HEAZE O F i - BT —2TRS AIBEEFRETORESE,

AIRBERF X, BHEERDER . 8LV E2a—V (2 2—TI(XT0/0°— DN FIZH
fFINndELD%., IPCO—FEFERALTENLIZLDOTH S W RBIChIz>TEHT 5
LITHEETH D,

CDIEEICEHTHEEFEEELE-2TURIZDINT, AppendixIZEEELTLYS,

20145121, AFEFDKI30% A KE ML, BEEBAMNLR 16%DEHENEHAEINT-,
FHAEDOMETHHED LTI, EEEEENZREERELTEY. 2014FEDAIBERFTD
#2004 FEDHIGEIZEKELTLNS,

T—AREFEIZAppendix 121258 H.

FEAEOFEMIE LD R SHAIREEFEF (2004—2014)
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Note: GB + FR + DE refers to a combined number of patents from Great Britain,
France, and Germany
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Al A : Hhig Bl

TOEIE, McKinsey & CompanyDER&EICEIEL-&HEBD KR 2,135 ADFERZEZRLTLY
%, T TIITIE, DIED 1 DDMBREF - [L B EHMIC AIBREZ A AA TN A EEZEDE

BENRRINTUVD, ARAEICHEVT, BEEIEERD ABEEERIRTES, 7O7ARFEHE

g, 1R, PR, AT IVA BLUSTUOTAVADT—RIE RO FSE,

—ER DI TILFFE DRV D HIB LY EEBASHATNSD, AIDBARIZEITIHE
T EDERITLLERE/NEND, §B. SHO AIBANREELDIZEDEIITELLT S E
AT D EFERRNMERICENDRTEEMEAH D,

T—REFEDFMIE Appendix 131252 H,

1L E DREREEICARBASK TV ENOEIS (2018)
*/—X: McKinsey & Company

North America Developing markets Europe
(incl. China)

Robotic process

automation 27

Machine learning 21

Conversational
interfaces

Computer vision

NL text
understanding

NL speech
understanding

NL generation

20
22

16
12
10

Physical robotics 17

Autonomous
vehicles

EZ&EDEIA(%)

B85 IN—DY A XL E I DEA FLIEEEEFIZH B,
North America: N = 479; Developing markets (incl. China): N = 189 (China N = 35); Europe: N = 803
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AR A : Hhisk 51

7 D FKERELE, I—Ov\OFHRET —REHN—F 5,

1D EDREMEEICAZEALTVSRENEA (2018)
*/—X: McKinsey & Company

Middle East and
Asia Pacific India North Africa Latin America

Robotic process
automation
Machine learning
Conversational
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NL text
understanding
NL speech
understanding
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15

Physical robotics

Autonomous
vehicles

A_\I
o Mo —
©
N
N RN
N
LU‘I
w
o

Percent of respondents
Note: /N\—DH A X(FE& i DEBEA FELIEEIERIZH B,
Asia—Pacific: N = 263; India: N = 197; Middle East and North Africa: N = 77; Latin America: N
=127
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AL : EESREHRRE

TDOEIF. McKinsey & CompanyDFREICEIZL-FHEB DK 2,135 ADFHERERLTL
%, T 2ITUE DEKEL 1 DDREF - EX B EEMIC AEEALTOSEEEDEIEN
RRSINTWD, RKFABIZTHEWT. BEBIFERD ABEEETEIRTES, RiE. Y I54
Fr—UEE  BLRIRVICETET—2E RO ESE,

B BENTRIKRZLGMELTEOHEEIC AZEAATIERLHD, E2IE. £t
Y—ERATIFAINIRVEERICBASN TGS, BBETEEESAVITHARAENTE
Y, INETRER—7 T4 IRFEICHALAENTNS, CORBRE, BHELEDHELFA
DABAEH RN, EFENFICEEZETHAIFR TOERRLMMET SRS EINEE
BEKRLTWS,

T—RERERDEEMIL Appendix 13258,

BHEBELEEXTLDAIE A (2018)
*/—X: McKinsey & Company

Service Product / service Marketing / sales
operations development

Telecom

High tech

Financial services
Professional services
Power & natural gas
Healthcare
Automotive

Retail
Travel and logistics

Pharma
E&EDEA(%)
G2E: IN—DH A XL B HBEIZH 1B EELIEBEEEFIZH 5:
N = 77; High tech: N = 215; Financial services: N = 306, Professional services: N = 221; Electric power

and natural gas: N = 54; Healthcare systems and services: N = 67, Automotive and assembly: N = 120;
Retail: N = 46; Travel, transport, and logistics: N = 55, Pharma and medical products: N = 65.
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AIRA : EREBRE

Service operations, Product / service development, and Marketing / sales|ZE§9 5%
MET—RIIFIN—VFBHR.

FARELE LT EDAIE A (2018)
*/—X: McKinsey & Company

Manufacturing rSnuapnpe:é_eCrrr]mag:t Risk

Telecom

High tech

Financial services
Professional services
Power & natural gas
Healthcare
Automotive

Retail

Travel and logistics

Pharma

% & D A(%)

BZE IN—DH A XL EHEEIZH 1B EFELIEBEBEFIZH B, Telecom: N = 77; High tech: N = 215;
Financial services: N = 306; Professional services: N = 221; Electric power and natural gas: N = 54;
Healthcare systems and services: N = 67; Automotive and assembly: N = 120; Retail: N = 46; Travel,
transport, and logistics: N = 55; Pharma and medical products: N = 65.

Organizations adopt Al in business functions that
provide the most value within their industry

This implies that the rate of Al progress for specific applications will likely
correlate to uptake in industries where that specialization is particularly
important.
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Top 10 companies — AINDE % (2017)

NVIDIA Corporation (93), LivePerson (50), Pegasystems (44), Facebook (40), Axon Enterprise (37), salesforce.com (36), Intel
Corporation (35), Microsoft Corporation (34), Genpact Limited (34), Applied Materials (33)

Top 10 companies — B FEET~DEZR (2017)

Alphabet(57), Nasdaq (26), ServiceNow (21), Progress Software Corporation (21), Cadence Design Systems, Inc. (20), Splunk Inc.
(18), Twitter (17), Overstock.com (14), Synopsys, Inc. (14), Aspen Technology (14)




VOLUME OF ACTIVITY — INDUSTRY

aORyRA 4

i Al EERAORYFIZY D EREARK,
—DBEOHEIE. ARy EASRIZE TR LA 54sEOORYNEAKEZRLTHEY.,. Z2B®
K (Ffhihi =& 1T DRV EA S LA 55EERLTLNS,

FEEFFEROORYCVEAERTHY., thDORYFEAR EMOEELERLTH. BAORE
REFE-OTD, 2012F L, FEOEMEBEAIL SERTS500%EML TS —F . EE
PI—OyN\GE OEREEIIZFNEN 105%E122%DEMERE TS, /MNRE
AEEODTIE. BZOFEBORYFEAESRHIRE T, 2012EH152017FITHITTHRLEK
LT3,

T—REFEDFMIE Appendix 15 [Z5EE.

AARyrEA — LA (2012—-2017)
v —X:ifr.org

== North America == China == Japan == South Korea Europe == == Rest of world

150,000

100,000

FHEASH

2012 2013 2014 2015 2016 2017

ARYEEA — ZDthD iz (2012—2017)
v —2RA:ifr.org

==Brazil == India ==Thailand == Taiwan == Africa

12,500
10,000 /
7,500
2,500

2012 2013 2014 2015 2016 2017

FRBAGH

#%E: ENEESH+BA-BL = BALH
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VOLUME OF ACTIVITY — OPEN SOURCE
GitHub stars

GitHUb TEESFHRAIB L UHBET VI 7 /1w —Uh BTz StarDO$, ZDT—4
FSESFLAITOT IV IL—LT—IDKRENZAREZRLTNS, KFLEITK
Zbhf=IL—LT—% {Tensorflow (Google) . Pytorch (Facebook) . mxnet :( Amazon)}?
ASDBEFEY. XU TensorFlowlZE T 5 EFEICH T HELVARITEFTRLIATAE

HRThHD,

T—AREFEDEMIE Appendix 16(Z58Hi,

GitHUbIZEWWTRAISA TSV ERF/ L= R 5T Stargk (2015—2018)
Y—XA: GitHub

== == TensorFlow

pid s sCikit-l€QIN
100,000 ¢ === BVLC/caffe
& w—EraS
/7
2 / CNTK
o 75,000 7 mxnet
*g e ’ s ytOrch
Q 75 theano
=) /7
E 50,000 i m caffe2/caffe2
o s & wem Torch/Torch7
25,000 g v
0 — - E__,,,,
2015 2016 2017 2018

TensorflowZBR{EAIS A4 TS5 AGitHub THEF L 1= B 5+ Starkk (2015—2018)

Y—X: GitHub
40,000 = scikit-learn
= BVLC/caffe
== keras
30,000 CNTK
mxnet
o = pytorch
g theano
_g 20,000 = caffe2/caffe2
E == Torch/Torch7
5
10,000

P i sl B

2015 2016 2017 2018




VOLUME OF ACTIVITY — PUBLIC INTEREST

ITATHREIZH DB

TATHBEIEWSABEECATATRELFROTAT N R HTA4T 1 F=FZa—+S5
JLIIZHELE-BDEIS,

2016 FEMHMN B 2017TFE7TAETHD6, AR T. ROTATHEREDEIEN 12%M530% ELF
LI=&lAMD, BB IEZa— I ERDORSTAITERIZEILL TS, TNLE, R
FATHEEDEEL 30%RTEEITEELTINS,

T—REFEDFHMIE Appendix 17(Z58E,

TANIARE I ZECIEEDEUF AV (2013—2018)
) —X: TrendKite

100% == Positive
== Negative
== Neutral

75%
<
40
W 50%
S
i
)
Iz

250/0 W

0% _~/\ M\M\_

2013 2014 2015 2016 2017 2018

Articles on Al became 2.5x more positive

from 2016 to 2018

43



VOLUME OF ACTIVITY — PUBLIC INTEREST
BRFICKBAIZETAER

TA)NEIVHFTF . KEDEZDHEEHE ( Hansards) ICA THBEEIFHEMFEE LS A
EAEENEH,

2016F., EEICE TAHAI" EBFEEDEREIHIAZHIC LR Lz, 2016FLLIET. 3IDDET
X, MEZENERINBIFEAELGL, ATHBELLEEL T, S<—8DERIZEEEF->TL
1=

Flo. FEMNERLGDHH, BCEDLERVBELVIRISTENDETHS. HIAE KED
T—EDBENIUMNE BBFEBEFIAIHMENMFEDAANVNERRFRFEFEOHRTHELE
L—ERFERESNEEHERLTNS, — AT AFVADT—EDENIUMNE, #HHFEFE
FIEATRREA S Z NI A DR THELEL—ERFERSNEAKEZRLTND, £
D=8, BT LD LB TG ERORFHIERZLELTNS,

TEEORIETA)AIZEATET—2ELEOTNS, HF R EATYRITRDR—UZ8EEH L TLY
3
T—REFEDFMIE Appendix 181252 H,

TA)NEBERICETAHAIEHEMFEEIZBET 58 KX(1995—2018)

*Y—2A:U.S. Congressional Record website, McKinsey Global Institute analysis

B Machine learning  # Artificial intelligence
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VOLUME OF ACTIVITY — PUBLIC INTEREST

07 BFFICKBAICETRER

AFVRBRITEITHAl & HHFE BT 55 R (1980—2018)

*)—X: Parliament of U.K. website, McKinsey Global Institute analysis

B9 204V MD

-

Al/BEEE

B Machine learning B Artificial intelligence

300
200
100
0 -l - 3 e
1980 1990 2000 2010 2018

BZ: 1FIUXD TR, £, VI RFEZ2RE—ih—)L, FEERIFINTIDHHIZEFATE
9, 2018FEDT—4I£11/20/1805 s F T

hFFHRITH T HALHEBETIZHEY HE R (2002-2018)

*y—X: Parliament of Canada website, McKinsey Global Institute analysis

ZET B4

AlLHE S E

B Machine learning B Artificial intelligence
30

20

10

0 m

2004 2008 2012 2016

Note: Only the Canadian House of Commons is included in this analysis. Data for 2018 is through 11/20/18.
Please note that this is an unofficial reproduction for non-commercial use. Readers seeking to use this chart
should note that the Speaker's Permission does not extend to commercial purpose of financial gains
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TECHNICAL PERFORMANCE
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|._| WA H :ImageNet

BEZED ImageNetDFEE ., ImageNetar RT3 L 2017 F L TRHESIN ., R—ILET
DEENF-TAMT =2V TETINERITIEL Z, B AVRTaiav [ERESN TV
LM 28, ImageNet 20120 —/NRADRIET—2 2y hEFERAL. RIEELTLWSHA R/ EEL
TlmageNetD# % ESZ B ZEZERLT-,

BREET—2 YR LT, aoRTA2av DS DFERETOVR TS0, ET ILEFTHE
FTREHDR—ILETOT AT =22y MEBBE R TIXFEELTLEN, ESEREMICE
29 B1=8. 2017FE L2016 FEDEILT—2 Y TIEBI >R E®FAL TS, ZORAA
9 K32, ImageNet/ST+—< U R (A LELKITTLNS,

COEREFER, ADEBIKRERRDORBELDITETIVIET HILICRET HLLKDHD
FRELFERYICL TS, BIZ I, HEATRIBIENIVART L3V ITHE IV THEEShTY
BIHE . EDAVNRTAL AV T LEGEIZ. RROESERT CENHLGSH, LL,
F—Toi T3y FARETHNIE. VOO DA ETHRFIETHERTES,

T—REFEDFHMIE Appendix 191ZFEHK.

ImageNet (2010 —2018)
*/—X:ImageNet; see appendix

== ImageNet competition test set accuracy ImageNet 2012 validation set accuracy
» Human performance

100%

90%
£
H

80%

70%

2010 2012 2014 2016 T 2018

ImageNet
competition ends
in 2017.



I._| WA - ImageNet FL—=2%5 |ZH H BB

TOXIE, ImageNeta—/SR (BT —4R—R) DEREREIHDEETHET HED
FIRT—=0EN—=0 T FB=I2h DB ERLTLVD, CDIFEZEIE. KFERVE
D=9 N —=05F 51012 AIRBFDEENDHIHE BT IE—LEBRSELED AlF
RAVEETTEDIIHONDERERTIDTHD, B HFEIE (LLEM) —ARMLHEHY F
BARITHDI=H. CCTOESIIMD A7 TVr— 3V (T BRN —Z U0 BRI &1
RARERIZH D, FfL—= T I2HDBFRERRMIE. 2 1EETH BB SH4DICEREIN
1=o

ImageNetD L —=> B EEHE T 2ERIL, PILTIVXLDEHF . AV ITSANSHF A
DFRE N—FI2T7HE) . BEUN—ZU T O RTFLEYR—T BNV IIZTD
EERRECEY L TONBELEETHD, AL FL—UJEEBICRE—RT7YTT
B1=012, BHEBN—FOI7/—FRIOR YR I—O%EETHETHD,
T—REFEDFMIE Appendix 19(Z5E &,

ImageNet training time (June 2017 — November 2018)
Y—X: arXiv.org; see appendix for authors

80

60

40

20

6/8/17 11/1/17 11/12/17 7/30/18 11/13/18

ImageNet training time became 16x faster

between June 2017 and November 2018
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| AVARBVARFT TSz A T7—232:COCO

20174 . ImageNetF¥L > I&. Computer Vision7 /LT X LshY ImageNet TR S 54
T IMEHBIUVBEBRDEIRVICEWTEREICS OV EREZERLI--OR T L. Th
L. ARIZa=TolE, KYRHAGIVE2—FE DIV AR IDMNEITEALIESH TS,
DFEY. AT OO ERBRRICHEET 5N EIHD DFIE (BB D FE) O, dRELGEIZF T
FOBELVAATZSER DB E (A TP VMMEE) OFEAIVEL—27 LT X LIZES
TRLETAICONT, AZa=ZT([FLYFRGHREZLELT HEDIVFRIITEALIRSD
FzEWST e, KYMGHRELELT HIRIBIELTIE ETRILLANILOBEETER
EFROAT OO —hTARGTD(F TPV URBV R BT A T—23Y))  FzlEE
DRIVLANILDEETY—rEATIUNIVERICHENT B (Yo T4y A0 T—23
NIEEMZEIFLND,

20184 kR Al INDEXTIZ. Common Objects in Context(COCO)A Tz OV ARV A 15
AT—=2avFrL oo B-BREEEZEAL, JYFEMGIVE1—2EDIV 2RI~
ERIMSMEMZEBIZET 5, TILTVXLDBEIF ANAA—DFRBL. TOAA—DADE
ATOORD . EBEHDA T OATITIOWVNTMNIZET HERELZEIZILLRILD
BREENTHIETHD, EVVANIE. ZRVEELDOHLEA T I/be0—hT(4 X
L. ZDBERFEHICHIEEVELT HEDELS,

20155 LM%, COCOFv LU TERIN-REDFHREIL 0.2 K1V R LEL., 72%I(ZF
ZE=LT1=,
HEBLLET—RIE ELESHB, COCONEED ML COCOF YL B,

COCO instance segmentation challenge (2015—2018)
*)—2A:COCO leaderboard

0.5
0.45
g
Bt
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https://docs.google.com/spreadsheets/d/1vn0Wo3NQBuY4iqMK_fV3EgMow0FIfwjj9y-J62x1RiQ/edit#gid=0
http://cocodataset.org/#home

TECHNICAL PERFORMANCE — LANGUAGE
Parsing

XDIREEEETRET DI=HDERIIZxT D A AT LOMHEE

NFERMSERGEDREDIRVICETLEREERELERIL-ODE—KRETHDS. b
EXETOY SV T EEOBXBNITFEREINTOIOEELOT LTI X LEFERLT
THRTWEDN, BETE, FEEEBMICT—TS5—=U7Z2FERALTITHOhTWS,
2003F LARE ., £XITxtd S FIRATIEIRAU MEMUT= (FF=I& 10% D M),

T—REFEDFMIE Appendix 201ZFE#K.

Constituency parsing — Penn Treebank (1995—2018)
*)—X: See appendix

100% == Sentences < 40 words
== Al|l sentences

95%

90%

F1 Score

85%

80%
1995 2000 2005 2010 2015

From 2003 to 2018, constituency parsing

performance increased by 10%



TECHNICAL PERFORMANCE — LANGUAGE

HHEHER

Ta—REEEIORAVEEBIZ. FAVENSEEBICHIRT 52X VICEAT S AIVRTLDM
BE,

20184, HEASRAVEAFIERL-E00D BLEUROT7 L. 2008FEMN3.5(&LE->TLV5S, KA
VEMNSEEADOHRIL. AT 2.5ECALL-. BEELSTAM Y NEFERALTLNS
=6 A7 X ER TREIZHERAIREL D ITTIEEWLAY( 2017EDRIF7ETO—F -

Appendix®5 M) . FhE¥FEZ LT, BLEURO7IXEWMEROESERT=-HIZFEhh
T3,

T—REFEDFMIE Appendix 211258 #K.

—a1—REER — WMT competition (2008—2018)
*)— XA : EuroMatrix

50 == English > German

== German > English
40

30

BLEU X7

20

10

0
2008 2010 2012 2014 2016 2018

The English to German BLEU score

is 3.5x higher today than in 2008

“..There are a couple of things that the top-performing systems do well. They exploit the
transformer architecture for Neural MT and they exploit the data more effectively. The transformer
architecture can give better results than earlier neural MT models (based on RNNs), but it requires
careful choice of hyper-parameters and optimization...”

—Barry Haddow, University of Edinburgh

Commercial machine translation performance
Learn more about the state of commercial machine translation here.

51


https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1706.03762
https://www.slideshare.net/KonstantinSavenkov/state-of-the-machine-translation-by-intento-july-2018

r| BREICH T HEE :ARC

ARHERF YLD (ARC) DT—RtYhE, 7, 787D INERL RIL(T AAIZEITETL—
F3~9) DERKXHZEETHD, COMEF. EEGCEMCEDHARZRET 50K
HLN TS,

BRFFrLoTOtEYR2,590DEM) EA—2—t Y (5197 ERD IZH T THEY., Fv
LoDty Ild RER—RADTILIAVALEBEOHET7IILT)XLOEAMNREIZEL:
BEDODANEENTND, BRBIEITFRANDHDEERBRBBET, I77MILISRIN TS K
SITLKONDEELANIZHT=5, RERISEHEIRBE(EE 400RZATLav)&H
5, BRICIE. ARCEEDH#EZST . 14AMDIEFFHoNTOEWRZEENXENEF
YTHAHARCI—/IZHFREL TS, BERIC T HBFAMNI—/RRIZHDHZEMNRIISN T
W30 TIEALY,

ARCAUFI—IIE, 2018F4RITV)—ARSN, 2018F D/\T4—<I 2 R[&, EasytvhT

63% M 569%. ChallengetzybT27% M 542%IZM[ ELT=,
T—REFFEDFEMIE Appendix 231250

ARC leaderboard (April 2018—November 2018)
»J—X: Allen Institute for Artificial Intelligence
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80%

60%
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40% e
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TECHNICAL PERFORMANCE — LANGUAGE

BRI~ xd 5% :GLUE

GLUE (— A% EBEARTE) (X, SESFHARITEHASEEMA( NLU) VR TLERIIL.
EDARVIZEDERVATLOBEAREZRETHIIELEEBMELIZFH LR FI—ITHS,
GLUEIE9DDHTRARITHEMIN TS - 2D([FE—NOSENZAMEEEZAETS
HD T, IDITFEUEEE MR ICEAT LD, ZLT 4DIEBRSEBMRICEHTHEDELEH
TW%, EERABEOHAXEREEL 1,000KEN5400KU LFETIEIET, BEITITHE
& F1&Matthews Correlation Coefficienthi&E N5,

RUFI—I(F2018F58I2)) —RENF=EDDH =M., NIT+—T U R(ET TIZARESH
TEY . BEITFEEMARLANILOH 90%IZEL., RIIZAFHEINFR—ISA/EDEFFIFE
PIZHEDH TS,

T—REFEDFHMIE Appendix 241258 #K.

GLUE benchmark leaderboard (May 2018—0ctober 2018)
*)—XA: Gluebenchmark.com

85

80

75

A37

70
65

60
5/20/18 5/29/18 10/3/18

“.We haven't seen a large community emerge around GLUE yet, but | think the two major
submissions we've had so far have been recognized as major milestones in representation learning
for sentence understanding. Google's BERT—the current state of the art—has been cited eight
times despite having been out for just over a month. It was a major focus of discussion in the
corridors at the recent NLP conference EMNLP, and it's seeming like it will be the standard baseline
to beat in near future work on any language understanding problem, whether or not that work is
about pretrained representations...”

—Sam Bowman, NYU

FDHDQRAT—2 YN/ 2RY
QAT —ARYMEIRIRIZHEKL TLYS, Al Index 2018IZEFENTULVEWLZ DML DM DT —42 vk Squad 2.0; OpenBookQA;
HotpotQA; MultiRC; NarrativeQA; DrQA; CoQA; QUAC; CWQ (rc setting)


https://medium.com/syncedreview/best-nlp-model-ever-google-bert-sets-new-standards-in-11-language-tasks-4a2a189bc155
http://emnlp2018.org/

| Al INDEX 2018

OTHER MEASURES
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| DERIVATIVE MEASURES

[FUNTFATIRIR IOV TlR, COR—SERTICRREA TSRO BFREAEL
TW3, 454, BERTRLE 200EEESIEHER T SHOLA—FTHLL EEE
BRETLTLVERLY,

RUDIEE. ZR - BEXFAFTIVRE BRSNEXZNFORRLLLIC, BIRSN-F
O EZ IOV S, EZI(Z. Al Vibrancy IndexlE, 1D DIEHIZF ML EEDIEIE
FHAEHE. RLTLK,

Academia-Industry Dynamics

FMREEFRRICE TS AIRBREDEBDORBFRZRAET 5=, fitsiarhol{ohrnHK
RETAIEEERIRT 5, 152, ScopusMbDAIR—/I—DFEIT. KEDWLLOMDKET
DAIBEUMLOAFIBEDZHE. LU AIEEDOHELE(CNT S VCOREICDONTR
TuL,

DB EREREFERLE TEHROVMEERLTWVA0 . EREOBERESITT HI2H
=Y. 2010F LI DR RIEMEZERIEL., B TIEAEMETS, 2017EDLR—IT
(. BIEEIL 2000 FEER—R L SN TIVS, IWETIE. HEEIX 2010FEEZR—X[4E
EIN TS, BE SERTHRIEDIEMEZEDZEEHELR, AILEDVCEH
MKRIBIZEMLTWSIENERTED,

PR _FEEHX(4FIHZ (2010 — 2017)

*/—X: Sand Hill Econometrics, Scopus, university provided data

16x == Publishing
Enrollment
oy VC investment
[
S
Y 11X
H:I_
o
o
o
4 6Xx
4
1R
1x —— -—
2010 2012 2014 2016

NEDPKE
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| DERIVATIVE MEASURES

The Al Vibrancy Index

Al Vibrancy IndexIZ, 3D DZAMT - EERIEE (K. 8. $ LUV VCIERE)Z1DDRIEIEIC
&£#L7=, Al Vibrancy IndexZE A3 2 BMIZAINFDEREZEELLT 5=-DTHD, ¥R
- EESA(FIHRERBEIZ, Al Vibrancy Index|E2010FEEA—XZIZE#ELShTWVET,

VCIEREIIMhD 2ODIEE (DA F#SHR) ERBLTREVARLTEY., 3DDIEEEFEL
CEHMFTEIN TS, AIDNLTS0o—H_EBIEEIC VCOEBREIZE>TERSNS,
FEICIE, Al IndexDT—2%&4 o O0—kL., BIERELZTDEHEFHELT. JIEEED
BEMICET 2B ENDREELZL—ET S Vibrancy IndexZERL TH B EEEND S,

Publishing : Publishing Appendix|Z52 &k
Enrollment: Enroliment Appendix|Z 52 &
VC Investment:\VVC Appendix|Zi2 &k

Al Vibrancy Index (2010 — 2017)
*/—X: Sand Hill Econometrics, Scopus, university provided data

9x
. TIx
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1x
2010 2012 2014 2016

56



| RECENT GOVERNMENT INITIATIVES

The resources listed below were compiled by the European Commission’s Joint Research Center,

and by Tim Dutton in his June 2018 Overview of National Al strategies.

USA

20165E10A: A/ A\ BIEAS,
national Al R&D strateqy#ig
=, BRAI TSR (L. AR
DEE. ABEALIHBEDOOTR
L—avD=bDFEDEFE. A
THEEDTEHEDIRR. AIDMHE
B, 8N, tENEE. AT
fEDT=D BT —2 VD 1E
B BEURFIT—OLEELFEL
= ATHBEDFHMZE B RIELTL
%, TAABAFIEE. AICBET S
R DOBERRE EPreparing for the
Future of Artificial Intelligence® %
=L1=,

201845 : MOV TBUEICK D
Summit on All&. (DAIZEIFET A
DAD)—F =y T%##FTHL
Q)T7A)NDFEBEEZXIETH L
Q) AW RERTIRET HE(4)
A/ R—=230(2x T HIERZERY R
KZE#BHELTWAEFHRK, The
Select Committee on Aftificial
Intelligencehs. AIFERFIZE T3
BEFIEICOVTRIANDRIC
BEL. ZRBLUVEERLED/\—
br—2v T DRIRERETT 518
[CRIER STz,

EUROPE

(EU, U.K,, and France only — does not include
several initiatives by other european countries)

EU

201844 A : EUMNEE E A’ Declaration of
Cooperation on AlIZE4& L. AlIZE83 5%
EEICRIE, ECHbE-. 1EUDIAE
BREFRETHELEQUHERFNEIL
~NEZ DI EQ) MBS LA
HEEETDHIE D3EFBRIELT
Communication on AlZ&F{TL T3,
Communication on All&ZET-. 20184
M52020FE DR ICAIFEEXIET 51-
HIZ15EI—O(17{BUSFIL) DFEF
BRELTLS, ThlE. Horizon 2020
programM HE SN 52681 —0(28
mEnizbnEid, ECIE. §%&105ER
TAIDBHRIZ200f81—RZEIRET S
LEHIZEELTLS,

201846 A :ECIX2021E M 520275 F
TORIZ9.2BA—0O(104BRIL)DFE
TDigital Europe7A4S S LFIRE, 7
AT 3L, AIBMTOESERFEMSR
SARTOAIEEEITERTACLICES
LY TTULVD, ECIFFE. TRTHOAN
FoERTEAA—OE7U7IILTYR
L4735 IORAEEFRELTLD,

Note: See additional metrics on the following page.

CHINA

20145 LK, P EBAFIE201845FF
TIZHET1470BF L DAITISE A
HL. 2030 £ TIZHEMNAITHR
#E5|THIEFEHNELI-—EDE
BELRERAM=ST7FIEREBL=.

20154578 : Internet+ A= F7FJ
. FEIZBTZI T RNE
EBIZERZEEHETLET AIBAE
DBEMELT, AV—FR—L, R
I—hH—. BRYNMIED R EFTAI
DERFRETDHE, BFE. BIE.
ETH. thE. AREED KREL
L—= U T—AR—REEBETH
L. avEa—4E a3y, SiENE,
Ea—<ravEa—840%553
UREDEEBAIBRMOMAKEIE
tZHEHDEEFEATND,

20164F - 20204F : robot industry
development planAAFE(ZE 1T 5%
MEEXERPLUY—ERRAORYLD
HKEDEZFRS
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https://obamawhitehouse.archives.gov/blog/2016/10/12/administrations-report-future-artificial-intelligence
https://obamawhitehouse.archives.gov/blog/2016/10/12/administrations-report-future-artificial-intelligence
https://obamawhitehouse.archives.gov/blog/2016/10/12/administrations-report-future-artificial-intelligence
https://www.whitehouse.gov/wp-content/uploads/2018/05/Summary-Report-of-White-House-AI-Summit.pdf
https://www.whitehouse.gov/wp-content/uploads/2018/05/Summary-Report-of-White-House-AI-Summit.pdf
https://epic.org/privacy/ai/WH-AI-Select-Committee-First-Meeting.pdf
https://epic.org/privacy/ai/WH-AI-Select-Committee-First-Meeting.pdf
https://epic.org/privacy/ai/WH-AI-Select-Committee-First-Meeting.pdf
https://ec.europa.eu/jrc/communities/community/digitranscope-digital-transformation-and-governance-human-society/document/eu-declaration
https://ec.europa.eu/jrc/communities/community/digitranscope-digital-transformation-and-governance-human-society/document/eu-declaration
https://ec.europa.eu/digital-single-market/en/news/communication-artificial-intelligence-europe
https://ec.europa.eu/digital-single-market/en/news/communication-artificial-intelligence-europe
https://ec.europa.eu/digital-single-market/en/news/communication-artificial-intelligence-europe
https://ec.europa.eu/programmes/horizon2020/
https://ec.europa.eu/programmes/horizon2020/
http://europa.eu/rapid/press-release_IP-18-4043_en.htm
http://english.gov.cn/2016special/internetplus/
http://english.gov.cn/state_council/ministries/2016/04/27/content_281475336534830.htm
http://english.gov.cn/state_council/ministries/2016/04/27/content_281475336534830.htm
https://ec.europa.eu/info/departments/joint-research-centre_en
https://medium.com/politics-ai/an-overview-of-national-ai-strategies-2a70ec6edfd

| RECENT GOVERNMENT INITIATIVES (continued)

The resources listed below were compiled by the European Commission’s Joint Research Center,

and by Tim Dutton in his June 2018 Overview of National Al strategies.

USA

201849 A : DARPAAYAITS /0O
C—DRREBASH=5H. 20EF )L
L EDERESEZFRK, Al Next
programA \BHEEN S, The
Subcommittee on Information
Technology of the U.S. House
Committee on Oversight and
Government Reform(Z. AIZD 1D
EAINBUERICEZHFEDL\TD
HE%HTLTL\5: Rise of the
Machines: Artificial Intelligence
and its Growing Impact on U.S.

Policy

REITZEIE. KEIZHITHAIOEFEF
EEICEVNWTHIDMGKREIZR-L
TLV%, 20174, Amazon+>
Alphabet®d &5 RElT7/00—
TEIE. TLTNS 161{8LS$ 13.9
BEERRFARICHRELZ, InEl
H1- LT, 2019F 2B ITBHNSFD#4
FE(X. DARPA®DOTO BEV R
TLBLIUVEANRTLANDEELE
AEHHET, GE53ERILIZHS,

EUROPE

(EU, U.K,, and France only — does not include
several initiatives by other european countries)

Wi MV

20185 : ISV RIELUTD3IDDMEE
#HRLTLS:

(MR BE. EFICEHT HHRELR
ETDHITVRADAIGTE
QueEMEOMBICERETL TS
SHERMEICE>THERINE=RE
=
Q)BERESEMMFTBAMDOREZER
LY EITEREL T, FAIMEICE
(15RO EEEETRY LI

Mission Villani report

EEDN

20165 A X RES EIRDATHEER
BRICHATAENEESN—EDAI
policy reportsZF K LIRDT=,

20184F4 A  BFF (XA E/ B EEZIEL.
REOQOT—31275%#Ibd 518129
E5000 8RR (12(BR L) ZIRET DAl
Sector DealZ#H& 1=,

CHINA

201747 A : New Generation Al
Development Plan|%2030&F % TIZ
AlFAFZEBRIEL . 2020F F TIZH
E QAN EHFDORERLNILE
RIFIZHDHKIIZETEILTLVS, HE
. 2025F £ TIZAIFERIZHLIVTK
SESEXITAIZEEDEEL
LIREBRORHELGHEBRT
W5, ZLTHREIE, 2030F % TIC
HEDFELRAIM/R—a 1Y
B—IT1GBHEFRIEND,
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https://www.darpa.mil/work-with-us/ai-next-campaign
https://www.darpa.mil/work-with-us/ai-next-campaign
https://oversight.house.gov/wp-content/uploads/2018/09/AI-White-Paper.pdf
https://oversight.house.gov/wp-content/uploads/2018/09/AI-White-Paper.pdf
https://oversight.house.gov/wp-content/uploads/2018/09/AI-White-Paper.pdf
https://oversight.house.gov/wp-content/uploads/2018/09/AI-White-Paper.pdf
https://www.whitehouse.gov/wp-content/uploads/2018/02/ap_18_research-fy2019.pdf
https://www.nsf.gov/
https://www.darpa.mil/
https://www.transportation.gov/
https://www.aiforhumanity.fr/en/
https://publications.parliament.uk/pa/ld201719/ldselect/ldai/100/100.pdf
https://publications.parliament.uk/pa/ld201719/ldselect/ldai/100/100.pdf
https://www.gov.uk/government/publications/artificial-intelligence-sector-deal/ai-sector-deal
https://www.gov.uk/government/publications/artificial-intelligence-sector-deal/ai-sector-deal
https://chinacopyrightandmedia.wordpress.com/2017/07/20/a-next-generation-artificial-intelligence-development-plan/
https://chinacopyrightandmedia.wordpress.com/2017/07/20/a-next-generation-artificial-intelligence-development-plan/
https://ec.europa.eu/info/departments/joint-research-centre_en
https://medium.com/politics-ai/an-overview-of-national-ai-strategies-2a70ec6edfd
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[+

1980

1995

1997

2011

2015

HUMAN-LEVEL PERFORMANCE MILESTONES

2017 DAl IndexIZIE, AIDNARBILANILDINTA—T U REZERK LI, £ ABELBRISLAILITELEZS
DERLIZZA LTAVNEEN T, YRNMIIE AIZ&KB T —LTLAICHITHEE. EHGEEFZMZE
BEVAINABLAIVEIFARZ LBEISLALTRITLEZZOMOERINEA—T V2R IM SN TN
fzo SHEF. ZTDIVAMIADDHLVAERZEMLz, LML, ChoDREREBEICERLGVWIENERL
5%, ULTDRRVIEEKRIT, TORRIEHNRIEL, DD IR ADRARGED AT LEREIZDNT
TEYTLHHLDOTIEEL,

Z+t0O

1980 K. Kai-Fu Lee&Sanjoy Mahajanl(d. 0% TLAFERA T UEER—IXDIRT
LTBILLIZRAFL =, 1989FIZ1E,. 7OV SALFKENDAVE 2—8TL—N—b—F AV TE
L. 7AUDTHREBHAOAEOATL—V—T#HS Brian Rose (56-8) #8iof=, 1997 FIZRFRIN
f=. LogistelloEL\VS B RIDTAY S LK, A EAHAF YU EX VKT D 6B T N TITHRIL
T=

Fryh—X

19524 . Arthur SamuelslZFzvh—&TLALENRLEE T LAIZ&>THELTLN—EDT
OS5 LEHEELT-, TDH. 1995F(H>THO T, Fvh—KKBEBIET OIS L4
[Chinocok IRt RF Yo EX L EH-T-,

FT A

1950FE K. MADIAVE 1—3—HF A ITUoT4AR, 1967FEFTIZaVE 2 —4—NABOF
AFvUEAVEITEENT EFRILIz, LML, FTRAFYUEA> D Gary KasparoviZZ7045'5
LHERILI=DIX 1997 FED &>, CDHRZ(X, IBMDeepBlue |IT&k>TRHLZFITENT=,
BIETIH, AR—F IV TEITENTWBFIRTOTSALIZT SURIRE—LAILTILAT
BTEMETEEICHEDTLND,

Jeopardy!

20114, |BM Watsonh¥. AR DA XE#H JeopardylZS 8 L1-, IBM WatsonlETTcED T
Brad Rutter&Ken JenningsIZx L THFIL. 100BFILOEEEFFITLT=,

Atari Games

2015% . Google DeepMindD F—LILIEIEZEF LY. 49D AtariE S — LD TL A Fix%E AllC
FEIE, COVRTLIE, KBRS —LBIZIETLAIT7 IR TARALADEREE FE
FTEHIEMTERLDN., TN TENCODNEFEENGYFDBEIEWNEZAIZHS (EVTAIDIN
DURE),
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https://pdfs.semanticscholar.org/f7ab/15736ecc79452aa4546cf8d7f5aa94d6afa0.pdf
https://www.aaai.org/ojs/index.php/aimagazine/article/view/1208
https://www.ibm.com/ibm/history/ibm100/us/en/icons/deepblue/
https://www.techrepublic.com/article/ibm-watson-the-inside-story-of-how-the-jeopardy-winning-supercomputer-was-born-and-what-it-wants-to-do-next/
https://storage.googleapis.com/deepmind-media/dqn/DQNNaturePaper.pdf
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2016

2016

2017

2017

2017

2017

ImageNetlZH 1T 5 YAt H

ImageNet|ZHITHEHIAN) T DIS—F([F, AOFEHHLEIS—REIH 5% THAHH, 2010
FDN28% M 52016FIZ1L3%FKFIZIE T L=,

EERSS

201653 . Google DeepMindF—LIZ&>TRFEEN 1=l AlphaGolld. R &= DEET
L—Y—D1ANTHDLee SedolZaxf 1 THio1= , ZD . DeepMindILl AlphaGo Master |%!)
J—ZL. 2017E3RIZkY TS 9DTL A1 — Ke JieF$THE N LT, 20174108 . Nature®d
MXIZ. AUDFILDT AlphaGol1Z#100-0TLES#F LYV N—2 32T AlphaGo Zero 1D E£§lAYS
ght=,

REALDHEE

20174, Esteva kK 5m2,032M EB5HKD 129,450 DEEREE D T—4 vk TilfESh 1= Al
DRATLIZTDOWTHEGRL, 210EEREDZHEREZEERELX LLEL-8FE% Nature THRR
Lz EBOIIRBREICEMTOILNILTREEEZDETIENTES AATLERDIT
T=o

AAyFHR—k ETOEFRHE

20174, Microsoft&|BMO AR/ YFR—KF LT, ABERIZEDBEFRHMEREEZZERL
1=,

R—Hh—

201741 8. Libratus&MEIEN A H—RF—- AOVKETHEIN-TATS LN 4AADMTT
L—Y—& 1%t 1 TELY, 120,000 F IC R SNEBEDKR. EEFH o1z, COELTIX, /—Ivk
THRYRR—ILTLIL—ILDEREINT-, 2017F2A . TILN\—FKFETHFEINT-,
DeepStacké&fTIFonf=-7O5 S LN 112D TaR—h—TL—v—ExtEiL., 17L—Vv—IC
*xfL. 3000F LU L DEWERYILIT -, #5582 &L T, DeepStacklETRAR—H—TL A —Ixt
L. METMERZIHT DI+ HEEBRZERINHT-,

Ms. Pac-Man

MicrosoftiZ B IR 1= ZEHEE F— L. MaluubalZ. Atari 2600 —LDERARAMETH
5999,90012:FEF DA EZTFEETH AIRTLERHFELT -,
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https://www.theatlantic.com/technology/archive/2016/03/the-invisible-opponent/475611/
https://en.wikipedia.org/wiki/AlphaGo_versus_Ke_Jie
https://deepmind.com/blog/alphago-zero-learning-scratch/
https://www.nature.com/articles/nature21056
https://blogs.microsoft.com/ai/microsoft-researchers-achieve-speech-recognition-milestone/
https://www.ibm.com/blogs/watson/2017/03/reaching-new-records-in-speech-recognition/
https://www.cs.cmu.edu/~noamb/papers/17-IJCAI-Libratus.pdf
https://www.deepstack.ai/
https://techcrunch.com/2017/06/15/microsofts-ai-beats-ms-pac-man/
https://en.wikipedia.org/wiki/ImageNet
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2018

2018

2018

2018

B EFE - JEERIER

TAYAYIMNE, Za—REEZHEENOREBICHRT ABICARBLRNILORBE LEEEE
EW AR M BIER AT L #FAELz, TAMIMEHEFIRGR CT—RBMIZERINDET—4
vk TdH B newstest2017 TiIThht-,

Capture the Flag

DeepMindT—Y x> k&, Quake lll Arena Capture the Flag(ARD&HS3DTILFTL AV —D
— AMETA L —L) DBERTABLRILON DA —I U REER LIz, T—YzUME F—
LRNTFES —b, 740— BHEEE D ABD K57 TEIZRLUIZ, NFEEZ(FF-T—2 ok

[F. F—LARERNEEFOBEEZEBZ . OO DEFORERY AT LEHST=,

Dota 2

50N =a1—F LR YT —OTHERESNT- OpenAl FivelX., Dota 207 I F 17 F—LIZHEEFILT=
(HIEHY ) . Open Al Fivel AT LlE, 180F 2T A7 —LDOBEIL(EEBHFEELLD
T, (OpenAl Fiveld7OTL——F—LIZHERITETULVAELESD ., ABIZE LRI MEHEES

EULWIRnAL,)

BN IEDADER D T

T—J V&, AL RBERAERDBILIRN AT FERD T TIHEIC. 70%DHEETERSTTS
TA—T 53— AT L ERFELI-, ARICHALEAXEOEBEESAT—RFBEEDHIIL
IROAZEDFEHREEIL 61% TH oIz, SHIZ, TA—TF3—=UF VAT LI, N)T—3>
TIRDFTRTOY U TN ERELE—RFEFEDO D THICIFREE = 10AD55, 8AKY
IEFEGZEE T L=,
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https://deepmind.com/research/publications/capture-the-flag/
https://blog.openai.com/openai-five/
http://www.dota2.com/play/
https://blog.openai.com/openai-five/#restricted
https://ai.googleblog.com/2018/11/improved-grading-of-prostate-cancer.html
https://blogs.microsoft.com/ai/machine-translation-news-test-set-human-parity/
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r| WHAT’S MISSING?

Al IndexIFFEHEBRLDIEZRETHY. ANEMMTOLEDTKRERTT 51=-HIZIF. §1&. Z<DFH
BERFMTRLTVKDELH D, FH-BEREMFTRLTUOKIHICZIE, AIIZa =T DB BEMETR S

EEMRBDDBERRI R, K130 T BADAIEMRMN G2V =Al IndexD 5 & DHAGRIC
T RHIREEHNT Do

FRANCESCA ROSSI
IBM, University of Padova (on leave)

Fides Soh

AllZKDEM/EZE AT LIEIEBIZERLZH, MAEEMFTIHENGTNIEARRELTHITONE, BRE
BT T BHRVNERR, S5(12, BEHRISIKALLTRELEBTHS, D 2DDHAEFETHBITESH81Z(X.
BATATR—=RD AIVRT L, BEOAIZETEELDAIEEEHAGE N DESCRIIDATREENH S, Al
IndexlZ. Winograd Schema Challenge. AI2TD Aristo 7O 9k B LUBIET B Kaggle LD RT43
2 TEBUIZIBM Debaterfi & M DialogR—RADF Lo DHE CNODHEEEICBEAET 5T AN KU FrL Y
DESZT BT H=HDIBIZEFEMLTHELWLKSIZES,

ABEDEEE

AN AEIDHBEZBEEMZAHDTIFLG<5RILTH2DTHNIX, Al vsHEMDBERIN G, AF+HHBOBERA~TE
TIHIELLERELLGD,

NIZBFTEESERT-ODATEEELLTIE. AMMPRBRULGEBRREETHIH . BHIZL>THR—F
EINTWSZLDIEBRIVATLNRLTLNSKIIZRLS,

AI §A+ﬁ-“|;?|

BEPEEX. KEDT—2ANIEBN-HEERERRETESH. ZLDT7ITVTr—a 0 TEREICEVLREE
HLTULVS,

WP EICKY, EBICEMLETRIATRECLD, =1L, FRINDNANEBITL, XEEZHED=OIZIE,
ZLONHTHEULORRBZRZEZHITDENDH D, TOOITHELLGDHIEEIE AWV I7LUXTOR
BERICET AR X EEZTIVS, ( MLETTIELGL AAAIEIXIUCAID LS55 AIEED)
COIEZEERASHZTBIZIE, HXDEAMIINEIAZUT L, MLED VRV AIEAEDLE-ERETHRT
BIENEER, ZFOLTEZONDIREIL., ML+ VRV AIDHAEDLEICEATIRIXDEELD, D
BIZESERSEA=OICIZABICEKE DD RELLDEAS,
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http://commonsensereasoning.org/winograd.html
https://allenai.org/aristo/
https://www.kaggle.com/c/the-allen-ai-science-challenge
https://www.kaggle.com/c/the-allen-ai-science-challenge
https://www.research.ibm.com/artificial-intelligence/project-debater/faq.html
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RODNEY BROOKS
MIT

Al R—3 2 MMEEF ZOKRYE

AARYEDHEIEZEZBELMNICLTOERWD, ARYMAHEIZEDZ S HIEY—XIZE>TERY., 2LNDY—X
N, EEARAORYEOHFTERDSE., AERANEREICOLN(FELELZL)EDESIALTLS=H., AIDES
ZRIIIELLTIEFR+95ThD, Rethink RoboticsEFAA 1> TULVBHE— D FIS I — R T2,

|ANEEH (SLAMBLUVMD A7 ILIAY X LEFERTH)EED AlaVR—R U EEDORYIEFARDIED
TEBEAS, WNGEDR—LOARYMNIE AlIaVR—RUMBBEHIN TS, L NEINFETTRHHA
SNTWWSaRYETHD=H. HAEHZE AT A ETERKREVNVERNPFTESESS, Y—vILii—LA
ARYMIIERELDODDEKBARZIToN =, V=¥ ILik—LARYM S BHFTORMIE AN KEEH-T
{B123%5,

TOBY WALSH
UNSW Sydney and TU Berlin

B HEFEFIA

BE2EMICETHAINRELEELERD 1218, BToKBMAEEROMAIZL>THRRINZIREDIE M,
BIZIE. ZEEBAEN 10ERIF, 250 AN 1521 —0, ZLTRAM UM 30E1I—ODHREEREL TS, RIFF
[Z. Alibaba’zE D EMN 150ERILE AR E T HETEIZFE KL . SoftBankd Vision FundAy, 1000{E~/LIZE
BEBEDOKREHEAIZERESETINVS,

BILEEITAIRE L. LELIEHREDLSBE LN AIDFERZEL TRFN - EEMXEEZROIFVDEESET
BIAIL—RJELTEHRBASN TS, Al IndexIZ, COEMT HREZAE T RO EEMNANEREZMZ LD

[ZRIDOMELNGED, . B2ZAEFEOTLBRRBTFNO—2ELT., AIDEZFIALHS HBEREDLSIZ. C
NN EREAFRAPFIENCONH LD, T2EHREERORAKEDOKISIZ, FRIZESIN TS S
FMhZHB{FEL TS, LA 2T, Al Index(d, HRFDEKICE TE5FD K5 HEMOERFEEERA DB
FEELWSEAFMZADDEEEMBLLALL,
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https://www.rethinkrobotics.com/
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WANEELTULKIEZFE-TLNS,
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AIEAICBEHT S EELRAERRZIREL TV EWV-E. BUFICELS AlFELIIEHFEEICHTHIEREDTT
BFEITELTLEES 2 =R yF o —T o Rh IR ==y x ot =45 0— N\ ILA VA T4T2a—MIIE B D
BEEATZL 2. McKinseylZBTHLUTDEANIL Al IndexIZESTEANWEBELFE ST
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T—ABLV/EIFIERORBAZIRML TS LT OB ANZRESH#T 5,
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ZLT2018FEDLHR—rD H R DFMEIZR M ERLNEREZL TS 57z lan Danforth (Technical Lead) &
Michael Chang (graphic design and cover art) [ZR&8{9 5,

67


https://ai100.stanford.edu/
https://hai.stanford.edu/
https://hai.stanford.edu/
https://www.linkedin.com/in/iandanforth/
http://www.michaelchang.us/

r| ACKNOWLEDGEMENTS

F1=. Al Index2018IZ R ARG T — %R L TLIZS>F U T O, KE. BLUVAVT7LURIZLREZ (T
=5
X
arXiv, ROS.org, Sand Hill Econometrics, Monster.com, amplified, McKinsey & Company, the
McKinsey Global Institute, Prattle, IFR.org, TrendKite, The Allen Institute for Artificial
Intelligence, The European Commission’s Joint Research Center

XZ
University of California-Berkeley, Stanford University, University of lllinois at
Urbana—-Champaign, University of Washington-Seattle, Carnegie Mellon University

Tsinghua University, National Institute of Astrophysics, Optics and Electronics, University of
British Columbia, University of Toronto, University of Edinburgh, University of Science and
Technology of China, Shanghai Jiao Tong University, Pontificia Universidad Catdlica de Chile,
TU Wien, Hebrew University, EPFL, MILA

D O7LRERYHA
AAAI, AAMAS, AI4ALL, ACL, CVPR, ICAPS, ICLR, ICML, ICRA, IJCAI, KR, NeurlPS, UAI WiML




| Al INDEX 2018

APPENDIX

69



APPENDIX 1

Scopus Lt DERC

Return to Scopus papers by topic (pg 9)

See underlying data

=R

IIILEET7DEMBIRYID ScopusT—EN—X(Z(X, 70008 DXEHNESIfFITEN TS, ScopusIZBEF
HEMBRIECELESE,

Fi&

ZCTl&. ScopusV T —Y—ILEFEALIZSA T, byTAHo770—F%#FAL. Arificial Intelligence&
Computer scienceDF—T—F TR F TSN HXDOBERFT 5, COEEIL AU TYIRF—LHAES
Hofzo GE)ZDFRELURBDAR—DTHBELFEEDEWVIFETHIIENETEELLS,

ScopuslE. XICF—T—F, #ITH. FTEE. BLUZ DDV OHNDIBETETEFF TS, AIFED
HIRMDRITES SUHBOEREFIZHE VT, 'opensearch:totalResults"y—IL (JED## %R I ) ZFAL T,
FIEOHAEHLEIEIZRDIT)EETL=,

E[F|AIZTY

title-abs-key (A T40&E) AND PUBYEAR = {} AND AFFILCOUNTRY ({})
FEYIZTEDEEDRRBIIZOVTIE LTOIT)EFEALL::

AlzTl

title-abs-key (artificial intelligence) AND PUBYEAR AFT {} AND PUBYEAR BEF {}
cs&oxl)

SUBJAREA(COMP) AND PUBYEAR AFT {} AND PUBYEAR BEF {}

£ Scopus7T!)

PUBYEAR AFT {}PUBYEAR BEF {}

LEDOITRTOIIY) (X, 1996FEMNS2016FETHDEELEDHT A=HOIZEShT=,

- Iy S99
o  ScopusVATLITHRICEHRIN TGO FERELT. EAON BRI I 55X D I FFHE
EEBITEMT AN H D,
o ElsevierF—LD A /N—IF, 1995F LUIRICRRSNI-HXIZET ST — I RLEBTELLDOTH
BHEAAURL TS (LT=A>T. ScopusT—2DEAIBEELLT 19964%F),
e  ScopusDIHXHUZIL, TRTOLARIL-ELU AIEDBEEEDHEIHIXNEENTIND,
T EDAIBRYICHE T EEEN =27 R
o BEHOHIBIZATNMFITOENTLSEE. TNODHIIEIZEICHATLD, CNIE. BEDEDND—F
LtOTESHEFEOFRDBIXHE—BLLGEVERELESTVD,
o [ZDHIIZIX, Scopus L TAIRXERKRLI-=ZEDMINTOEANEFENTLS
PEVHSLDHIEYICETIEED=—aF R
o 2017THEAVTYYRIE, CSATIAVAD AR DHRLTLSH, 2018F R TIL. CSATIVIZHEES
NEHLESHIZOMHET ., AILLTAT [FITENnz2RXEEAEIDELEH>TIVS,
e  ScopusDAIFXIT—HEHIIZ CSORATITY—IHEEINDT=. CSHRXBDIEMIZIE AIFRDIEN
LEH-TLVS,
o [2HWXUATIVICIE,. TARTH AIBLUCSHXMEENS,
Nuance
e  The Scopus system is retroactively updated. As a result, the number of papers for a given query may
increase over time.
e Members of the Elsevier team commented that data on papers published after 1995 would be most

ralishla fThancra 100A Ac A ctartinAa vaar fAar CAAntie Aata)
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https://www.elsevier.com/solutions/scopus
https://docs.google.com/spreadsheets/d/1x3STejq1Q4lHM_1bQlbez8R7_GaKKygvC1dod33u3bI/edit#gid=1149966794

APPENDIX 2

Scopus E DX EHRIZNT BEIsevierDFi&

Return to Elsevier papers section (pg 10)
See underlying data

V=R
Elsevierd T H iR #IZB8 3 % ScopusT—ER—RIZIE, $1 70005 DX EMNFRS|F TSN TS, Zhit
ElsevierlZ&k>THwESMNT=, ScopusDEFMIFIRIE L oEZEE , ElsevierlTDWTIXZELESE,

MOFESIfHT. FrE. thEBRMX SR, XUV FAMLIZET 5574 F%(X. Scopus Content Coverage
GuideZ#&Hg,

Fik

Elsevier® AlFR X B D EIGFEIT . #9 800D F—T—REEL ABRXDRMLT YT 7 ITO—FIZLHEEHT
0hd, M ElsevierDIHEEZTSE , CE) CDFEERDA—UTHBATEIFELEDEBVITTETHIENE
BERD,

AIDEE
Elsevier(XAIIZEEET 58000 F—7T —FEF{REL . F—T—FIX. ElsevierlZ&BAILR—FDEIELLTS
Scopush o, 60 DAIGRXERFET A=OITERSINTz, F—T—FIERDKLIITRESNT=,

F9 . Elsevierl&. Fingerprint EngineZfEAL. AIEEE. — XDV INX FHF. BLUZ1—RFEELXE
YUAATZ, Fingerprint Engineld X EZEHL . RLEEROHLI—EDEAfFITSn-F—T—F&xHh. &
HEnf-2 DB EREZFETHRAL-ER. 797BQOEEDF—T—FMEIRENT-, TILEET7IX. &
BHARALURICENLZRRTIIEEZEA TS HUTIVIRNE CHE0E5E,

EN 797DF—T—FZET OO DHXIE. RIRIZIF AR ERX TIFEMof=, CHIFRBAICEYE
-FETH D, FIZ I, MEMHBBEEVSAZEIFXEERT. AILNORXICEFENDAREENH S, R,
Za—FIRIET=VF EMFLGEDIE AIRFICETREDO . RERMELEL AL H D,

BREEENCx G BT . ElsevierlEFEIFIEFHTERL 1,500DAIE RN S5 F7 £ =IE A AIZD
WTHDEMRIZCKDIHAIF U REEBMLT=, ElsevierlIZEM{tEN3EFIZEMARDHAF 2V AZEFEHAL. Scopus
MoDBOREBADHIRM YLD R FEEEREL. SREE B AR EHERRLT =,

2{kELT, ElsevierD? T A—FI3, HOBRAEF—T—FT ADSBEERAGHD, BRHESBHO
BELRY ARSI TS,

HEE

FEOMREEIL. RXOEEOFRARIRSVTRESN S, EREHISALTIE, BEHFRELHEL

TUWEWRY., REDEEET I7+ILELTERL TS, 1zEX (X, B DO#MBEL T Googlel&E A HLT=1E
FIEXKEIZEL. I Google ZurichjEA ALF-EZIEI—OY/NIZET,

BHOMBOEENLREZET DS EICIE. BT ZEIZHAON TS, X IE /N—/N\—FKKXFEEA YD
RITA—FREDEZEDHXIL., KET 1[0, I—AVNT1EEHZ S,

ALFR—FTIE, EU44%3—0Ov/ ELTEELTLNS,

DRI EIF—OmEICHERINS,
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https://www.elsevier.com/solutions/scopus
https://www.elsevier.com/
https://www.elsevier.com/__data/assets/pdf_file/0007/69451/0597-Scopus-Content-Coverage-Guide-US-LETTER-v4-HI-singles-no-ticks.pdf
https://www.elsevier.com/__data/assets/pdf_file/0007/69451/0597-Scopus-Content-Coverage-Guide-US-LETTER-v4-HI-singles-no-ticks.pdf
https://www.elsevier.com/research-intelligence/resource-library/ai-report
https://www.elsevier.com/solutions/elsevier-fingerprint-engine
https://docs.google.com/document/d/1dyjpiEQUbjG2b7EGmvT1XzZjz0GaGBPVQHuM1kJ__tk/edit
https://docs.google.com/spreadsheets/d/1c9R4sZVwj647sv58RtWK96m26_xKqWAhch9DeXRjU8g/edit#gid=249589261

APPENDIX 2
Scopus E DX EHRIZNT BEIsevierDFi&

AYIhTIY(HESE)
ScopusDAIYThTTERET H1=8HD ElsevierlZ kB FEDBEELITIZEELTLVS, ElsevierdFiED
MO TIX, ElsevierQAILR—rESHE

Y IHTI)ERIAGRET B1=8. Elsevierl&Louvain method EFEIEN BEERL LIS AR U5 FiEE AL
2o COT77O—FIE. XEADHBICEDNT, F—T—FEHIFRZIVELT L, ThoDEENEETTH
DEHFHTWS, HEX, ZNODITREINFIILTLAD T, ENMI@EEELTWAZEBIZ XY
Ea—4E a3V XEICEITA=1—FILrybT—9)%RLTLVS, Elsevierld, ABEiiARD D EFICEHLT
WBAESTHAHIEEFERL-,

HERMHER. —1—JrvbT =0, avEa—8EDay RRE&BEIL. NLPEAIBRE. 770 —RE. fE
EERRE

SHRBBROIBIC, Elsevier Al =2t 53— [, 75R3—DHEEERET 57 AR, 1—H—A'Hhig
e HDIVEIRFRIISEE A2 DEEEEISREI—EBETESLIITT HKI1,

BTt 7 B (%5508
B[, ZORBHENBIESEEMDOREREICE->TERNIHTISARENTINS, TEAFIIAE
IR TIEAL,

—aT7vA

o ML T—ARETOEXIE, ElsevierREBTITHNTz - AU TYIRIE, F—T—FEIRDBFE.
F-(XBAET HMIXEBDAIUMIIEIE S L TULVELY,

° NSDHIEIL. Scopus E TREGDFEFRANTESLI- Al Index 2017ERLR—FD# 2{&L7-T
L3, Ef-. Web of Science®T—%1Z& < China Al Development Report®#I25 D 1&£4->TLNVA,

o EFFEEM.IVEL—FE IV ARYRIE, HAN—CFX )T NAF AV TAITAIR BLUAN
IWRTTIREDZLDHEFTAERANRRITHEATNAS=O, AIDERIIHEILTHDOHEEBIZ/HE-TLY
5. LA\, AllZODy) ., FEERLIFE. @Elt. EERE. #ERZE. ¥ —LERLELEDZLDNFIZF
ERIZEKREFELTWSEO. AIDFHIREEEZT SR, OS2 =T AIQFTEEFEFEMN D HTIZEE
IDEFEOTNBIEEERDE. CNODMABEERT BT IV —T SFICREBEELIEF T —IN—XN
BERHLORTEN. HREODBHREZESHI-OICFEDERAMEFEBRT I EEIEEZAD,
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https://www.elsevier.com/research-intelligence/resource-library/ai-report
https://perso.uclouvain.be/vincent.blondel/research/louvain.html
https://www.elsevier.com/connect/ai-resource-center
http://www.sppm.tsinghua.edu.cn/eWebEditor/UploadFile/Executive_susmmary_China_AI_Report_2018.pdf

APPENDIX 3

arXiv_E DR

Return to arXiv papers section (pg 12)
See underlying data

Y—2R

arXivorgld, B2 HF. AVE1—49Y (IR EEEYE. EEMHE. Hit2. ERIZEF LUV ATLA
B2 BLUBEFZORBTICBTAMERIDALSAVT—HATTHS, arXivida—RILKENEL., EE
LTL%, arXiv.orgD el bLoxSiE,

Fi&
D D= D rawT—42(FarXiv.orgD K RICE>TREL TULV W 2o BIRLIE-F—T—REZTN TN DO AT
JUIXUTDESY,

Artificial intelligence (cs.Al)

Computation and language (cs.CL)

Computer vision and pattern recognition (cs.CV)
Machine learning (cs.LG)

Neural and evolutionary computing (cs.NE)
Robotics (cs.R0O)

Machine learning in stats (stats.ML)

FEAEDAHTITYT, arXiviZ1999FE N5 2017FEEFTHDT—RFIRHEL TS, SEIX. 2010F LIFTD arXiv
[ZIEFFFE LA A o7z Machine Learning in Statsz 2T IC& 8516 . 2010F LIEET—2ELTERLT

arXivCDDATI) DEFEEEHEE T HICIL. arXiv.orgs?D

ZaF7vAR

o HFOVEEBEZBEIZKYNDFEINDS - RRSNTWDLDFNTEE 1 HTITVELTERITEIRSATL
53MDELD, LEED-T, ABIESNEDETORRTIEBWIEITSEEARES, SLI2, BXEEN
DY ITI4—ILRE /F—D—RIZkY, ATHBEE-IIEMFEEDHTIVIZHFELESELTULVSATEE
D HB,

o arXivF—LAUN—IE, arXivASINT 5L EEYZLDSMBEZFESIEITDENDEEL>TNVS -2
FY., arXivDBEEDHITHTIVEEEHTIVELTERAZENEMTEIEN, BEDIAZIA =TI
K BBEGSINERET D EITDEMNBAREENHDENST LT,

o HBATHARIE=LSIZ, arXivEDEHBXDEME., FOREYVIICEATIRIXDERDEME RERLT
WBDhITTIEAL, Sk, arXiv.orglZkDIBEER XD EMIZA (F-EBRYIEA . F£=(F AlIaZa=F«(C
EOTHDERDEEHDEEYICKDAREENH D,
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https://docs.google.com/spreadsheets/d/1UzSdGXGgIZJTI9DI0oxAfMP_nn2QihYCPuaQEuKpbaM/edit
https://arxiv.org/help/general
https://arxiv.org/help/stats/2017_by_area/index

APPENDIX 4

Z£EDAAAIZR

Return to AAAI papers by country (pg 20)

See underlying data

V=R

Association for the Advancement of Artificial Intelligence (AAAI) [ZTAAAILZ 1ZET . AIBEREZBEM
HEL TS, 2018FIZH T HEE D AAAIND IR ARIRICEAT S rawT—2(E, AAAIORFTHITIRHLT
W2 =, AAAIAV 7L AD G AIECE L ES R,

Fik
AAAIF—LMSAAAINDIRH ARIRIZET 2T —2FUNELT=, AAAIIZZDLANILOFMIEREBFLHENT
E-H—DEEF>T-, Al Index| FEDLHR—MIMDEELEREZEDT—FE2EZH-LNEEZTIVS,

a7 A
o CITHHINTWAEIEZ. AAAIZEIZ1I0U EDHRXEZIRHBLE-BEIZEEINTLNVS,
o CZODT—AIE. 2018F2RITNACTFM—a—F—) o X THRESN-LEDODLDO T, B ARIRShi:
WX DKRBIIMDFELIIELDEENH D,
o BXDOEIRIFERMMHFMIZEYKRELFIREINTINS, AAAI20192EDZERFIRIZET 5 AAAINLD
Ayt—UDEIRAIXLLTESEE(01/27/19 - 02/01/19 in Honolulu, HI) .

[SEITBERED 7,700 L LD R XIEEMNHST-[2019], FDH57,095KFRELI=ECH, AR—ZADH
RIZEY. B T1,150MDBXEZ T ANDZELNTET . ZHANEIL 16.2%E%o1=, | - AAAI
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https://docs.google.com/spreadsheets/d/17ZRQcb9aoxGL93Hh3QFxVzrDNO65v2xSeFGRFWMNPI4/edit#gid=0
http://www.aaai.org/Conferences/conferences.php

APPENDIX 5

T A)AIZHE T HAICHEHFE BB SZEE R

Return to U.S. course enrollment (pg 21)
See underlying data

V=R
O—REFT—AEZRENSEEIEL . EROBAOFERDT—HATHLIREL TS GEE L
Office of the Registrar®H A MIHEIAINTUIND) . ROKRELDHFTIZEEND,

NI)TAHIN=ZTREN—=DL— REAVITH—F KRB A/ ARET —INF oo R—=, TV RED
TRLR, h—RF—AOV K

Fik

FAIOADERRGAVEA—FH ATV AKRZIC, BEFIZH=HAM AIEAFIMLBEDZEERERDOT 2R
HEEKIBELI=ECH, LKODDKREFEDEMARE = KEIZTALBBET —AZTHEINTLVEWNMSEE . F
EET =22 BEICHRNEIDESI5E . TOAZERIEIOTICEEGA o1,

REFICKY, ZHACLOZHBERZRBT OB O, FTLOZBERZIRBT ML Hol-. KFERLTZHEIC
BRI B0 ZEHTEDZBERT HEFHATEED . FECLOZEERERRLTS, T5IT, LY
ONDRETIKIAMIERGENDERDBEZRBLTODA, O KETIEIAPIEEF 13—ADAHD
R LGS TUV =, UM OBEEMNBIMES . EHOI—RZEHEAEHLET 1D2DITAFMALIZIN U FSAUE
LTRELTLS,

FEHEDERISHIIZRBERDESE. FFEED Al/MLZBEEHZ. RAILFEOEREAATE =D E
B2 TS, CNIEFEREFNDFFELGHRRBEADAZHAETRY e BHELIAESEHTY,

Za7r A

o [FEAEDKEN.BFEDOZEEZHOEMIE. ZENSDFETIILHCKREDEEHRBBEEELRLIZE
DFEERAR =, T—2I2IE, BEICEXBRFIN-Z2EHOANRINTNSH. CEFEDKRE®
FOMDOEEBIEITEEIN T,

o EEF—MEMIZERECMITTHAMTEY. BEEFIERELE, FERFERBRLG(ZETED, — 1
DEETIZRZRRALTEIN TSN, SHEHIE 2017EBEDEELEZRIELTINS, £-. XZEDERE
FHITRELTW LWV -2 OMOFMFERC=2 7 AL EHL TS,

o KRENEEEHEICIO>TERINTLEWNZATURIE, LITFIZEHLAL,

AlOd—X:
N—%4L—CS 188
RATH+—K CS 221
UIUC CS 440
e UIUCHOREREIZ. RKEZZDFAOCHBHOEMIBRELZEEDEEEZB-T=-HIEELTIVS,
UW CSE 415/416 (JEEK) $ KU CSE 473 (EIK)
o CSE416[32017EDFHFEZEDT=. 2017TEDAIT—RBZFERDIEMIZEEELZEZ TS,
MLODO—RX:
N—4L—CS 189
o N—HIL—ORRIE. REIEFRME. TEOHEK, ZLTIUrA MLABEEEGEHI-THEETHIE
KEBOBEIZLKDMAEDHEICEDILDTHDEHBILTLNS,
AR IA—ECS 229
UIUC CS 446
UW CSE 446
CMU 10-701
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https://docs.google.com/spreadsheets/d/1VqiJOL-OD6Lt3XVmSG5XUkAQec42oFsBC4YJmK196IU/edit#gid=1877947742

APPENDIX 6

EFREYEAIGERE 2 EE R

Return to international course enrollment (pg 23)

See underlying data

=R

O—REFT—AERERENSERIELz, AITEETNTLSDIERDKE,

BEXRZ(FE) .. ENXFEYVELERARR(AFPD) . TVToyP2aaR ET7RE(HFE) . MAVENRE (BT
). IDUNFTKRZ(RaYESUR)  HEREEMRFE(FE) | LEEXEXRF(HE) ., AMYIXREFUKRE
(FI)) 94—V KRZ(F—RAM)T) ATSAKE(ARSIIL), EPFL(RAR) MILA(BFH . 5 RvD)

Fi% - Appendix5DFEESHE,

Zar7roA

o [FEITRTOREN, EEDZHEBHDEMIL. FENODFETIIAKKEDBEMRAHAEERL-
LDTHD LAz, T—RZ(E, BECEXZBZRIN-Z2EHDOAHANREINTNSH. ZEDEER
HOZTDMDEFEEHBZIETEEINTLVEL,
TA)HDOKEZEEEWD, thEDOKRZ(FBENETHERENESIMN LY., FEEFHNKREKELRSD,
TS57UIAIEMLO—RESELEBEERL TS, V57 2IFAIEBEODZEEHDOAERLTNS, Ch
X, BT STICRABDT —ENRTREINDEINZTEEH. COEEELE LTS, BAICK-TIE, &2
BOEMT—RZT7IERAAReE o=, B THITLI-ERERTT H-OIZF BEH L -, B0
T—RF. ALBOREBRT 2O TIEXATRE,

o —IRDFBEF. BMHALTESINTNEMN, 2017EREDHEEL TRIELTLS, -, FROEEAFIC
RELTON WV -Z0MERFEROC- 27U RAELREH LTS, EROEBEEBE(CE>TERIA TV
WZa7 R IE UTFIZIEEELEL,

INAOE — Courses: C141 (Al) and C142 (computational learning)

Notes: INAOE Al / ML enrollment is greatly affected by the number of students accepted into the INAOE graduate program as a whole. INAOE
representatives say that there is a decreasing number of INAOE students, thus affecting Al / ML course enrollment.

USTC — Courses: USTC listed several introductory Al / ML courses across various departments including the Department of Computer
Science and Technology, The Department of Automation, the Department of Information Science and Technology and the Department of Data
Science.

University of Edinburgh — Courses: Intro applied ML (undergraduate and graduate students) and Informatics 2D — Reasoning and Agents
(undergraduate only)

SJTU — Course: CS410 (undergraduate intro to Al)

PUC — Course: Intro to Al

Prior to 2017, the course was only taught once a semester. The large demand in 2017, relative to 2018, is due to the transition from one
course to two courses.

Tsinghua — Courses: Al (60240052 & 40250182) and ML (00240332 & 70240403 & 80245013 & 80250943)

Open to undergraduates and graduate students

Toronto — Courses: Al (CSC384) and ML:(CSC411)

2016 was the first year that a summer Al course was open. decision to open two semesters of ML in 2015 — due to increased demand

UBC — Courses: Al and ML (CPSC 322, CPSC 340, CPSC 422)

TU Wien — Courses: Intro to Al (undergraduate) and ML (graduate)

Neither course is mandatory for CS students

Hebrew University — Courses: Intro to Al (67842) and Intro to ML (67577)

EPFL — Courses: Artificial Intelligence (undergraduate) and Intelligent Agents (graduate)

EPFL representatives let us know that there is a lot of variation each year due to scheduling and resources.

MILA — Machine Learning (graduate only, non-advanced)

MILA is a program for graduate students only. MILA representatives note that this ML course is not taken by core ML research students, but
by students in other specialties who want to learn ML. Core ML students take more advanced courses. There was no course in 2014.
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https://docs.google.com/spreadsheets/d/1IAApkOgCnAT0HrZdAVanUtN4LJOYuBgM86SJmgTvtzg/edit#gid=34827791

APPENDIX 7

HR D SHE

Return to faculty diversity (pg 25)

See underlying data

V=R

HEDZHRMEICEATHT—2(X. 2018F9A218. AR DV T A rENLTFETIESN -, EIRSh
RZR. BRIT IV CATESHEREEFE DAVE LIV (I AN HERKRTIHIKRETH D,

Fik
HLEDHRDEZHRMEDRNREMNS-O . ZROVITH Ao BIREDZEEZRD . LRIEEEDTAZHER
L. MRZEY LT, SFEROFMONTIE, UTESE,

H)IANW=—TFTRKZN—DL—1& -HE) IESHE
BER. BEEED

RAVIF—FRE -HE) DVERD

BHE . MRESSIVEHEITIHBELZED
AYIARZT—INF oo R=8 -HE OERD
CSEMDEBWE L LVEHEHBELZST
H—RX—AOV KRS -HE DERD
AEINTWWSEHEBEZSD

A=N—=T4 ALy OVRY -HEV UER S
People )V FIZHAT R TOHBEZET
AYVORIA—FRRE -HEVERD

Bt avDHEED

ETHFa—UvE -#HE) V%75
BARILIZTDr N EFENTLSEEE TS T,

Za7yvAR
o ZERDT—AIX2018FIA21BDLDTH D, FIRDHE(X., 2018FEDAI IndexNFERINDIETIZE
BINAAREENHYET,

o THRIERDAHBEZFENSIFEINLDOT, BEELROMOERITEE T HHZEEMEKLI-D
DTIFIEL, BFRIC, 122 AIBEBIRLNBIOZEICLBLTILM=ELTH, AIFEBOEBEELTEIT
BN TVLSEIRELTHZ D,

o HEROBHIEFEEZMEL, HRZFIVLTE - EOIEITHL. Al IndexFRMBEEZ TLSHABEELH
M, BERIEL T, HRIZDWTROREEZT H-ETIHEL, AIRRICEITHHRRTOERE T

TETHD,
o FRAOFBTOHOUINRTIE. AIERSEDMARTEEKRT SRTIEILV(ERE., ZROLEDEE
MNEUENZENZ LAY

o CZOEEFBRREELLIOTHY. BFRIIMLGEBEEZRTEDTIELGN, RIVTH—F AIDHETH
%Dr. James A. LandayDFE 21T T,

[FA-B LY SHRGHEBELTERTAIEITEALTVS BB A AMIRBEHINTLAREDIFEALEBE
2 - BETHASNEBETHLIZEN D, SREFBTELTETLS, |
- Dr. Landay, Stanford University
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https://docs.google.com/spreadsheets/d/1dStPTrlv4X0r1_kz5_XvUvv49QIdPsaEXciYfd0II-g/edit#gid=0
https://www2.eecs.berkeley.edu/Research/Areas/AI/
http://ai.stanford.edu/
https://cs.illinois.edu/research/artificial-intelligence
https://www.csd.cs.cmu.edu/research-areas/artificial-intelligence
http://ai.cs.ucl.ac.uk/people/
https://www.cs.ox.ac.uk/research/ai_ml/people.html
http://www.ml.inf.ethz.ch/people.html
https://www.wired.com/story/artificial-intelligence-researchers-gender-imbalance/

APPENDIX 8

SmEH

Return to participation (pg 26)
See underlying data

V=R
RBHET 223 MABORRENERRELLZLOTHS, TR2EUTORE N GIRELT=,

AAAI — Association for the Advancement of Artificial Intelligence

AAMAS — International Conference on Autonomous Agents and Multiagent Systems
Al4ALL

ACL — Association for Computational Linguistics

CVPR — Conference on Computer Vision and Pattern Recognition

ICAPS — International Conference on Automated Planning and Scheduling

ICLR — International Conference on Learning Representations

ICML — International Conference on Machine Learning

ICRA — International Conference on Robotics and Automation

IJCAI — International Joint Conferences on Artificial Intelligence

KR — International Conference on Principles of Knowledge Representation and Reasoning
NeurlPS — Conference on Neural Information Processing Systems

UAI — Conference on Uncertainty in Artificial Intelligence

WiML — Women in Machine Learning

Fik
20184 (22,000 AL ENHELE-SEEZ KIRELFZLELTEREL. 20184F (22000 AKREDEFHF /MK S S
EEELTWS, ALR—FGEESN-RE(X. AIBAIEZE)—FL,. EMHEET 2RI TH-RET
H5,

AIZE T2 IEEICET ESET —2DFATENR RN D, AMALLEWIMLZRZIRLT =, SEDI|EITA
T4 WV—TEaRERTHEH /SBLTEBMTEIEEEZI TN,

ZaF7vAR
SECLOEENR=aTUR
o —MORBEREBILHEDHIDADIRMZS- - SEIFHAZEELGLDOZITANT:
o —HORBIIFEIZT—EREINLIRTIIEGL, AELFHESNGEN-RELH D,
o LXOHMDREORREFIL. REORERE 1FULANIICRESNS=O. HEDLRAFIRINEZ
ENZBNEBRRTND, LIzh > T REEEERILTLIFEERIBLTLSIRTIEAL,

A4ALL / WIMLICEIED=a2F7> R
o ABF28EFEMEXZSILARBLVIFELXDOTAT T LIMMZELKONEETLHILEEMBT HIL

NEETHD,
o AMALL / WIMLADBSMIFAHTLEZDAFIZE FTE2LEPEDRRT IL—TDENERITEDTIE
A AW
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https://docs.google.com/spreadsheets/d/1PCrziCIiHKAW-9V5pI3kkxRUYyJqoLbSziUpeZmIgOE/edit#gid=1233180520

APPENDIX 9

ARycYIr 7S Ho0—k

Return to robot software downloads (pg 29)
See underlying data

Y—R
ROS.orgDR—UE1—¢,ARYNI TR Iz 7 DA O A—RIZET 5T —42(E, ROS.orga3a=T/i51ELR—
ESEIALTz, SEMIEERDOPDEEZHE , ROS.orglZDWTIX L ESEE,

Za7vAR

e ROS.orgDR—UE1—[FHREENSLDR—CE1—E5HERLTLADOTIEFHEL, EREEOR—
Ea—%RLTWAEDELSTINVS, FD1=6. 0Ll EDHENERIZEEN TULVELY,

e 2018FEMROS.orglZBi 9 5#512IL ROS.orgh b AFAIREZ A, ZNSIEHTINICERLELSFEFFERAL
TWA=OAIl IndexIZIXFEFLEL, FEMITALVEESE,
BEHX. BETADT—2ELEICHEINTINS( 20125 L2013F (X TN EN6AL8AZEER),
ROS.orgDREFE (T HELUNDEEZETERTOORYN I 7ICET ZEENE. HED
WebH A rDAHEZEREZEMND . B/NHESN TLSRIEEM A H S EIERHL TS,

e ROS.orgDRKRE(E. 2015FDHED FTHIEY LTI T ORBEEZY A D/ \yF))—ZADBD N>
F=CERRETHY . FDFEENT o O—RF#EHIZREBBEN TS EHERIL TS, SO &I T 50
BRisEIX L ESHE,
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https://docs.google.com/spreadsheets/d/1i8yL1cCzturE09yVJ5ScbQ_i5s3XDe4Opg5jk-MMbrg/edit#gid=1346097877
http://wiki.ros.org/Metrics
http://www.ros.org/about-ros/
https://discourse.ros.org/t/the-2018-ros-metrics-report/6216/3?u=tfoote
https://discourse.ros.org/t/the-2018-ros-metrics-report/6216/2

APPENDIX 10

R3— 7T | &

Return to startups / investments (pg 31)

Underlying data is not available.

V=R

Sand Hill Econometricsl&Dow Jones VentureSource DT —EN—X&EFHL. R9—r7vTE VCOEBET—

AEIBHL TS, SandHillT—2~A—XHD AITED) A+ETER T 518 . Crunchbase APIAMERST=,
Sand Hill, VentureSource. £ XU CrunchbaseDE#lL. ) V&SR,

Methodology

UTDOF—7—K%EFEAL. Crunchbase LD AIBES XD AMEERELT-,
Category Name Crunchbase Category UUID
Artificial Intelligence c4d8caf35fe7359bf9f22d708378e4ee
Machine Learning 5ealcdb7c9a647fc50f8c9b0fac04863
Predictive Analytics €aB8390d722c65bb5f87022f52f364b1b
Intelligent Systems 186d333a99df4a4a6a0f69bd2c0d0bba
Natural Language Processing 789bbbefc46e1532a68df17da87090ea
Computer Vision a69e7c2b5a12d999e85ea0da5f05b3d3
Facial Recognition 0b8c790f03bch2aba02e4be855952d6d
Image Recognition af9307c9641372aeaac74391df240dd2
Semantic Search bb1777e525f3b9f2922b0d5defe0d5bb
Semantic Web ac34c4c6e430f66f44aeef8cad5b52bb
Speech Recognition 24dad27e6a49ccc1ec31854b73d60d16
Text Analytics e7acbc9932¢74c8809ed8fae63eb2559
Virtual Assistant 2eb0b56b6896e0f0545fc747a9ba6751
Visual Search ad8f33a8c5d0b7d786f389aa2954¢119

Crunchbase API[$4,477DAIT (£ %R LTz, CCTHI-MR AR, VentureSourceT—2R—XHD TR
TORFr—FvEFINORIEEZZITTLSTEENDIAREEIN., CrunchbaseD4,47731 D 5% 1,0964t
A, VentureSourceDAITE D) AE—FLT-, Sand Hillld, —FLI=UAEEEL. SO EBRENIZR
HIEEEREERDLIZ,

Al Startup B89 5T —4I1%. VentureSource T —2R—ADNHZEFALTIRESNT- - Crunchbase APIIZ

FERINTULVLY,
a7 A
e VentureSource®DT—4I% VentureSourcel B DHLDTHY . — AR ABAIZLTULVEELY,
e VentureSource 7O VM FI AL, 3T Sand Hill Econometrics £ TiTh 1=,
o MEFEHRII. LBOBE. RELEMNEEIBZE. VentureSource T —IN—X ML HIREN B H, Al
BRATDEEFESVURICEATHERIEIT —IN—XIZHED,
e Crunchbase&VentureSourceMELELEFE-TH, AIVATLEZHELTWSEEELEENEERLTWVS

AItEFR R T5DIER#THS, REMIZIE, oD AlFEIA—h— LMo —F— &R I,
VentureSource CEETL=E 2D 55 1094t (ZHlE VentureSourceM £ YRDSHM 10% T ) DTV
LY TINETAMN =, TR, TDS5HD 68 (F1=1562%) NAIl A—h— | THBHZELH A
2o U TILDEYD 38% DXL, AIRELREIN TSN, AR TLBARZRHAFEL TLVELVATEE
HhH5,

IH7E D CrunchbaseDAIATIY DY AL, #HFEHMZHRDIZESA TS,
EBLTOBAIRZI—F7YTOHIE. BE 1ADLDOELES>TNS,
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http://www.sandhillecon.com/
https://www.dowjones.com/products/venturesource-2/
https://data.crunchbase.com/docs/using-the-api

APPENDIX 11

AlBS:Eh

Return to jobs (pg 33)

See underlying data

Y—R

AIZRFJLIZEBRADE (33R—2) LAIBEBADISEZEDMHER D SHEDOR ( 34X—D) &, FhEh
Monster.comM K A YA EDSIREEN-EDTHS, Monster.comlIFEREZF/DH=-DIZAUFTA 2L —
b4 T) O RAR—AILTHAH Garner TalentNeuronZ{FEo1=, (X Garner TalentNeuronFEf=I%
Monster.com® ™z TH A &S,

Fik

Monster.com

Monster.coml&Garner TalentNeuron7—2R—X&#FERALTUTDAEERELIz, AEHNKRABHIZ LA
AXIILELTRESINTNDIGEES. TOLBLEEIITEEFND, FAHEEZFTF—TJ—KT Attificial Intelligence 1 &8
HADhERELT-, =&AL, Robotics(Z., FAEZE I Artificial Intelligence&RoboticsD il A D AEMNESEN
TWBEBICOHNIEEND, Monster.comTHERELIZRANBRIETAVAERNDLDIZRESNTLND,

Artificial intelligence +
Natural Language Processing, Machine Learning Techniques, Deep Learning, Computer Vision, Speech
Recognition, Robotics

Za7vA
o [FEIZEHOABENEMMENEENTLDIGEES. RAEZEIZAIU NSNS, —SBOFEMMEE. E
BOHRBAICIERHE SN TV MEDEFMELEEHR LT HIEERBRLTOSAREELH D,

AR EBORBEICE DR DL EREICHELS—aATVR
o REEHE. LTLLERAKZERT IO TIE FREFEZRKRTHLDTHAL,
HRIE. BRZIZRELTEHRILTLSA FFEMICIEZ OO EREEFHRICMA TOELNEEZ T
60
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https://docs.google.com/spreadsheets/d/1PENuyM-8RwjxaEOnfbY4I2mGZk_SZMffiUwtHCvMvcY/edit#gid=376759887
https://www.gartner.com/en/human-resources/talentneuron?utm_source=google&utm_medium=cpc&utm_campaign=RM_GB_2018_CTN_CPC_SEM1_RISK-MIT-TALENT-NEUR&gclid=CjwKCAiAlb_fBRBHEiwAzMeEdtMo15cc2IIVrVdPQYwSpGK8g-3gs-NuY41Y8lelzP0P62uruGl8DBoCNDAQAvD_BwE
https://www.monster.com/about/

APPENDIX 12

FeEF

Return to patents (pg 35)
See underlying data

J)—R
BT —4% BFREY—E X amplifiedZ&>TiRtEN -2 D THS,

Fik
FiREEMELDT—HIZEALTIE amplified A EEk LTLVS,

Za7yvAR
2015FEMB 201 7TEFTORHFHIT —AEANTELICHR > TLVAEN=O ., KITTRSATOEWN (HEMNSARE
TOHEARWN=®),

AFFERIPBICHI-> T, FMBEBZ TEOTWISET HHAIK O HAHD, I SN -FEIEHE
LG, ZDT=86. Al IndexIZH 1T 24555 T — 2T DBEBDO LD EFELDHENH D,

ZDIEELGHIH, 2018FE RSN FEXZ(ICLLPEAFHFEREE T, ZOLKR—FTE, FEIFERD
ZLDAFAFFERAELTHEY . RISKELBEMNFHIC Eo’CL\%) . CORBRERD-OICE DT
OA—FEEBENMERSN=AETEATHY , FhL A ORREOFHFRIRICFBR B IZITRERSNZLN,

BFAPBFOFEIERMSINFERICHLLNO. AU TYIREIOSMTEASATOSEFI—FEF—
T—RIZDONWTELLGEREDLE. 2FLTLS, Al IndexDERF(C(E. FCHHREHAFEEERTAILE
o,
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https://docs.google.com/spreadsheets/d/19jyDMW26xRD7RGlw-ZhtX18iFDO2q8di0wjYehyJMxg/edit#gid=0
https://www.amplified.ai/
http://aiindex.org/2018/patent-report.html
http://www.sppm.tsinghua.edu.cn/eWebEditor/UploadFile/Executive_susmmary_China_AI_Report_2018.pdf

APPENDIX 13

AIRA BT HRE

Return to survey section (pg 36)

See underlying data

J)—R

ZDEFFEIL. McKinsey & Company (McKinsey) [IZ& 2 THAHENTzEDTH D, IvFoE—D AIEAFED
HERIXZELOEFSHE,

Fi&

McKinseylZ &5 FEICBHT HHE:

HEIZA >S54 LT, 2018F2HF6HMNS52018F2H 16 HDEIZ1THh 1=, 2,135 A DS H0E (20,466 A b
2,135 ABM) HEoEIENEES-, SMEILHERD DM, £R, £EBE,. FLUBELDEFMEFZREKT
dMcKinsey Online Executive Panel D#E#E Thd., D25 1,657 AlE. EIEDERBELTEIFSNT- 9D
DL HEEE, F/-1FFZEEFID 1DLILE T, 2HKEL1DDA THIBEHBEZHERERL TR ERNT=, £50
FHIE, McKinsey.comD&$R1—H—T. McKinseyD B Y —FIZS T B EFZERLI=HERDBLNILD
R, EEB. PLFUOREBZARRT B SA/INFILDAIN—TH B Y2 TILIZIE 108HEH S ML TL

Bo BEICEDEIZERDENETET B0, T—2IEEEEZEDAEENT O—/V)L GDPIZLHEEFEIZE

DETEAFTIETHA TS,
McKinsey(Z. Al IndexIZxtL. LT DERBANDERBESLORIZTEDESEIRELI,

Q1. ROAIMEE (AR TOEXEEE. #EFEE . KRBT -z b ERIESER A/ 2—DJ/ X OV
Ea—42E 3y BREETIANERE BREESTHERE. BASELER. YEMNORYEIE, BEET

BH)ZHRAEOMBTESEAL TS ERBAL TS,

1. —DRBIRLTHEEL:
FotEHRTLAL
DIKED 1D DMREE - (F BB A THIER
DIKED 1D DYREE (S BEBHOEREE XX TOLRITHEARERTLS
EHOWIEEFE LR D HEENBE AR TOLRIHEHRAEN TS
B

I

Q2, HEET-DFERT BB TIE. RDIEEDEEAMT AIZERFALTLEI N ? (RETHLDEITAATE
RLTLZSLY)

1. X—T40T LR
BEKEO—IRL—b 74 F R (BARBRSDRERE)

YR (JROEE, FFER. B

AE

HEOY—EXDBHFE

HISAFT—IRT AV

ECbE 3

Y—EREF (T4—ILRY—ER AREI—H5T 1INV IF T RIEE)
EEOENTELGN

hhsiEny

©©oNOOR®N

-

Q1TIE, McKinseylZ[EEZMEBRIZHEIT DR IKIEL =, TD&. Al Index(E, DL 1DDAIZSHHEEE

FEIEREMITEOHRAATNOEEEDEGZEZMFT 50, BE 3L4Z G5 LIz, vvFoE—I1F Q20 [E
BRI EIL, ELTERACHEILz. QIEEFELZY, Q2(F, BHICABREEZHAAAT, F-(FEER
BERALEEEEICRESN TV, BETIEEERIZTHDTOAEITHYET .

Zay7rrR
AEEZL., BB AIBAIZKH T HEEEDRFHICE>THIESN TS,
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https://docs.google.com/spreadsheets/d/1SZtXdyTbfQdgGno8gXSwqPZLRl60VboBgkAlxE0_F5g/edit#gid=0
https://www.mckinsey.com/featured-insights
https://www.mckinsey.com/featured-insights/artificial-intelligence/ai-adoption-advances-but-foundational-barriers-remain
https://www.mckinsey.com/

APPENDIX 14

TREOMYMA : ERNBHRE

Return to earnings calls (pg 40)

See underlying data

=R

HEHINTOWANEREICEAT 2T 2RI, TFRAMTE U F AU HEEMET HIRERAESHD
PrattlelZ&WIRES -, Prattleld. FactSeth DR XFHELFEFHRAL TS,

Fik

PrattlelZ(d. A THBEEEEMEE LV EEICDVTOWRIHETE RLEEEHERENLGET—2E RUF
T—IDE=HDITIREE YT T—R2EWNSAEDRILT 2RI DWW TIRELTWV =WV - BRIECEDE
REBENREENDEDELST,

BEERLERAOHEESITHT-OIC, Prattle[FERKBTOERE (ERKRBLEELFEN D) EFEAL, BETFXE
MHAIZBET BT A RAY AV THEASNAIXFINETEB/NI—FRELz. ATHBES SUHIHEE LD
AEICIX. TNODEEE AIBEUMLEEENTLVS, PrattlelZFNMNLIRBHZEERYBRLM - (FIZ X, MLIESY
JyhILDEEETLHDSD T, Prattle(XBEDRIZHENHS MLOAHIURERYRL-),

OB —DHEEIL. S&PHNFERTRIELMLYIL—TTHS GICSEFRLTITHNz, T4 XD RFE(ChD
[FLAR—FTIEFEASNTOWERAN, BELLDT—2THEATEE) (&, BEREOSEIZE DTS,
Prattle N2t ALELMEIZLL T D ESY,

mkt_cap <='500000000' THEN 'micro' :: text
mkt_cap <= '4000000000' THEnN 'small' :: text
mkt_cap <= '20000000000"' THEN 'mid" :: text
mkt_cap IS NOT NULL THEN 'large"::text

else Null

F—AD DL Al IndexIZ&>TiIThit=,

—a7vA
e  We observe that the mentions of both Big data and Cloud have steep initial curves, then trail off. This
can be interpreted as the normalization of the technology.
ERIEDBTLLEED AINDBREDLAIDEAZRLTULSIRTIEAEL,
CODMZFLBZEEDOADNEEND,

Nuance
e We observe that the mentions of both Big data and Cloud have steep initial curves, then trail off. This
can be interpreted as the normalization of the technology.
e Mentions are not necessarily a proxy for company investment in or adoption of Al.
e  Only public companies were included in this analysis.


https://docs.google.com/spreadsheets/d/1jtKgsBQOGbtFLyvyVLv1gXUf_aYJD91C3ZlBZE4JIu4/edit#gid=1247579189
https://prattle.co/company/
https://www.factset.com/
https://en.wikipedia.org/wiki/Global_Industry_Classification_Standard

APPENDIX 15

OARyrEA

Return to robot installations (pg 41)

See underlying data

=R

T—4I%. BEEORYNESR (IFR)2014, 2015, $ KU 20174 D International Federation of Robotics'(IFR) 55
BEESIZHIN=1LDOTHS, HHMIEITROLER—rADUIESE, IFROGEMIEIZES,

2012 robot import data

Source: 2014 World Robotics Report — Executive Summary (Table 1)
2013—14 robot import data

Source: 2015 World Robotics Report — Executive Summary (Table 1)
2015—16 robot import data

Source: 2017 World Robotics Report — Executive Summary (Table 4.1)

Fik
TEE BRICEMASh-ERAORVOEHTHS, EFRAARYNMIISO 8373: 2012 K TEERSN T
(AT

IFROFEICEAT 25 MIERIE L0522,

Za7r A

o ENEEDHEOORYIHT AlIELTHEINDY I I TEEFTLTLWIHLERET HAEILE
FoTHELT .. AIDEENEEXERORYLCDFRICEDEEFTELTWANIEIABATL,

o CZOMIEEX. 2017ERTIXARYMRAZEELTEREIN TULV =,
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https://docs.google.com/spreadsheets/d/1tW2JI-znw3kh6ZE53F3NiE4DDb0R51_Menp0DDuruQE/edit#gid=1887775523
https://ifr.org/
http://www.diag.uniroma1.it/~deluca/rob1_en/2014_WorldRobotics_ExecSummary.pdf
http://www.diag.uniroma1.it/~deluca/rob1_en/2015_WorldRobotics_ExecSummary.pdf
https://ifr.org/downloads/press/Executive_Summary_WR_2017_Industrial_Robots.pdf
https://ifr.org/downloads/press/WR_Industrial_Robots_2017_Chapter_1.pdf

APPENDIX 16
GitHub Stars

Return to GitHub (pg 42)
See underlying data
J)—R
Google BigQuerylIZIRTFEN TULVS GitHub7 —h4 J Z#{# F,

Fik
LIR—FDRIE, SFESEL GitHub 7RI+ O StarE B M ERFMISTRLTLVS, URDMITRDESY,

apache /incubator-mxnet, BVLC/cafe, cafe2/cafe2. dmlic/mxnet, fchollet/keras. Microsoft/ CNTK,
pytorch/pytorch. scikit-learn/scikit-learn. tensorflow/tensorflow, Theano/Theano. Torch/Torch 7

GitHub®D 7 —h4 7T —%4(d Google BigQuerylZREFEIN TS, DD HEHE R KIDI WatchEvents D
BEHZ D=1 Google BigQueryb A A—TJx—RATEHELT=, 2016FEDT—2EIWNET B=HDH T
I—KRIZUT,

SELECT
project,
YEAR(star_date) as yearly,
MONTH(star_date) as monthly,
SUM(daily_stars) as monthly_stars
FROM (
SELECT
repo.name as project,
DATE(created_at) as star_date,
COUNT(*) as daily_stars

FROM
TABLE_DATE_RANGE(
[githubarchive:day.],
TIMESTAMP(“20160101"),
TIMESTAMP(“20161231"))
WHERE

repo.name IN (
“tensorflow/tensorflow",
“fchollet/keras”,
“apache/incubator-mxnet”,
“scikit-learn/scikit-learn”,
"cafe2/cafe2", "pytorch/pytorch”,
"Microsoft/CNTK", “Theano/Theano",
"dmlc/mxnet”, "BVLC/cafe")
AND type = ‘WatchEvent’
GROUP BY project, star_date
)
GROUP BY project, yearly, monthly
ORDER BY project, yearly, monthly

ZATFVREROR—TESHT


https://docs.google.com/spreadsheets/d/1E8QqR6pwlhgoO7JVMkMNIQoCXDoHGjVFOXhi64OHur4/edit#gid=611379192
https://bigquery.cloud.google.com/table/githubarchive:day.20150101?pli=1
https://www.gharchive.org/

APPENDIX 16
GitHub Stars

Za7yvAR

GitHub ArchivelZ. BEDECH, Aa—F—MNYRIK) M S StarFBIBRLI-ESITstarOMEM A DA EZZREL
TUWEWL, LED>T . HESNE=T—R2EHOINED#HEZZRBEL-oTLVS, GitHub EDYRIM) DER
DStarsBELLE T DL, ZDEIIHIEYELMABER T EH> TR ENH NS,

GitHUbD RA—T—ARFMF T A EIIMICEH D, #HERERRYNFIVIT5H=8IZ. star-history tool A E
B3nf-,

GitHub 7 AL 2O DI+ — V% RE T HDELELRELA, UKD K StarséForksDIBRIMNIZIZRL THAHZ L%
%%Lf:o
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https://github.com/timqian/star-history

APPENDIX 17
ORI

Return to public interest (pg 43)
See underlying data

V=R

CCTDET—AIE TrendKite M SEEBLT=, TrendKite—E R [Z— i3I AT (7 RREEZESI{TIFL. i2E%
[IROTAT I TRATA4T L, FEZa—rSI IR BT HREP A EFEFERALTLS,  TrendKite®5E

HFEIHES,
Fik

BEMNGRIBER OB LEDEBRGEFEB/NLIY—RZHIRT HKIIEAELI.  FFF. PG

REO—EAEREIN TV A, RIZEFEFENTLVEN o=,
AMIZFLUTOIT)EER,

2T
"Artificial Intelligence”
AND NOT “MarketintelligenceCenter.com’s"”

NOT site_urls_II:(
“individual.com”
OR "MarketIntelligenceCenter.com")

4L 32—

+ Only included English-language articles
* Removed press releases

* Removed financial news

* Removed obituaries

SERF. Za—SLEEDT-, AIBEEREDH
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https://docs.google.com/spreadsheets/d/1dki7N2VAretDdY28XaLV8xUIPbC0Ll6mxrMWai6maJc/edit#gid=32935281
https://www.trendkite.com/
https://www.trendkite.com/

APPENDIX 18

BFFICELDAICEETHER

Return to government mentions (pg 44)
See underlying data

BIEDY—R, Fi&k, BIUPZaTUR:

F—AUINE LS HT1E  the McKinsey Global Institute (MG IZ&>TiThhi=,

D5 (FiE) -

T—AF W FETELFEEDYTTHAMD Hansard search #peZFEALTIRESNT-, T AT 8L &M
2EIGIAFEZESD)EVSAEEZREL. ER% CSVELTEAYYO—FLT=, BAERIEITRTOHIIZE
EINTULVD, T—2(E 11/20/2018F DL D THD, T—2IL 2002FE8A31BRFEADILDONSAUFAVTA
$‘I F]bo

ITNTNOHIE. THROBEHRTALMEF IIEHEENMEFEDIAVIELIEIRETERINFILETR
LTWW2, DFY . FBHRDOHB T AUN—DPREEDHT AIFEIEIMLZEREE LI5S, Tl 1ELTHYY
fEnb, LHL, BCERBOBIZ, EFENBDAAURT AIFEIXMLIZE RLEE (BICHhOEE LSS
B) . ETnFEHEAIUEIND, ATHBELEBZEZDHDUMIA R DBERTITHAz=0R3MELTHY
UhEh TS, BBETALIFE-XTMLIOE RIZEFENTLELY,

AXYR (TR, TR I RIS RA—2fE FEL)

ZEEFEL D Hansard website®Find References#REZERALTT—2Z &Lz, T ATHEE IS K UTHWE

B1GIAFEED)EVVSHEZREL. R E2H405ELTWS, T—421E. 2010FE10A31BEADHLD T,

T—R(E1/1/1800LUfEMN 54544 TAFABE, Open Parliament License v3.0D F T34 XL TLY
bESERNEENATLS,

WFFDESIZ. FNENOEIT. T ATHEEIFIEMHHEE 1N BEDIAVNELIEHE TERSINME
HETT ., LEDST. HAAVN—DREERNT AIFEIIMLEZEHEE LSS, FhlF 1ELTHY VIR
b, LML, BILERBOMIZ, ALEENFLZDAAT AIFEEIIMLICE RLZGE (BICHOEEHANSE
B). TNIEBEHEELTHY NS, ATHEELHBFEZE DAV UMIA 2 DRETITHOI-F=ORIHEL
THIOUREINTWND, Tz BETALFERIEITMLIDE RITEFENTULVAL,

ZAA(ERBRE FUTRE)

F—4I1d. US Congressional Record website® advanced search#égEZ{FERALTINESNhT-, TAIHNREIE
[ E | GIRFME) EVLVSAEEZRRL. BR% CSVELTAYoa—FLTWA, TBHED/\)T—2 37
AT AVIEBEREINTHEST . BBERICITLIRER. TR, BLUREERLSEN T D, 74454
DIAMIEFEN TGSz, T2, 2017FE11A20BEADEDTHD, F 104BIKELUF (19955F) D
T—RIEF 54 TAFAIRE,

TNENDOAIUNI. BZEDE $ﬁl:iﬂﬁéh7‘—¢#m0):¢= DHET, ATHEEOHBEENERSINTCL
=L TS, IFEDET R H;t EREOHEBEZEL, HAREENEEPRICT AIFLIEIMLIZIOLWTEHEE R
L-B5&. £F-ERLCHBO I TEHDOEEEN AIFIEIMLIZDWTERLEGE. R 1ELTHDIURE
Nd, ANTHBEEEHMFEBZDAIUMNIR R DRRBETITHONI=HRMELTHIU RSN TIVS, =, BREE
TALFEEIFITMLINE RIFEFENTLVELY,
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https://docs.google.com/spreadsheets/d/1TAVbZPqEr-qRXd0APCXod7nL7qvfqimtxrpSCdfeGJk/edit#gid=318432312
https://www.mckinsey.com/mgi/overview
https://www.ourcommons.ca/Search/en/publications/hansard
https://hansard.parliament.uk/
https://hansard.parliament.uk/search?startDate=1800-01-01&endDate=2018-11-20&searchTerm=%22Artificial%20intelligence%22&partial=False
https://www.congress.gov/congressional-record
https://www.congress.gov/quick-search/congressional-record?wordsPhrases=%22Artificial+Intelligence%22&congresses%5B%5D=all&dates=datesCongress&sectionSenate=on&sectionHouse=on&sectionExtensionsOfRemarks=on&representative%5B%5D=&senator%5B%5D=&searchResultViewType=expanded

APPENDIX 19
ImageNet

Return to ImageNet (pg 47)

See underlying data: (1) accuracy scores (2) training time
ImageNetiEERXIT

Y—R
2010~20174E M ImageNetDFEEIZEET 5T —421E. LSRVC—F —R—FZ@EL TERESNT=, 2016~20184F
DT —F VDN TA—TU R, arXivD X#kLE 1 —%& L TS,

ImageNetDEHEREMIZERT =0, L TOHRIXMNSRAIATEIEFLT -,

ImageNet Classification with Deep Convolutional Neural Networks (2012)

Visualizing and Understanding Convolutional Networks (Nov 2013)

Going Deeper with Convolutions (Sept 2014)

Deep Residual Learning for Image Recognition (Dec 2015)

PolyNet: A Pursuit of Structural Diversity in Very Deep Networks (Nov 2016)
Squeeze-and-Excitation Networks (Sep 2017)

GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism (Nov 2018)

ABEILRILDMEEIZBE T B HETE (L. Russakovsky et al, 2015.12&BEDTH D, LSVRC ImageNeta X743
B EUPImageNetT —42 vk DFMIT) IESE,

Fik

ImageNeta> X743 T—42(2010-2017) [ZDULVTIL. ImageNet WebH A F THRRA RSN TLVS% LSVRCO
URT4LIVD)—F— R—FDN o ROT7ZEREL -, BT — 2 Vb ORI XL Ea—Z @B L THLN T,
BEEDRSBREDOHMNEHFIN TS,

ImageNetD kL —=> 45 B

=R
ImageNetD L —=2F B (X, arXivD XEALE 2 —%FBL TIRESN -, LT OHRIXNERSNT=,

June 8th, 2017: 60 minutes
November 1st, 2017: 30 minutes
November 12th, 2017: 15 minutes
July 30th, 2018: 6.6 minutes
November 13th, 2018: 3.7 minutes
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https://docs.google.com/spreadsheets/d/1BHzohNJ7Uu4Xr58T9YjKDLoCkaF-EDKcRtGlEjhOQFA/edit#gid=0
https://docs.google.com/spreadsheets/d/1GbZewoAHVSYGToOID7F2IOPuGeDoT2CfwLPFPnzMePU/edit#gid=0
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://arxiv.org/abs/1311.2901
https://arxiv.org/abs/1409.4842
https://arxiv.org/abs/1512.03385
https://arxiv.org/abs/1611.05725v1
https://arxiv.org/abs/1709.01507v1
https://arxiv.org/abs/1811.06965
https://arxiv.org/pdf/1409.0575.pdf
http://image-net.org/challenges/LSVRC/
http://image-net.org/challenges/LSVRC/
http://image-net.org/
https://arxiv.org/abs/1706.02677v1
https://arxiv.org/pdf/1711.00489v1.pdf
https://arxiv.org/abs/1711.04325
https://arxiv.org/abs/1807.11205
https://arxiv.org/abs/1811.05233

APPENDIX 20
Parsing

Return to parsing (pg 50)

See underlying data

=R

Wall Street JournallZ# 1+ % Penn TreebankD &5 (&, BT ADERBEZRN—XDEHTV)—TERH
FFrontztoTUoADT—2EIbTHS, COT—2vbDEII 3y 231% BRI/ NNA——DOHEDI=HD
FELTRAMzYR LS TULNVD, Penn Treebank@ et CH 5,

Fi&

BEIN—Y—(d, BERIERSN-BFOBRERLTAM YOI —LRBITOEBRERZLLE T HLIC
FOTEMEID, EHSN-ERERORELBEREIHZEEAIN., FIROTELTHREINET, HESND
D EPenn Treebank DWSJIE 5 D93> 23D XX T 5/8—H—0D FIRA7 THH. KS40T—FLUTD
XEL, FNEFNIFATREEXED YR EEKIZDVTIALDRAIATEREL TS, BERA—ZND/—
AYY—DEMIE 94 FATATDIN—RAY—([ZfTAR—TUFSHE

nlpprogress.comTEEIN TS —F —R—FIZHERL . KB OB EITofz, YUARSNI-ROT7ZHE
ZL. FYREIHDIERERDITHL

CEMOXBLE a—28Tkof= HILWLWT—2RAUME, 2017EDAIM L TYIALR— DT —REERS
iz FELIz/NA—H—DH|ESNz FIRATIZE B—ETIFEHTHET OV TILEEFENTINS,

Zar7> A

BEMEXMBTMEICE TH0HIE, /NA—T—(XBE. HELELUAZRBLELOERANS, RS <4058, RS
<100EEOXETOHFHESN T =, FIATFRETHNIE. 40BXRFEDRSDEUTURET—/IRANDT AT
DETURIZDODWTURTLD FIRO7EE KL=,

Nuance
e Inthe early days of automatic parsing research, parsers were typically evaluated only on sentences

of length <40 words and length <100 words for computational and methodological reason. We have

recorded the F1 scores of systems on sentences of length <40 words and on all sentences in the
corpus when available.
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https://docs.google.com/spreadsheets/d/1FjfSXDlAtBv734panSqxQmpHREOaduhIqgoWFSMuCe8/edit#gid=421363140
https://catalog.ldc.upenn.edu/docs/LDC95T7/cl93.html
https://en.wikipedia.org/wiki/Parse_tree#Constituency-based_parse_trees

APPENDIX 21

HHEER (BLEU)

Return to machine translation (pg 51)

See underlying data

=R

T —241&Workshop on Machine Translation (WMT) 3> R5423> D=6 MO BLEUROT7 DIERERET S
EuroMatrixmv s 5|1EHENT=,

Fik
WMTIEEBE =1 —ADFFRERERIN . FILWLWN —=U J ET AT =2y a7 T 5. SMEDOF—
LlF, BERRERICS T BF-OITBELBIRO AT LERET 5,

WMTAERY S ELAEEER, BETHIIVNDIUIFFTEBHELTEY, BIELDLERITTELL,

T, IFELLERIFERICHBENNTHS, DATLOFIREABDERLI-SHOMRERENITLET
SBHARXTHASBLEUIZRLIz, Chid. 00D 1D DIBEERIEDEIERTHS (BENSNEESER).
FIERAR7 Oa— /R DHEWENR AT LD Y BLEURI7ZETHIELT R BF. TDFED
Za—AFREIRIAREEN=REIDFAVEE. BRURMVENOEFEAND VAT LIZE TER SN =&
= HBLEUR a7 ZEEELELT =,

EuroMatrix|£2006 F LAE— 1 —REHRARIADERFED BLEUROATZHEBEEF AN VEEZLTRAVEELHEED
R7CRFELTE =, BT BICXEEXFN VLT E-0DTOrILEEET S BLEU(1Mb)ZEALT. &
FEREDINITA—IUREHKIETEHVATLD BLEURI7EEH LT, AlREGEE. @ADRF7TLEAL BLEUR
A7 EBOVATLDRAATEZTDEDRRELTGERLT =,

Zay7rrR

e BLEUIXBEIMICHHETAIENTE, ZNIEFFRABEITOVTO AR DRI EHEET S EMNTREN
TW3, =1L, COAN)YHZI—/IRRABTHERATHIEETEY . VRATLMT BLEUROT7Z#LLET
B LIFREEBATREENH D,

o JSTFEMMICLEEMERIZHYET A, 2017FEDOBLEURTTZMN2016FEND A7 LLLEL TKIBIZIE
TLi=CENHM S (2L, 2017EDORAA7IF2015FENDRAT EYEELY) s MTORTLD/INTA—I Y
AD2016F LB L TE T T2 LEFFET LRV, CCTRRSNTOSEHBRA X —LIETZE TIEALY,
f=t=L. REARICHT-HEMZE R S&. BLEUROTIEHEMEIERD 2 FIZE T 5ESDIER LGS AT REM
NHd,
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https://docs.google.com/spreadsheets/d/1d1kMi-v8YurJBe4ygnhfVAKYLnNRSom1ct0uyBu8b1s/edit#gid=140608935
http://matrix.statmt.org/matrix

APPENDIX 22
ARC

Return to ARC (pg 52)

See underlying data

V=R

ARHEERF L > (ARC)IZ. Allen Institute for Artificial IntelligencelZ&k>TRESNh TLVET, ARCD/N
T+—IRT—RIEARCHY)—F —h—FhoEE SN Tz, easy set &challenge set®D!)—F —R—F LG
IBRIVOESH,

Fik
SMEIZARCT—2tvbESAHoO—KL. Allen InstituteWebH A & BELTY—H —R—KIZEET S,

Easy developmenta—/XZXH 5D B RE D4 :

AR SNIRMIEEND, (AEFESE(B)TLE (C)AEE (D) RiTH [Grade 4]

HEFEL BIIEEETHAIERELTNS, CAAELLDEINZHIT HDIHRHEILIDEMIT
Enn, (ARBRIUOENZEETLIN? B EDEMIEZEETSHMN? (C)EEIXANERE-
TRYEELSN? D)EBRITEENGSTILEESEDIIENTESMN ? [Grade 8]

FoL PRI —I/ISANSDH:

Juan&LaKeishaldWWDD DA Tz HMESUTDOTICRAIFTTENT  £EFEBEXEDA TS IMN
ROUELIZEENDDNERI=MNoTNS, ABEEFRYIRT CENTEDLIICTA-OITHSIIAIETRE
Mm? (AATOzORET =TI FEDD, B)SUTDESEEZD, (C)EMNITAIDIIMERAS,
(D)FAEDFMZELERT D, [Grade 4]

EREFKIENRET DFAREELHEIARDIYVENMIBICEIAN LR TEDZEHHSC . &K ENREM
TOHIBIZEFTEDE, E5G5H5M. (A)FEB)M(C) FIXD(D)ES [Grade 8]

EEMDERIE1RET D, ETIVEERDOBREESZADIENTARELLG>TVS, ZDHE. NEOHBEEZSZ
BETIVE. ZEDONEDOREZED1DNELTFNIL1NRAU b, E5THRITNIEE 0RELGD, MERTTI(E, ER
DEMTORRDTEHET D,

Al Index(Z., LRI RN LFRE LESEM DA ZINEL TS, HRAUFIORBOENA—DIYBIE
WESIX. RIZEFENLL,

JIL—ILEREHARSAUIZDOWNTIE ChELESHE,
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https://docs.google.com/spreadsheets/d/1UYTpmJHX020kTDv9INx_H7tWIAIV6o6lWZio9n0RmwU/edit#gid=0
https://allenai.org/
https://leaderboard.allenai.org/arc_easy/submissions/public
https://leaderboard.allenai.org/arc/submissions/public
https://leaderboard.allenai.org/arc/submissions/get-started

APPENDIX 23
GLUE

Return to GLUE (pg 53)

See underlying data

=R

GLUERUFY—OT—4I1d, GLUE!) —4 —R—E M5B LTz, GLUERLUFIY—IDHEMIEZ CE05S 1R,

Fik

ZMELGLUESRYESF »O—kL, GLUE WebH A ~EBL T —4 —HR—RIZIRHT 5. 2RV DE A< DA
EEEICEDVT, FERIDRAATHAHEEINGE T 2 TORAEEEFI 100 (THHEEFELLT) THEX
fEhEND, CNODRAAT [FFHSNTRERRATHFOND ERD AN VA MNLIZED) EZHFDFRID
BmE. AN ORFEHESND,

)—F—R—F T, 2—F—DryT A7 DEBOHANRREFSOIFFENTOET thOERIT. &
A—Y—DIARTD T TRRAGE, At E BERLRTSNGNRIITEAMIZEET S EMNTTEE,
Al Index®BEIZIE, BADERBEEENTLEL, —BELUVF—HD MNLIF, X7V T BHD 18R9&
Rigznsd,

AL TYIRIE, LIBTOBRBOFIRELESLDDAZIEL TS, HBALURTORTBD ENKLYBIELS
B, ThERIZIETEFENLGL,

IW—ILEREATARSAUICDONTIE ShELESHE,
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https://docs.google.com/spreadsheets/d/1wmADB997Q8elVlgOLloGSkEdbYLLCzYqabNqaxqdQVw/edit
https://gluebenchmark.com/leaderboard
https://gluebenchmark.com/
https://gluebenchmark.com/faq

