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1.1 S8 F 2

PLER AT DAY T 295 IR T, (H 2 ML &R ST XA RS e 2R RIS = S Bk
s B 223 7B I R o FENLAS S SR R B ST TR, AR AT A N HE S LA:
MRS T BRI TR .

M 1642 4 Pascal & B (T4 AL, F) 1949 4F Donald Hebb $2 Hi (% A B i — i
B S R R 2 AT R AE ARk, RS B a2 =) JBAR I 4

F L, 1950 G B R AE ST B R SR Aot R S LA 22 ST K . 3 1 1952 4F,
IBM L3S « Z222K (Arthur Samuel, #7208 “HLassr 212507 ) ik 17—k al A2 il
FEBVHLRE Y o B REVS IR S T KE AR B AR R, FORIE R B O MBS, 2
IRRUIZXARE P AT 2 350 5% S5 R B, BEAE I (8] (3RS, R (R Z A fliolotiir M, SEBUR
REXAFEFHER 1 DE “HLas TTIREASE, AREBA S ME " X AL 50R,
JFAE 1956 FEIEASR T “BLas£>1" X —Mi&. thiloy “HLas s SRAEA EHET X n it
BRI OLT, WP RN S REA 10— W TT AU

XERLAR ST HNRAT LN Z AT 4T, AE a2 I8 ZH 1 Tom
Mitchell MPKEHLES 7 21 5€ SOy X THESATS T MR R P, WAHENEFET LLLP
e bEE 2% E M H R, SR M ENREF ANER E 523 KEeE AR
fE R, (BRFEE XL ] TR, BATS K IBEE I [RAARE, PLER5E >
ANGNELE AW AAL . RIOAPE R BT AN S AR, & AN AL AL thAH TRk, 37 50 1 b
g PR XS E SOFARIBAR S -

WA, HLAE%2) (Machine Learning, # Fi#RkA ML) (AL BE 2 oA /2 3 2id T
R HH At LR R AR = T A T B R R, B R AN TR (Artificial Intelligence, ¥
R AD B — AN EEAUR, AT R XS )2 K8 dETZ I (Data Mining, i Fx
5 DM) FEIH & B (Knowledge Discovery in Database, # fiifkJy KDD) ATAHAZ . N T
FUF i E AR 0 N 868 (Artificial Intelligence) . HL#322>] (Machine Leaning) . ##s
24 (DataMining) « #&5iH%] (Pattern Recognition) . 4iit (Statistics) « £ i+%5. (Neuro
Computing) . ¥ /% (Databases)  A1IHAHL (KDD) M4, HF4lH A X e 21 E
JioR:
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B 1-1 HlERF SIRXHRHPHR

PRS2 R — T2 S AR, W R ie . Guitae. G imie. Madr. SRR AR
BSSEZ [ 128 L T I ST AL E FERU ST R I 22 21478, DAIRBUET O RTR B RE
BT AT I RRES 8 2 AR e B B o PERE . Had AR w] DU B ALK

Machine Learning

Unsupervised Feature extraction Machine learning

. algorithm

Grouping of objects

['H[

Supervised

Training set

% il
SHIMEF
New data } “
— Annotated data /

1-2 HlBRFIERIE

1.2 MBFEINERHE

MHLE 22 1R R R R, A SR AR 18]l 4 T s -

sEaE | |ERREmRE | [AEnEEDs | [XFAE¥IR | [EFRARGE
prieddie FRFOMGN | | EREEQNH | | ROTUINS | | ESENR¥ST
SELEE BEINTR FEREIA BT ARE HFRhyE X
2014250 20442 20142 2014 20142
FRZA S0 GO TOESR BO%F
o o o) o o
- e e e !
S oaET e HL885 3100 T A M ARIRENAS 734 & A IE I
=] g 47, %15 K |
R | e | | ik, MER(HE B AR, bl
HERR SR FRRR PP L 5 ¥ PTABBEFMERDBMER (WFS") .
SHORIL (W) HBEEEEE ()
o104 . Bt BURERATER R R

20142
0,



ey X3

A, AF15%3EE Aggregated news around Al and co. X ALES 5 T K ERI AR, L
P )R R AR A B N A A L2827 o) s e 1 B YT S AT e T, R Kk R
PR R

Time Line Machine Learning: 1956 - 1995 00J0

£ re A

Arthur ' James William Kunihiko ' R statistical ' Tin Kam Ho
Samuel, The Cooley and Fukushima language creates first
World’s first John Tukey proposes First version algorithm for
self-learning co-develop Fast Neocognitron | released by Random decision
program Fourier an artificial Auckland forests to enable
Checkers Transform, an neural University in NZ. better prediction
learning algorithm network that performance.
program, widely used in later inspires WEKA machine

alpha-beta engineering, convolutional | learning software

pruning, IBM science and neural First version

machine. mathematics. networks released by

Waikato
University in NZ

&

& 1-3 ¥ FINERATE (1956-1995)
1956 N1 25 24 > AL &t Arthur Samuel 1F 202 H .

1965 4F, James William Cooley Al John Tukey it 7 bRosfdf Bt A8 (FFT) 503, H
Tt 2 A 15 B bR 5O A ) SR AR5 5 I 1E 5% i 2R (O 2 L AR LRI, 2R
R FH R TRE . BRI ),

1980 4, Kunihiko Fukushima % 1 T~ neocognitron, ‘& /& — 2 112 2 N TAHZ R 2%,
R ERESE T G SRR MZ R (Convolutional Neural Network, 3% fi#7 CNN)
) 5 BB,

1993 £, Gt ARRDLALHLER A 2T BLREHEIZI P WEKA T, 2 g 240
R R . WEKA 18— DRI IEEE 28 AT 6, 46 7 KRR IZ0E
FESSHIbL A= I B, AR B AT UL B, 7338, [alA . 38, SRIBHIIN LA AEHT i) A2
B G ERATRAL, R IO AR T 22 SIHLES 22 ST T T

1995 4F, DIURSEEG M Tin Kam Ho FFHBENL T2 (8] /7 A A BEN L SR AR M (Random
Decision Forests) 5.2, ZEEERT DU T RIAW AT DU T 211%, FHIRFE S BEEHT
B ONEFAE AR M, AN RGEFE ELN 2 AR,



PSR TS
@
— : : D0JO
Time Line Machine Learning: 2010 - 2016
vy eThs
agde. O BB oo
The launch of ' 1BM Watson ' Andrew Ng 'Google'sAlphaGo' Machine learning '

Kaggle and Jeff Dean = program widespread

& .

)

1-4 HlEEFINELRATE (2010-2016)

2010 ¥, Kaggle LGN HFEIATE Anthony Goldbloom fE 8 /RABISL, +
BUNTF R A B RIS L 2 ) a3 FEE R 'S A Z2RBEEE . #%
TE UL T 80 B AKHERIERIE, WARMHES) T HLAs 2 SIfEETRIOHET .

2011 4F, IBM FIAFITHEL R St Watson #0725 H T 7R 10 25705 B Ho kil 17 A KB, 2

4, Watson S KEGZE#T RN T IBM 5 &4 5k Al 10 B (4% . Watson 44F (182 17 AT
TR & — A AL LG T .

1

2012 4£, Andrew Ng FIBAFN Jeff Dean BB\ VAR 22 21K, 1k 16000 AN H g b H 5%
W fE2£ 2] T 1000 Jiak R A R, BINFE YouTube MEATH A 73 () EHE Y, SR 7E 24k 7
gl TR

¥ 3

2015 4, H1 Google it T~ DeepMind 22 &) 8% iy « W& LG T D 141 AT FRI BT 7K 325
L AlphaGol™®, BN 15— Al N RIPOL FEIBLGE T+ 58— R I 57 et 22 i N 3 g
PLEs N HEBTARREER “WE¥" , HRIMER “REY37 BERANL, IFEL
WA )2 AR R T R

2016 4, Evansdata )R E Mmoo A 2 Ak, #d =7r 2 — BT K& Ko bA 17E
REE A= o BT 5 A ] 7L S BOR AR BIAIT & T — B R BN UIR S
WA RS, ZBIBNEfE A (Convolutional) FIKAEIICAZ (LSTM) #HZ ML K H
Microsoft Cognitive Toolkit (CNTK) . Google Brain [P\ /A4 T Google Neural Machine
Translation System, IXNETIRFE 2 ST R 40 H iR R A T 4022 1800 /5 I EBE15 K
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2 HARRE
2.1 HESEIEZ A

BB T BT LI R RO RREGE (70 WA (x, ORI, B3
SERRTT LR A SR R . IR STHENIO AR IR], L3870 S0 T LA oS
IPERER G T, (IR, BT ISR AR o B LSRR BT AR,
BUBR T Sk A B 5T B SRR

Unsupervised Supervised
Learning Learning

Machine

Learning

Reinforcement
Learning

2-1 HlesZFEI N

211 BEBE3Y

B % 2) (Supervised Learning) , &ML I B —Fp 5k, w] DL IZREE R} 22 21 5l
AL —/ME (i%/learning modeD) , KA AAHENH K S0, IZRTERZ A
i Gl s AT TR SRS AT U — AL, B T — AN 26
R, — BRI HIMESEM R — L FEmdid I ZRas] GNP L) 5,
FLTIXAS B BT ] g BN RS . BB E ), EJF LA, A (I
EGRIED 77 ML B BER A B ZE 2 1 el

WRIEARZEIY AN, AT LA I 73D 5 S I U (e V1 [ U 2 o 2K ) LK) A 238
T N AR BT X REA T IR B2, s TAE A A B P AR R 2 ) TR ) RS
A AHIAGE 950 SR i o X — A0 A5 P 3 22 (B PR (S 2 SRR I ML, T 2 Rk P 20
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RADI - BRI TR IE, IR ERURAR 5 1 7338 R oK  2 H A G R s kY
LR TE o [ 32 B T R — A B (i SO, Ho it AN 7 2R R M — A S A
(IER ST ek ARk S TN S =R T N R =SB U2 LA EIVE e 2 G |
DA A% e e e A AL

B A ST PR AS (AR — iR A Y, 2 e AR Xt B 2 B s 53—

Tl R I A 2 SEEAAE — A DX (R SRR R e AT i)« N T g — e I
B (PSR, B RELT PR

1)

2)

3)

4)

5)

POE VNGRS BRI IS o EMUL SRR, T REITN P e AR AW AR SRR T .
., MR —MTETR, mBANFERRL, ST TFE

E

RN TURL . X BUR E A L R RHE. Frel, nTRAH AR L R eiplas (U
TUESHDD 5 AT B APAE AT AR B o

TRAE 5 > BRI N RFAIE IR 7R i » 2 ST B BRI HE A S S A\ I R ) 2 O sUA ROK
ISR . 1Bt L, MANIIVIIE e — ML R, B8 T2 R TRy ks
fiko PRUOAYESUR AEFIAEAE, FAERIAD AN ER 2, (BB, 74 REMERA I T oy 1 o

DRE B T 1R BR RO L PR 2 2] SR T A A Bl 5 - S, TR IMnT REE # A\ T

L2 R 25 AN R

eI . TR EE AL BN TR LIS > 505 m] U s SO AE BORLI 148
(FRONERUESE) BIAE XHHIE (cross-validation) b SkiA%E 2% > AN S 4. SHRHE)S,

SE AT LU ATEAN R T I ZRER A2

W UL B S S B . kT ARSIV (k-Nearest Neighbors, KNND . 54 (Decision

Trees) « Fh& UIMFHT (Naive Bayesian) %%, WiE &SI ZEARRAR W T EFR:

' Input Raw Data '

Algorithm ) ( Processing )

2-2 BWEEINERRIE



B
212 TIEFS

ToWi 24 >] (Unsupervised Learning) JEHLES 22 I —Fprid, A S e Fhnidid il
WZontl, BN BAR AT 73 KRB B, 5B A, R B ) AR E T
BN BRI H RGN 2R AT M S B TR AR PR
ARG o AR MBS 2] B ARl o A TR R0 77 R I RE 0, 38 I K 250ai A0 BN 3
WL P A 2 B0 — 1 Y e 75203 DL 381 R R 2

W LT M 2 S B . B E gmiY (sparse auto-encoder) « &4 4T (Principal
Component Analysis, PCA) . K-Means 5% (K ${E57%) . DBSCAN #i% (Density-Based
Spatial Clustering of Applications with Noise) . & KHIHE 5% (Expectation-Maximization
algorithm, EM) &% | FH JG Wi B 2 >0 W DA R 1) 1) REURT DA 23 SRk b o SR S 1) R4 FEE 44
o
®  SCHRAM TR AR RIS RS 2 B[R HY IR o FE Y o B b)) Iz MBS, AR

RIKIEIE A H 02\ IR SEXS H, 82 78 S0 2 40X S AN i 20 AE AR 4T A

i e

® TRKI LR FFRAHAIAEA K] 22— (cluster) o 53RN, FRK AT
FEANRIEZ], BRI B KA AIFRAE .

® ZfE I LY R B 4 P P [RI DRAIEAS 2526 T SIS B o AR S B3 V2 RFAE
WeFETTI%, LUK BI4ERE 20 ROR « FHAE IR R fR b P FIRAC B T 4R o RRAEAR U
Bl W e FE R B BRGE L o | DI 32 0 0 W SRR A RS AR SR B AR 5 7%

AR 2 2T B AR K BRERE R B PR

Input Raw Data Algomhm Output
s *Unkno 0 utpu
ve s oNo 1 ing Data
Py 2.,
e A
. 3 _> @@ _} [E—

Interpretation Processing

B 2-3 EREF INERRIE

A DMRIE 2 A AR T B 22, AR B ST i R i B (Supervisor) (1]
T AN R A B S ST AT B 22 S R L, e R — A AR R Bl 1 732K,
T A X — BT bR M R
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Supervised learning Unsupervised learning
e Fard
x
XX
x o x L) 5
o O o O
o) o
dhoisirditing
¥ %

Bl 2-4 — RIS SRR ST R

2.1.3 SRLES]

sk 5 >) (Reinforcement learning, RL) /@ HLAS 5 21 FH B — ANt S i 4 o] 2 T PR 85111
AT ENA Re IS S KA R FIUAR 2 o G RBOR IS T OB (AT 9 3 e, BRI WL Qnfe 72
INEELE T I R B T R , BB T Ot RIBR T, 77 AR B R AR B K 2 1) ST AR 1A T
No BEANTIERAEENE, FUEAL Y2 SUREA R T, Flanfdgne. B, 8% 5.
SR, IEMRMA. ZEERRGE] . BHAERE. Guil A SOR G HE . (RIS 5 s 1
WHEFCRIESE T, SR 2 SRR “ T RABIAS BRI 7 o 72 SR L2 ) BAG b AT BIF 71X A 1]
SRR It 788 o8 T B AR I AEAE ARV, 2 2% S B A T« TEZRF 2 Al g%
W, SR ST B R R AR REAE AT B B 1) 2% AR R T HH BT A

A2 2] — M 5 M RE R, AFE: RGFAE (System Environment) . 253 (Agent) |
M% (Observation) . 173 (Action) MZJih (Reward) . 52fb"~2 22 5E&N T ALK
WRHR IR, Gl 5 R G W 2R T 2 ST B AR M sRAG 2 2T E AT LR
t, SR ST BA A B R @ AR AR ST | B SR R R A . R
Bep s oI, BRI, ATRESHETAE, HnEBRn], REG
ARG ZE R, BB N IR FE W 2%t BEAT YN ZREI AT o AT, S ST S I R R A
9y WA ELI, B DARR L 1 B0 2 i S PR BN W A8 EL M AR

| 5%
Agent
A
U =3 2 Jih 173
Observation Reward Action
RENB

A

System Environment

2-5 SEUF SIRIEAHELE
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SRS S RIBEARE S I B PR, 255X R REAT W R5 7 £ 173, MRS
SRR, 25 WERGEN O E—ATEINRE S5, EREEECK N —
RTINS . HAT I, SRA 2R S 588 TR KRR R, il W R 530
BEAWAA AT A S A . RS HHAEZ I RE T, BT AR B RSB R
JilBR, A S 54 VUG P AR AT B s B 58K

TERRALSE S SERR R, S 5E A RIS, 258 BEA 3 MIE
%*%’ @»?ﬁ'
1) & (Policy) , &S 5HEEMEMIR)G=EMATEITR. B, g o2 ONIRE S
FTE) A LS RS, Bl = f (S - A, XHEM=FRE ML, Flinx =y FREN
X T yo SREE A N E MRS AL GRS . 45 — IR s, IR e, S5
AT DA T SR AT 8 a, BIL:

a=x (s)
BEHLYE SR IS4 H 2 538 RIA RTINS, RIS E— RS s, S5 RXIUTE) af
m (als) =P{Ai=a|St=s}

2) {HR%EL (Value Function) , s2EIXPIRESBATEIIVHAT RS BAK ] 40 9 F:

® RAMEMKEL (State Value Function) , ZEFSPIRSHIVEN $8HF;

® [TENMEMEL (Action Value Function) , 4% TENHIEMN FE4E
H AT 8RS RS P2 AW, — B AT 30ME B BCE B R X RS- 1T E R
¥ (State-action Value Function) . JIRES{EEE ve (8) ZAEFRME n, PFIIRE s B8R
A, RSERE v, () & N:
Vy (8) = Eﬂ[Gt|St=S]
RE-ATIMERE qr (s, @) A ERME 7, EIRE s TN shE a fIFehs. HikdH, IR
BATENERE x (s, @) &SN, KRR o, 1R s FRHZIME a SRAGHIHHE Rk, .

0 (s,a) = E.[G{St=s, Ar=a]
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3) M (Model) , 22 5# XM R RGIAFE L BIERL; H/RBIR RS R T LA
FMTTCA (S, AP, R,y) Kithid, MIEFAWAR P ZE ORI, AT AR TR A S5
RIVEANIE T IC R fr) s b 2 51 30

SRS SR LA S ST K B 7y, AEOAMLER 22 ST ¥Ry 1A B A0 1 BRI BTk sk
ST ARMUE A 2], UHLES AR I IR R AL I A R ) T M A . B
U e AL LA R R B I T AL IX — RE 0 2 TB] NS 1 5 0 PRV B o G et 22 fl bR A S
WA LA 5ok B B AT RS . (H A A DI AR SRR b R AR B, AT TR AR 22 P ik
RSEHLBRAL 2] o (A7 kU, SRAL 2 o) T Z S S AL AR AR T RESRIUR A 45 SR AAT
o RS R EARIEAT N SISO AR A, 1A I 5 il e ORISR R B AT
NP HENS PR KL ATTTEE AT A2 A5 2R B S AT N 3ms . B+ il & M TRz
i SRR Al S5 17504

J-&: x}'

e
i
-
> 3

S

e

i
S
ﬁﬁ:

PR
:~‘."II“~. SR

B 2-6 Bk TMRAS IR
22 NEFINEARREE

1980 FEMLAS FIMEN— T MR EE LT RS, fEIX 25/ 10 SR HBL 71
HEP A, SRR E: 2R 5 RIEM (CART, 1984) | xAMEFEE L (1986)
BRI A4 (1989) .

M 1990 | 2012 4, HLEEE > IBWHE M BEAFIN H, 7EIX 20 248 BLHLES 4% T i B AN
THEARE) T B, AT A AT U A AR R AT SCRF R RN (SVM,
1995) . AdaBoost 5k (1997) . fEIFMHZLM LA LSTM (1997) . JiifE2:>] (20000 . Fifl
FLARAL (2001 .

AT E o LA o SRR IEAT S 4

® ZLE[A

10



B

fENLER A, BATA — AL E 0O ATiEimiti s (y) o AR A
BZAMFAERF KR, PLas> 0 iR R R AR,

- L
- b = zlape of regression hine

. digtance from tha lina to a
. * typical data point
* { = "ermor” batween the line

' ¥ and this v walua)

H

2-7 BRSNS x My B

FELNEREAT, AR (0 MR (y) ZEPRARRAY = ax+ b 5.
PRIk, ZRPEEAM H AR I R A a A b fE. X5, a ZELIRER, b Z2ELNEEE.
FEER THERER x Ay B, AR H AR A O K R

® /R [R|HM (CART)

CART ZHEM I — 2Bl 7, i ID3, C4.5 Bfkimisk, &£ T bagging.
boosting B ({3, CART A F T 2025 5014,

CART /e e A BHLA & x 264 T i BN & y HISRAHZ0 A, 5 ID3 A1 C4.5
R SER AN, 1D3 Al CA5 AU PR HA AT LA 2 3, AT T A R
FHERHUEF R E, LLURHEERR o (FE, T, 24, AW RN 7R 3 X
il CART BBk SEA Ay UM, B4 R IEUE Y “ 27 F “8B7 o Zisr KB N

“R7, AAKHUEAN B o RFERPRER SN T I R ANRHIE, KN (R
G A BRAN TG, IR A0 TR 204, At R 25 N 45 58 A5 100 % HH AR AE 6
i

® [HHWLAM (Random Forest)

BE LRSS (A 2 BRI SRR A BEAT Y 2RI F T ) — Rh 0 2R 88 . B & 24> T
P2 2845, I HEC S H AR5 At AR SR) (R AR BT i » REATLARAR A — R
S ERIRNLAS 2 2 5%, BUESAT ESHORIL, AT DIE RS HUs oL TR RIRFIEs R
BENLARAR o e P Sk 2 —, BOR BRI %, BERT A T2 K e 1 el .

HIEAR MR FSRET -

D A NRERINGRG FER) %L M BRFHEEH .

11
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2) HINFRIEECH m, e R T R A R o m RN M.

3) AN AINZRRIG] CREAD rf DA TRl ) 0 sCIORE NG, 2 A—> Il 255 CRIV bootstrap
BORE) , FFIARMBIR RG] CGBEAD FETE, PRAGHRZE.

4) SRR A, BEALIERE m ANMRIE, RIS BT R S HOR B T I SRR AR A
7o ARPEX m ANFFAE, TR R 7 5.

5) WM C BB KIMTAZBIE, IXA ATREAE I 58— BRIEH PR 202K 88 5 R
— M AR LR A R B R

Random Forest Simplified

Instance
Random Forest ,’r “%
Jl/- Y T
o B .
-~ H‘D\ p\ ‘l\i\\ }:(_,-' }H)‘l
~ . " ves
OV 0. W ON.0, KRR
dbobdd dbodbobde dbdod dbdd
Tree-1 Tree-2 [ree-n
Class-A Class-B Class-B

Majority-Voting | ‘

Final-Class

2-8 —MERRIBEIAMEERE

BENLARMREE L T A B0 R EEE R, BRI U 2 2R 8 N s 4 1, 1X
& — i 18] 411 Bagging EAH.

o WiE[a[H

W R ol A Rk 2R (y = 0801 i9EdESR, Horb 1 RoRBOASE) it ET
FAFR RN, RAEMFFPIIN L AETA AR, ERESsicy O .
ot DA Al T AR e ek B 44 10, FONZERE h(x) =1/ (1+e™) , ERe—1 S Bk,

FEXZ B, A LLERE SO MR R U BL . RS — M, i U A
0-1 FFE Ao Harth Cy (D b Boke e x (i, A Bk h(x) =1/ (1+e*) KA/, A
YA SE R W IE el PR R S5 Ny [

B T R AR R BUARER y =1 UHE=8M)  x R
MRS, Bl RS B, 328 e Eek ol S (10 2R S x fEFE a0 21 1 (1Y
TaH. R RE 0.5 (TR, UK R 7 09k

12
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The Logistic Function, Alr) - ——

2-9 ZIERE L E

R RV H AR 2 s IR B K 3K 21 A58 bo A1 b AR, DAETITINES R 5 SEPréi R 2
AR IR Z2 i/ ME o X8 R BGRAE F S KALPR Al T R 51 o

ebo + byx

p(X)Z 1+ebo+b1x

log (%) = by + bix

® FhE UirtHr (Naive Bayesian)
2R DL P B2 T DU 30 3 5 R A SR A LA B (1 2338077k - b DL By 2R 2
TN EREGE: 455 HARE R & % 2 8] FH T A& A Bk 5L

I DL b B AN ER” BEGE, FRAVAIIE:
P(Category | Document) = P(Document | Category ) * P(Category) / P(Document)

FhER DU FE ATk AT AR b, AR SR R A S, TR S AR A
AJETRAIIREIMR, EFERHIBRT K,

X4 M IRF 2 2RI, SRPEAE LI DL 251 R A S LA . TR MR R K,
HUAVIEARE 2 RIS T2 Hat SRR T

D x={ay, az,..., amp NEFRI, FEA ai v x B—AMRHEE T
2) ARAES C={yL VY2 ... Yn}

3) T Pyalx), P(yalx), ..., P(ynlx)

4> R P(ydx) = max{P(yax)

® kit (KNN)

13
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kNN (k-Nearest Neighbor) % 0 JEARJE 4 S —MREARTERFAE 23 18] FH 1 K AN B AH AR HFE
KAIRZHE TH D0, MZEARWE T XK, HEARXAFN BRI R
ZITVELERE 43 8 TR 3R b PR B QAT 1) — AN B TUANRE A 1) R 5K e 5 A 40 A T T 1)
e kNN TIiEAEfSn e sy, R S5 b s MAHEREAAT 5. BT KNN J73% 2 2258 A 1
A PR AIAT I AIREAS, T AN 2 58 H 0 I 7 VR SR 58 BT @ 0 1, R o] -3 28 X Bl
BIRZ I FEALERYL, kNN kB b 5125 A& &

KNN SEAMAT A T-4028, @ w] LA T [ 84— MEART k N4l e, #
X LSR5 R R AR 2 A, U] UG B2 A R R/ . W N B kNN Bk,
k &5 T AN [RIME B (1 B0k 53 5 45

. (ClossB
. ll"‘

X, *x e
® / |

2-10 kNN BEAfE B8R f

fETSR UG, KNN AT AR B A B4 —HEIR O AE /5 B EE, 5 29— Hsdn e
(RO, BT a6 BRI ZR Bt B R ROREEES, R PRE X NI EEE 5L i k A, BR
RIS R TAT AR, IR JE R B2 SN, 2538 B 112K

® AdaBoost

Adaptive Boosting 5#x N AdaBoost, &% Fi S LIRS . Tt —FEREE, HAZ
O AR BT S F — NI ZAN R 1 43 2588 (F55025488) ARG TR BE 55 7 KL SRR,
FE R — B SR 1 e 2800 (B 2R A8) o LRV B 208 I SO e 20 A1 RSB, e AR
BIRNGEZ PRI ISR T IER, DL BRI SR AR, ke B4
IR - KB BSOS BUE PR BER Sk 25 T 2 20 KRBT IR, SRS AR B0 43 K88
RVERTOR, 1EARAIIRF A

AdaBoost s H IS, Enl T RIEEE 7R 5 . M AL = I 0%, '
SO T AN E R T R, NS S R AR A R UK. Oy TR AN IR R A ) s
AdaBoost i T Z . Fk, & XHEHN “Adaptive Boosting” o i i AR NS 5 )
#%, AdaBoost 7 | — MR 2] ds . —ANETI S I SN B Stk b, JF B nee &, 1E
RFRT 5 TR R S RIAE I R IR R . R SE R, & — g5 R ae A S uERA It 1 7 28
o

14



Training Data

>
- *

50 .&Oi':".l’.".
o 220 :y: * .{ &
0‘...03. o"f‘~ ‘e
MR XL EIX

s Y 24
0 *:* 5 N .

Classification error versus number of weak classifiers

04 . Test Data classified with adaboost model
. —_
+M e e
50t +
0.3 ' o **#*j##h
%
+ é}‘+ * 4 *ﬁ
*ae * it
%
*ﬁ*ﬂ + ¥ Tt
0.1 . .
b e 50 4 *_PH;.** *
e ﬂ*
0 . - o
0 20 40 60 = 0 50

2-11 AdaBoost 11T

AdaBoost 17 B TR 55 BIME (115 KA 2T i 7y K. LI &S #iE T AdaBoost X4k
1, R T a5 B A AR ELAE — A SCAF ARt s L 1o XA R B AN 55 00 2R AT
boosting 11 5570 FEASAE — kNI KR b 202 T 3R S BRIV BRMEROR Bt 0 B PR
boosting /AR 73 3s, D03, Bl MRS ITRBIAE. KFit, 4
B AR, BT R SR A .

HET, X Adaboost VAT 7T AR M TR Z e T o0 281, [N 4E B 17— 1
FE[BE T BN - Adaboost Z 51 1B G 1. IR, ZRBAFRRE L, ZREIRE
R, K BRARAS ) R [l ) 1) . e A R I ke AR AT 22 2

o K-#HEH Y (K-Means)

15
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K-YME AR 4 BRI, BRI K AL WERA — A R B B0
PR LB HAB SO HGE, XA MIUHEIR SR A AL L AR IR . AR, I 41T 22K
TR AR —ANE B, A G2 B R TR IR — AR

- -
3 ¥ "".
o i o+ e L
-
L]
- 1.-
]
[ [ » ll.lll - -
l..
[ o
(a) (b) (c)
s " e " e "
w® ’.-' ".l
- . - . . L xa
l'r L] Fr L] B oanf @
- - -
w ] ]
.. - -
L L4 T L
.|-" L] .|-" ] *ga* =
-
.2 .2 oy
] . "
- . " " . -

(d) () (f)

2-12 K-BEREEER

K-EESE: £ BB “x” FoRBRRM O, HERIRIIGAEA:

CYNNES GEVEITE S

~

b) FEHLAIAE LIRSS L
¢) (c-Hk-FIMEIEA 2 RIKREE

FERRUIEACH RN UGG BB R TR B — DRI A TSRO, B RO AL B 2170
Fo4h B M R PR AL B

® HFHENL (SVM)

Y REAEHL (Support Vector Machine, SVM) & —4% B2 >] (supervised learning)
75 A B #E 4T o043 2% (binary classification) 1) X £k P 4> 25 %% (generalized linear
classifier), F S0 A2 0t 27 I FEACSK A 1) e R a2 ek P 1T Cmaximum-margin hyperplane) .
B BAR R WBIESLG EETHEE (FROASCEFRE (Support Vector) ), FIX &8 fi4k
H—ANFI (FRAVETD 53R S BT PR SRR, R 251 SVM B84
i
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B
D HNZREARZANE T 0, B AE R A, 2 2] — AT 2 SRR E AL
2) HUIGEAILANLANE AT 20, S BRI RE BRoR Al 22 20— DR SO A oL
3) BNGREALYEAT 73, BB AR R AL, 22— N REE SR R
Bl
FE R, IR A Z A, T B DR, AR 72 FF0L T H ik
FP M LA 1 SVM HIFEARY L AERFAE 2 8] L 21 5 £ R 70 B~ T 45 I 200 |

IESREA TR K, SVM ST SR 1 70 F 2 DR BN SO iR KA TR B, B 2 8 AR
N EA AR,

Class A ... ClassA
" "8 Class B

¥-Axis
Y-Axis

X-Axis X-Axis

2-13 SVM BR R
TEFRIRLRAEAN AT 43 0] R, B 383 5N AZ bR B0 W0 it v 7 v e = e e i N RRIE B, A
AR GF Ml 7 AR LM 2R 8, an R R, B R B 51N, Bt EAN o] 7 i s
PR —AESRIRE S BN, SRR R E S BN &0 1. W R EIFTR:

© o
o © o urfac
[e] o [
° 0 -ll-.- °
oo E"E gm® kernel
(o] ° .I " m o
o N mam o e
° EEm B
© "ogNg W O
o ol =) ) [¢] 0.0p
° 0o 009 e <0 %0 Ooo%goooooooosg
© e ©_ € G 00 0 B
o e © ~208 9 5,0 00000~
o °6 ~ 09 "o
e, © \‘)O__)O/

2-14 SVM BY4% R 3

® A THZMz% ANN (Artificial Neural Network)

NI AHZ M4 ANN (Artificial Neural Network) & b K2 ACHE 50 BB SR i FE 2 1
HIE NG B RS A2 — P S & AT NRFE, 347 A IR 175 B AL 5
PHCAAER . R R A IR a0 R« AR I o R A AR S, R R E
i CLMMZTT) » TEME T ERM A PR MAEPIREEE & FME S, A, Ak
HRAEAPLE P RRAIHE 4, XA IR s v

17
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NTHEMBEL TBKEIR N B 2 BN -H AR I “ NG Pz
A, M “JRES” (perceptron) o BRI RN LAS 7 2] —7r RN (1 — AR ]
MR B REEAR LU B R -

hw,b(x)

2-15 REF

Bt S [ e il A KAt (max-pooling) SEECR BRI, M2 M T Gk
IR B fhZe LSRR VE 2N — “HFihgon” BRESE i, XFE, —A> “fPoe” ikt
AT T — A “HieTn” M. SR N AP 2ze 2 B LU =870

454t (Architecture) f5E 1 M2 IAZEATEA TSI R R .

W ek (Activity Rule) KESI P22 M 28 4 AR HAT — AN (8] R 3h 712 R0, ok
SE SUHPZE e IR (] FRAE oAb 2 7T (35 3 R 25038 B CRIBUE .

F IR (Learning Rule) 5 E 1 19425 Ho AR AS R Gt ] it 255 I TR PR A2k 17 0 %

/NIRRT IR 2% S5 R R B TR

output layer

input layer
hidden layer

& 2-16 B A THRE M LEEEH
N LR g BAG DU FEASFAE: RZktE. dERRME. JB% e AdE N .

NI M2 (s Rt FERIE=J70: BA B UiRe. B B
THREAN LA ve il S P S LA ) fiE 7 0L,
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BRE
2.3 ERXIMEE A FE S
2.3.1 HE RX

LM 28 (Generative Adversarial Networks, GAN)D & F T ol B2 2] L 88 27 S 1
AL, 1 lan Goodfellow %5 A\ £ 2014 4F-4 H 200" Hy 1258 o0 2% ) B ) i AN A Jle A i, it —
Tt EL R 5 G AOMLAR ZEL R P — P2 STHE SR, GAN FEJRJE 24 SIATISIGEE T — 38y, X3 dr
PR B E R ROR T, R SR DML SR T A e 2 IFWGE. GAN I EPk . GAN e J7i
[T 2 SRR B, GAN AT AR c B, X753 GAN Ihfgam K,
FEARACH) TAEIER AR . GAN B L IS & oSSR L, B AT DA il s o B 1)
KB B sgsR. MOCAAE BIER . K BUR N — DOy 5 — M, BEAERSE K O 6
HIMWLEEAE o A 453 1 A BB f L6 ) 1) 80 AFAX RBM, LA Ji5 SR AW A FH AR B2 4ol 22 o) %
HEAT R 1) AutoEncoder, A5 HLR ILIERRTS b5 K I AR BB GANRY,

[ RBM,I oo ] [ Ams.lm.,e, ]

MIACNNEIRE GAN o
HERER ‘[ (2014) }ummmcm;ﬂs

(2016)

i

# i Cycle-Consistency LossERE K $61Ric)ia #HPACHISI2ERERmodel collapse

AT X975 =0
C—Eﬁ&‘.fﬁ )
PGGAN

MAFREI AT ARSI — B @Q017) | SIHSHCANGE B A
Adsctitiso RFUABNS RIS RBE WGAN
(2018) — (2017)
StackGAN
#HFImageNet " ; (2017)
AREBHXMIAGAN R

SWAN
(2019) (2019)

2-17 GAN KRBk
GAN & J] T F IR R DIFE:
® A

A AT (GAND BAPIANILE, A pds A8 AN ) 25 2% o IX S8 ] DL
LMLk, WERRIE ML, G Mg 2 B ah%mid s . EXMECES, WAMBS 5%

19
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Tk AR EE R, R AR e R E SRS . BT UGERE, R —UIIRR],
A RS R 4 T DL e S A R AR RE AR IR, I LS 31 5 I 48 T AAR e b ) Bl P 15 LS i
FERER o A TR, AL s 2R oK B TERAE 2 [R] I BEATLE 75 R B (AN R B ¥ 72 22 (R R i
A GAN FEAD AR H ol BB AR AR . GAN HIYIZR — N ER EWE 2. GAN A
KERSLERA G, MEERER. SRER. &RERAIBER. ok, eikn] 3 EE
BIE, I H B EGRRE A EAE (B THFBAE B DA oA B8 2 A7 BRI AT 55

TR T i) GAN RIZ% K584 o 58, MIEFE 2SR RATE D 4R R B I RIE S
AR R o 2B R PSR 12 R B O R, SRR A R B RO B3 s R 4 LA
HBEAT 5328 o S 00] 25 X 2 A T i I T S MR SR E A 2 I 2 A s R RS b AR R . B
PR X HSEAEAR TR . T GAN ZU#R AR I 1B it

mmm===)  Djscriminator Network - Predicted Labels
D-dimensional

noise vector

I = Generator Network [ .

[E 2-18 GAN R4 AYZEH
o HHEH

HEHHEMY, GAN P24 T2 AT 2244, W DCGAN, StyleGAN, BigGAN, StackGAN,
Pix2pix, Age-cGAN, CycleGAN 5. ix#eZEM il 4 JARIE 2 NilE . NI E4hsix te
GAN ZE,

DCGAN:

X SE 5 —ITE GAN H s - BN [ 25 JR AR 1 AR R TP 45 SR . 2 AT, CNN ZETH5EHL
PG J7 S 7 AR A BB, B7E GAN HUE A JF6 S H CNNs. Alec Radford, Luke
Metz, Soumith Chintala & A7E “Unsupervised Representation Learning with Deep Convolutional
Generative Adversarial Networks” #1#2H 7 DCGANP, iX & GAN B 7t (1) — A~ H 2 L FER,
BV ESRE 1 — B 2R AR PN G AT < A 50 PA T 2 A 05 )
MIBIS S, LT DCGAN KIS AN FH 2 1% GAN 4244,

20



BigGAN:

X7t GAN H T BB A s STt i . — M AR S8 21 A AR R DeepMind #R 1 THI P
RN R R E T ks “Large Scale GAN Training for High Fidelity Natural Image Synthesis”
(IS, AR H Heriot-Watt k2% Andrew Brock 5K DeepMind (] Jeff Donahue £/l
Karen Simonyan & {E 5> i H .

& 2-19 BigGAN &R HIE1&

XS A2 B BigGAN AR, IEMIRERIN, EUERI & 2 DL DMRELE . X /2 GAN
R4 A R EE ARSI B . Z RS YIiEE 45 52,52, BigGAN [Hi#]
135N 166.3, ELILEHIAR (SOTA) 4F 100% . M4k, AilfiTF Frechet ¥I4AEEE (FID) 13
7y M\ 18.65 i H 9.6, XEEHZ AR S NENRIRZIMISE H, 8w B2 et o 0 A B 19
IEAZ EMIE .

StyleGAN:

StyleGAN J& GAN #ff Fo 45U 1) 5 — T # KRB . StyleGAN H Nvidia 7E#EN “A Style-
Based Generator Architecture for Generative Adversarial Network” )i 3 /481231, StyleGAN
FETHTERAE AT 55 B3 T B0 SR o VR A AZ O 2 RS B A% HOR BRI & o B 1A BTET B8 41
‘B AT U G PRV BN E SRR X2 GANS S ) o — T K ek, R R
IR TN BLI RIS o

StackGAN:
StackGANSs 1 Han Zhang, Tao Xu, Hongsheng Li if45 HAth A\ 7 @A StackGAN: Text to
Photo-Realistic Image Synthesis with Stacked Generative Adversarial Networks (1] 3 Fh $2 H 24,

i1 ] StackGAN FRARZR AR KRN G E, 8] TR IFIIE R . — 1> StackGAN
XL, PR SOAIR N, AT LA O H B .

W ERTR, SRASCRAEIRET, StackGAN A A 138 EL I UG, 5 o B2 A
PR ISR T BT B SCAS o SCARBBMRG icA VF 2 SRR, B M — BTS2 i
K&, RSO s e g8 ), B SO FA 1 R B
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This bird has a This flower has
This bird is white  yellow belly and  overlapping pink
with some black on tarsus, grey back, pointed petals
its head and wings, wings, and brown surrounding a ring
and has a long throat, nape with  of short yellow
orange beak a black face filaments
—

(a) StackGAN
Stage-1
64x64
images

(b) StackGAN
Stage-11
256x256
images

(c) Vanilla GAN
256x256
images

& 2-20 StackGAN & FREIE1%

CycleGAN:

CycleGAN H —Le3E 5 A MR I, Bk I8 7 e oy 2 m, of = 240 5 A I 7 ey
MBI R, Bk SR O PE S IR ), B /. CycleGANSs i Jun-Yan Zhu,
Taesung Park, Phillip Isola 1 Alexei A. Efros fE#4 “Unpaired Image-to-lmage Translation
using Cycle-Consistent Adversarial Networks” 183 142 i, CycleGAN H-FA8 [ (1) & 14 21 &
LR

Monet T Photos ) __ Zebras T Horses ) Summer {_ Winter

zebr — oe

=

horse —» zebra

Monet Cezanne

Photograph

2-21 CycleGAN 4 AR HIE 5
Pix2pix:

Pix2pix k% 1 Phillip Isola, Jun-Yan Zhu, Tinghui Zhou il Alexei A. Efros 7EAihfI1f) 5
N “Image-to-Image Translation with Conditional Adversarial Networks” (/)£ 3 Fh# Hi[261, 5

22
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TEEREEOEBIEES, pix2pix Bt 742 NERIRZIER . Tol 2B B R i
NARMEGE RS BARGED, B8R EEHOVER A S5, Pix2pix f£iX L4
THRAERRIARE . RS, AE N B A st R

INPUT OUTPUT

pix2pix

'_.

2-22 Pix2pix £ RHIEE

Age-cGAN:

Age Conditional Generative Adversarial Networks (Age-cGAN) , [#ZibH 4247\
], FFEEEFR AR, SR LE, 803 FH T4 K. Grigory Antipov, Moez Baccouche
F1 Jean-Luc Dugelay 7E {1155~ “Face Aging with Conditional Generative Adversarial
Networks” iRt 1 IS GAN #EAT B 127,

0-18 19-29 30-39 40-49 50-59 60+

& 2-23 Age—cGAN 4 pRHIE 1%

FHERT Age-cGAN S EFMIFSRIN R Fe oy H braEie i), XL HGRARF AT
GAN Z&#, Fr 17ixes, AT HELTIT) GAN 48y, XA AFER oK -

® Ui

IEUX AR 2 R AR 2 Frii:  “WhatI can’t create, I don’t understand”, GAN
Y e BAERNGCMEIEIMNGS . GAN JF4G 18, @iiXFr 7%, GAN JFLEAIEIE
HITEIZ
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Edmond de Belamy:

HH GAN fI{Ef) Edmond de Belamy 7E 4 15 152 4 1Lk 432,500 £ TnIAd BAC . X2
GAN K JERIEZE L, &AL KB T GAN LHE# ). Et2 6T, GAN EEFERT
WFFRSEEG %, AL TR, X —47 vl GAN BN HA X — AN H.

2-24 GAN €){E8Y Edmond de Belamy

https://thispersondoesnotexist.com X /™3 & FH A 25 [ 4 A CAEIT Philip Wan 17, fth
HRHE NVIDIA EAil1) 4N StyleGAN (ARSI T X AN Muh . B9 URBIRTR, Saad i —
NFIIAFERINE, BiRICEHW 2 TR BN . X AR A feflis—A> 784 1 e,
I

Deep Fakes:

Original: Fallon » ! Swapped _ 4

Target: Oliv:

2-25 Deep Fakes #ji&

DeepFakes &/l FHHLAR 2% ST HAOK B i@ H R B AP B . 36+ GAN, ALK
RGN BUALS R ) H AR AW E o B58 b, NSRS B AR HL RS IR sk 2 28 A2 A B e ]

24



B

T, ERZATHEEII NS AR B 2%, L RAUIBTRITA CGl L5/ EAE T K
RIS )RS A i 58 A B N A2 46 . DeepFakes FFH B AT A2 AR AZ 342 AR IR — A
Ff. FIF DeepFakes $AR, RATHE—A GPU FI—LLi| 5%, Haess HifE H MRS
MR o IR DA — R T AR 1, RO IR R 28 B sk AVIIORE B
BN, BRETERNIR AT, IR AR IE B RIROR . AU AR AT AR — 55
AERAMT, BEEMEIXFE,

o KRk

BUFE GAN CL F T35 i Xk FTE o A 8 R “ B0 GAN [ Al Bl IR SR % A
BIL, NVIDIA KA T — AL Hor @R T A el F GAN RS h PR S BEAT i ek de o
TATER T GAN Wi g e K O —Fh A BRI G FRA BB E R R LAE GAN A H [ 14k
HIE BT GAN [T A IS — Le N R FAffE, BA A STEERED ANH T i GAN
HRMIREE, LRI T AEAG BEIE A2 _ER ATREAEH GANEL, 7

GAN & — M EHE R KIIHESE, https://zhuanlan.zhihu.com/p/38533823 [ 3 T H 2014
F, GANHEH DK, —SRBIR S, A w2 KRB,

2.3.2 MHHLEEFE S

XFPUNLAS 2 20 o — AL 2 =) 5 SN2 4 0 58 XA S pLAS 5 2] B R4 T R IR
T BINLES 2 S HOAR SRR 22 A OREE o B TALES 5 ST HOR — B 7E 02 (Rl — BB AR e I Ao
3, AEE BB S e, TR R P AR, MBI —E L. LT
FURI, — ks O X HREAS (adversarial example) AJ LS HL#S 2 STRLAL R B 5% Th H
HHIERA IR 45 SR BN B0 AR Y ek 1) R, FRATT EZE A MR, At 2 DI R B A4 2

(inference) [ BORIEAT 1121,
® I B X

YIZEB BB & i (Training in Adversarial Settings) =229 H A2 4 6 7 (12
BOHATRUNEIRRS, AT LA L PR R AN TR 2E i 22 o IR B4 O 32 B i B # ok
SERLH -

ARHEMZ T, HAHHE, 78 PAC Bigth, H—MCARIENLI: X FERMS]
RS, SUELEE B, UAUE BT, HoP SHORT RS, MAmERR, X
BB Q092 STYEI % (£=0.0) , WS AMEIR B HLR L 10 T 10% (0.1/140.1) B9,
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1) FrZ4E4, (label manipulation)

_Original Lasso 5% (0.049)  _ 10%(0.082) _  _ 20%(0.140)
@®. | . [ %

2-26 IREIRNRI D SOETHE

EATAEAREN, #2 RGBS TN ZRER AR AT B e, LEBURAEA AR 2 AR
B2, fJE NZRIA R — 2 R A TUNK . A HTALE SVM st T, BEHLE 8 T2 400%[1 5L
P, P HFEHHT TR, BJERBCR BTN — Al . HSEX R AE KRR 7
PP IOROR , (ERAEZ 0 RIIEIL N IR IR G (AR, Bl R SEERIRT L. G AT
PIAT — AN LEEATER A B, WniR 2RI 0 K i 1 40%IK) Mdle & 7 S0 R (1 T 45 R AR
AU, A2 3IRE) SYM H B8 e 2 DUARFEA AR 22 75 BB M D Ihe2s, bR HE
%7 FERENLE HOb 2 H bR Rl ? ) JE R B 7 AR IX A PR R N ) i A 5
A, 2 ReidE A RIS B e, SRSCHL S SR A AR IRAN, AT A B A SR I
A,

2) HINEEYL Cinput manipulation)

Feature space visualization of successful multi-shot poisoning attack

distance along orthonormal
L
o 5
O o
s o)
o 4 -
o
C <
N
RO
Ce >3
«De®
o P =
Beo, -,
®8 ce oo
* «g
eo®
o

-6 -4 -2
distance along centroids

2-27 SHMANHITIHRA S HHLER

FEMBG N, ol f BRI A N SR, JF H RS R B ZhdE . BB E M
B 72, R IR AR 26 ) 7 ARSI GREE U ARL, IBA e 2 14 Rt Bl B
HHE RN LN R RE, E IR Bm (0 as Romt & Bt HUY,  AI S BUB S RS . 1M
AT AR B LA A I, BAT R el 2 T 7 SR AN 2Rl A4 N 75 2444
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iR ED BB SRR E RS EREA, A IZ R0 mT LM IR BE LT+ 7k 20k 3 =y i 7 2K

HHRBCRMEE R, I Se eI, SRR R AR gt T 2k, 4, HBATLIER
PR PAE LU SRR B R, FRAT R ICIE LA B R, BATZE A BT A KIERI
We? MZRIIRFE N A IRA TR S T, RSt SRR (R I, X B 52 B4R
GFRIORT o PACIX B BBt , 3 TaT DA o S S s G ) B A 5 rh (e R R, il A2

WAE ST, B ARG CK LR R SE  E HAERE Fe e i, whkAT HdE
Mi5 e, B s KR 75 4e38],

® B M (Inference in Adversarial Settings)

HNGRSERR MR R, XA AT LA BOX, A& TH, Xtk
TSR E W G, AT E R “ F&” B, iR &7, B2 HEAT,
FATRAC T2, “ BE” B, RATERZ NI ATHE IR GBALD A4 4% F& A R &)
BERTB B AREANF 1, (R R H AR A SR R R A R e A S5 SR AR OR 5 T
1o FLROM 77 UL R B R IR o A BT A [ Y o

1) H&EKd (White-Box Adversarial)

HORIZFPTERK ¢ ARBGE” . & ER A MR R AR —— R AT E B
T T AR A, IXAEBL S AT R AR E ABLSEH . Brab, SR AIT 6 S48 2 e
FHLEZJE, RIEERE B A TAERETEARMENRE, A6 SRS
DU OLAERAR T, DR BAT 5 A XA AT SR BBt -

arg".;nin h(z+7r)=1 s.t. z+reD

AR A, Hh x REBEEFEARRIL, | RAdEREAES K h OO TS5
| bR T 45 R . BATHI S A R P 45 R T e 2k, (HR A il R &
ANIFE) v, BRI TR R A5 A | ORI x (SR EARIEANE D, HARRBIHHEe,
XAERIIT 0 TR AR, 5 An iR FE AR 22 0 4 AT 2R IBAIK LA, [RIAER 2 Al B/ 4R
BRIK AR 1R 70 2K H R,

LRI LAE R, W AR, BATAT LR ERE 2], Hscifi PusoR X AN sh
“r7 AN, BRI G A TAE R T TR AN R8T TIRER, a1 T W 7k, FGSM:

zt =z +¢e-sign ( V?Jh(t?,m,y)

bR, SRR AT AR SR 2, 8 iR B3RS e X H . AR A5
B TARTEAMP R AT TR AT A, — 5 TR R D X REAS TSl AT RE K
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s 55— J5 TR B AR AT B, B Sk Ak, I Bk 2 5 e (1 i
ESER

A MRATE I ILG, A XFERRIR R, HSAE a3t N AL B0 B Al AR S
WRBA — MRUFIFORIERS, B 7 AR, SRR XER A KAtss 1T — L
AR, FERHATITE )G, AR REAT IO TREGRIEN G 1B Fr 3T BN
SRIG R BEAT . XS R, #a AR CRAREHT CV KB HLREF, H
AR, CRAANDEIXTHRANE S BUERREIR S .

KZE#BINN, adversarial machine learning N iZ SeVE7E IS @ L, (HRHIIEARLR, H
SEUNR A Al R4 2L agent A% 0y, B2 DL multi-agent A% O FI5EALA: S R GRS, D
WA A LAECE ) R, AN SR PR BRI 45 R AE U4, DUFEA UREEZE m] AAE —
Le g LT B ST B PR R I, WORBGE TR RS, ROZIE IR R

AR (R T 45 R A ME s it T5, RIS, HEATTE RS HI i, thidn] At
AT BRI ZREE B 2 A TN ) o BARIZANFFAN R e LI B, (HR 52— 0 TR
AR,

2) B&1d (Black-Box Adversarial)

REIAL TR, SEMAF SIS S, (HR I AR AR/ 1R 2 R

o PEILE, RS LA 25 R8T AT A AR et e 3 A N A i 07 DU R ) P T 4
Fas IR R RISRBIR AR AT Seehes AR TR ROREEAT O R ATy USRI 2R
Rt s AR R S5

KA WA TNE BB — RIS RS AL AT B o XA 7V B 32 0
&, HRFFEARAE “blindspot” , BUE U “blindarea” o X6 X s, 3 B JF A BRI
AT X3, B2 boundry, 3X56F 43 2RI il R U AT REAR L6 X IR EL /N B RO R, (H 2
NSRBI 2 43 I, At P RETE 4 [ 2L BE 2 1) “blind area” o RIS &

I X, RXFNESUI T, FR X RN, IEREX TR
DUE R A, Bl & 75 ) DU — MO B 5% bound 323X £6 X 15,

Hh
o

BN RO, A AT RE TSR, SRpiE — B Al KT
TR, MBS EITHEFRRCR, at BRI s bRl RE R A s oL, (2 H AT bk
WOl —To AL U R BEARTE KRB O A0 . A RN, R RExS R s dl it
AT LN RN, SR JER AT “ B M2k, B PR EEER e A, BEE B
HIREHRA A D BIARIE A, BRI, 5B A e SO AN
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Substitude Training Data

Initial \ ‘
Substitude Training o | Substitude Model H tic
Dataset o Training euristic
Select Substitude Model \ //

\J

Architecture

Target Model

& 2-28 B F FiEA
2.4 BZhHERES

2.4.1 AutoML

Hahblas>] (AutoML) SfEEiE— Sl AP IR CInBa AL . BERL U £/ 5
HZHO Aaitl, KEEHLEE AR R . AutoML 248 R R A TE A ORBUE B
SR TSR 2], SRR L SR, I L S U] A5 1% e 1 US4k,
ZEZRHL (multi-armed bandit) , BEALSHE, A LA B S]. HIRATIRE AutoML
I, BATHE 23t 2 Ui B S AR HE % (RIS O FIAREE, HodiE 10 AL R ade £ ) AT R ) 25 (%
RIEFAES BRI « XA D EAG IR 2 0l RIS 1R E, F2
BERE S FIANIR] (R T

X FHLE A ST RSB L I 5, A RIBL a2 S SR — A 3 N g w2 SR e R 32 v
2 BT RSN o BB TR R 5% S MRIALAT » TR T 7 B A I A 22 19X 2% Ay Ll i A
IENETTIEAEE S HEE 4, T X LSRR SR A MR REA AR ORI o T2 IR 27 5] TTAEIT
WA IS TR B SIS 2 > 00 H w68 11 B 3046 i it Sk sh 77 SR ot E iR
. M REHR MU, B3] RS H S UE R TT 5o U SN R 2
T 22 &Rl 2 I . BaIPLEs 2 SIAG B KR I LI #:, B8,
AP g QIR , EE B TRRNE 2. Baifla IR BE T, &
HE BTN SR B SR AL &5 S ETE , R 2420 BR R et I ) 2 AN I TR B A
Wi, DA PRI R BT 25 58 i AU P RE ML 4 25 ST AL 40,

AutoML A FEUN N B R : AR SRCE 26, WAL, ESENAUH; il
AR, BRI AEANE, & MR ISR E, Ha R Il
HARAERR iz AT, SEELT H .
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Configuration Metric

Configuration Space

Training Data m Hyperparameter Architecture

ﬁ—

& 2-29 AutoML EATFE

~ s em s me

M ML fEE AutoML: MIXANFERE, AutoML A Sl UE/ER—F% 3] TR,
EXAESE (R E) MZERSs (RN T) BA RIFHIZANERE (R P) o 481, f£4861 ML
WP 2 MOV E R IR 22 S TR, EHFAROIRE T RREHA LA 5. — DX
FHE T TR SRR B PR AR 1 e e %y, BT DR SRR A (PR, (R ARG . AHEL
ZF, AutoML 3 T 23] TR 5 .

AutoML: computer program

-------------------------------------

self-adapting
to problems

rm . astrong and powerful Sradialon
Lot - < learning tool e

& 2-30 M ML FEE AutoML

MBESMAEE AutoML: 53— J7TH, HIER M Rz R Se @i T iseT.
N T RS, ML TR R RC B ROZ0E i AR IS NAE S, B R T E AT
WE PR, WEANAERE, AutoML 1 H bR fEs > TH @ @B dEtlrik, PEER
AN LRSI 3 2 IR A K & .

AutoML computer program

controller |
: i
configurations

|
v v

V o | [+ ¥ i
. data > | feature | model algorithm | > prediction |

2-31 \NBsLAEE AutolL

THEAY AutoML ) JLAS B2 7 A .
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o ESH ML (HPO)

ORI — RGPS H, —RR T UNEEE 2 ST R 2, F — RS8N T
ENEAE A, e ANAREAT RO E, FEBONESE. i, SCRemE LR T
] C, Kernal, game; #hz D13 EL T 7 alpha %5

SR Z T, e IR B G thiik (black-box function optimization) .
FTiE B, B Uk M4 A E & — A BESREAT AL, OGO NI, 17 208 I
PR AL o PSRN 438 5 2 v LS BRI, X R BR AT TR 1 e B e 2 el . LA
TR A R R T R e

MR (grid search)

Grid search J&— s ik i [ 45 7€ 1 S 5020 G R LA BRI 51 o IRASAE 2% 1) 1) R 2
IR S RALERE R A, AR 5 AT

BEHLIEE (random search)

AL 2R A2 A P BE LR A/ s 1SR A R BO AU S AR (1 7 i AR I, BEHLE R
PR R R RCR BT 4, (HAEFT UL EEIEH, T DRE SR 2 B MU -

Grid Search Random Search

Q@ (0] @]
Important parameter

Unimportant parameter
O
O
O
Unimportant parameter
(C]

Important parameter

B 2-32 Mg ESHEIRE
Tttt
DU o — A A AL 5%, B A L E TR, MASEE B R A — A
KRB PE T — D PRSI — A e B 2PIAAC,  HE R T LSt fit A7,
SR M FH G B TR R A3 A1, ke i R I S 80, Ui /& Explaoration 3452
Exploitation. #X T HER R ENMTE, B m B HEERE, K24 D
B ALy S R S HOR T A S R
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R — T

Hyperopt: 5&—> Python J&, T ULAISKRT-$RSCE, B HIUE, 25 1 28 L S5 2R 25 ) ) de £
1B

Google Vizier: /& Google N IHLER %] R 58, Google Vizier REWSHI TR 7% 2155
BR BB AL > RGNS

Advisor: Google Vizier {7 S .
Katib: J&T Kubernetes (S 5L T A

BT HAR BB ANELL . AT A 0T, BT DA — S d 2RI B2 A0 A S P ok

SRABZ )RR, A FEFRAT] T4 30 (01X e PR G gt o G 2R SRV I SR RN SR B VAN R AT 4
AR R EXRFERI PPN A SR LU UG I 45 . SRTM, 72 A ZINLES 5 SR 55 h i
Al kTR XIUEIRSS, ERBIREMNLEE YIS B, e MR AN E
Ko i sEm T IRATIELE B B 5 20 n] B R8OR, i DL —Seiil D VAR AR (8 75 V2
sk, HrpZREEIL (multi-fidelity methods) At/ i —Fh. X BLGH AR 4% HT
2 ST 2Rk e R A B AT 2 B Z, SRR -FIFHE S (exploration exploitation) (1125 £ 5%
HLELY: (Multi-armed bandit) %545,

o

o

® JtX¥3>] (Meta Learning)

TR WA MRS, B BT 5 SRS 2 (B PR RE 2 S AT R ST
W, 23 e T s, HT BT B 25 o IXRHERT AR R st L as
5 YRR BE P2 2 BRR i, thmT DUR Sl 9l (107 SRHBUCT TAE DU S50 TR
A

MIERPE SRR, Tese B VS, POV iR 8E 7 #38. i
IRERIORI S AP R B A ORISR S . LR 2 ST SR OO 225188
) R BUE — MR, SRR R Z RIS, AN ZGEAE I SR R B il &
RIGEH NS EL, RS EEEEE SR ORI, FR 2R SRR T
BEARKN R . ORI S B R — MR, IR A R AR T, (ESEBr BRI IR E,
AN FEFAEL A A R 2 H, BAVEE S 2 1O R AN SRR A — i R AR AL 4%
SRR R, XAl 7 BT AR R AN [ ) ] A i MR AN TR (A TR . 625 S0 ] AR
S FUKE . L 2 SRR IS e — DT I R NS B, HEAN A SIE S5 1k
RETEARE BRI AR, IXAEBATHU AT DA AU SRR R B RE e i (AR 2K, XM
AT HIRE, Wt dl, Ral by “sooons”.
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TUE A WIUNEAS: D BRIk 2) IS MR TRER 2 2] . Ju
2R KPR At A2 an SR IE AR B 2R ok o 2] — DN R IR AR, X A2 one-shot
B few-shot (1 1R . AR NS 2% 5] —FF, BECE ST IR BRI R I, FATTAERISCER — 2 255
NSRARD I 2 2 o AERE S A 2025 ST BRI, FRATT N 3278 70 M AT (R — IR I 2 2 25
BD G, AT S AT R

® (W% a4 2% (Neural Architecture Search, NAS)

PR AutoML, FH:szRkZE A F N Google ) AutoML F i A4 FEX AN 1) . B
FIREES I WRAT , PG 265 (1) S AL AR FHBR SRR ST %, R SRBR 22 1) T T T RR Bt 2 T >k o fof
2 28 BRI B N T AR AN [ R

NAS = EAL & =547

245 (A] (searchspace) : #HZR AN 1 5E LT W DACRMBLEAA Rk . diaaM T
AR5 SR AL R S B8 RTIR T DAY /NS 2 2 (] RN R R R . AT, XS T N9 I, TTRE
2 BH b BB 4 BT AN SRR A I 22 B (building blocks)

KN (searchstrategy) : RIS UL T Tl AR, B & TR BPIRE-TF
) (exploration-exploitation) 2 [AIfAMT . —J71H, 5 EEPRE R BIMERE R iF0I444, Hn—T7
T, A S S B 2244 (suboptimal architecture) [X 33k

PEREAL T 5SS (performance estimation strategy) : NAS [ H Fxii & A& % 2 7E A 2 8 se
I RN RE (R A o 4 R DA A2 F PPN U PR RE RO R e e 9 B0 PR R X B SR A A T
AEVIZRAIGGAE, (EA R, X BTV S RA Ry, R T P AR R IR R A5 M & . Rk,
U IR 78K 22 SR R T R H 7 VE L BRI e P R T A

R AP S ZTNEN R B R ITIOE SN “ P22 6] A ik ik
REEH A ZIRIPAL R “PEREMGTHIRNG ", IR A AT VE RS IR 18] FIHE R SR 2,

architecture
Ac A
D e . ¢ n
Search Space L—— | Performance
) P Search Strategy Estimation
A S~ Strategy

performance
estimate of A

B 2-33 HAZEMRRGEREE
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2.4.2 ATMSeer

NRFEAES BTS2 IR R (& 38, BORIZ WA T %) 52— SR ELITTAE
I R AR o WF TN D3 15 5 2 M2 R AN R PR B3k o AT A PR AR . SRR AR R 4Rl 5
ZHl, TR SESE, e R RS . I L AutoML R G R] LUK LS AT
HSHHATIEAX KRB S, FHE S R P e & & iR . (HRGRBATHLHEA
BN, AT A CBETT, BRI ARGIER T ABOR AT AR, HPREAL
. BRI, FP AT REAME AR B2 A S5 R, T HARXERRSE B CRHE R Rk R Gt A7
SE il o

IEH, £ ACMCHI R RGH NKIRER W L, FRE BT 2B BB A AL
KEF TN ASLRIRF R —Fp T A, 4 AutoML J7 i1/ T RieE sl LA 2R P Fh . 1% T
HA4 ATMSeer, &85 AutoML 240, Hda e i SCH ARSI — S E BN, A
FEF P RCSF B SR Y SR BT AL R R, SRRk RedR B 2 Ok TR VE RE IR AR

5!
Sho
Da
Profiler
arsenc-lemale bladd . Upload
Dt vAlgorithms [ Check all
D) 71 beem R mip 113 0.939 knn 531 0.039 90 6 0.0 sgd 43 0.806

» o
ata y r .'
Metric : fi e o {h
Best classifier [ETEEEEE] 0.939:0.004 4- "

Total classifiers: 248

0 ol
Algorithm Hypeepartition i A% Ao e
ey Filtor

Perlormance : v HyperPartitions of
; 0.939 0930 0.930 0930
R O distance-ball_tree- G uniform-brute-min G distance-ball_tree- O distance-brute-euc
“r 0929 0.020 0929 0929
. . . 4 B distance-brute-che. B uniform-ball_tree- 5 distance-ball_tree- B dstance-brute-ma
R R 0920 0927 0.924 0.924
Numbor of ckasdfen B wniform-bruto-oucl B distance-brute-min. G distance-ball_treo- G uniform-ball_treo-
T 6 Classifiers  Focus:[ )
 HyperParameters of
> B 09390004
» 0.939 £ 0.005 - -
L . - @ om .
> B 093910008 ™ 3 om . Brush to highiight classifiers
- -~ &
w oem w om
> 937 £ 0.002
m 09374 om om
> 0.936 £ 0.008 B 1 t ¥
1—" - ~ \ e odh '(\ rw |
> EE) 09320003 o - - M M * H N "; -
leaf_size n_neighbors

& 2-34 ATMSeer BN F I EFIC TENBAAFRXTERE

“fg ] ATMSeer, F P FTLLE CEFMME AutoML R G2 i TAER), 7 7T
XFFEE# < — Kalyan Veeramachaneni Ui, fthfe R BE T 24 PBe (5 B 5 R R0 =
(LIDS) M REMFFRIAR, MorkEESIN AL . “FH P a] DL 33— 2o Bl B 1
B, ml 4G A A R F B R AR L KR, SRAE 'S AutoML R G0 2548 2R s i
M, 7 FEXS AutoML B FRISRGIDEFCH, BN RO ILRZ) 85% (] ATMSeer [ AN R4t
ERMBER GO ILTaS 5% EER, % LEILER AutoML REEREEIR T .
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EE ATMSeer A2 i) — AN AU SR, s A R FrIE B RPERERITR NS 2, AR AT IR
B EIEMSH LT,

“HE AT AL R SN SRR 1 BE A M E IR 807 7. ATMSeer 3L T X —#E4, 7
WX EEHZ —. BRI Wang Qianwen . “ATMSeer 1 B4 ikH18% 2 5] Pl
i, TTWAMINFAT AWK, vy, #Eeskai. ATMSeer 1] LAZZME T 5hik FEHL &=
) ENE AR S HIAE . 7 ATMSeer 1RF A01TF

fESE AL T RS “TIALRITT iR

ATMSeer T E kOt —ZoE 0 AutoML 248, 44N “HINREER” (ATM) ,
i1 Veeramachaneni Z50F 70 N A AE 2017 S K. S51E4i1) AutoML RGAFEIFIZ, ATM 7
SRS 2 %) BT A R S5 R AT 5E B2 B

ATM AT RSN B TINS5 1E RN, RGN R IR, Hnip 22 2%,
AW BEPLARAMAE T, JREFRR RS, oS D B 22 X 28 R 45

WE, RGEEREIZTER, ISR EESH, HFEEEAERE. ATM FIH%E
B3| TR RERE SR — MR, RJE, ARG RS M LS R IR A AR A

REAET, BERARLEAR ol DIy — RV R R = KRR N RS
%, BSHAERE . EICEAE B, BTSN RSB T B RS, R E IR R 26 %
Pa R AR R, DAMONE R, TFR T — RIIHEOR, BeUsseiy Spic B e . “RRET,
XL T B, IREEW AT LT AP, AR MBS il

RN TR T 20— FiRe g LA 7 IR, I RENSAE AT BRIV IR S [A A
SEIE HIE . XL THAT DU BT M AutoML (Ig AT IR SRt T A BRIGSCRE, I8 7250}
VR A BB AL BT 0. ML R, ATMSeer S 45 Bl VAR BRI HL2S 2
SRR

¥ AutoML ZERIBZE 7, RGO B B4R T

ATMSeer R AL G I T =807 4. Al AT DOE I 42 i T AR E AL B4R A AutoML
ARG, FREEEFH R, FER MR, SR 7 EAGTHEGE, R ML
MBS, A 1% PE P AR I S AL ) “HEATH%” . Veeramachaneni Fox:  “Hnif
PRA R T BHARM T LK, XAl Re R R BRI . 7

ATMSeer &5 —/ AutoML Profiler”, H /b BB EL & A R FIEFES HIIIRNGE S,
IXBe(E SR DA T . THIAR AT LUK BT v R R R A B B R, &R EREE
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PEREE A, VDY 0 21 10, BAKEGRTHESH H— A M i iR 2 BLOR
SR A RS BN ERSE R PRI

XHBCH AutoML 2258 IHLER 7 3] B X MR BT SR, b SR IR s BT
FE i AutoML B2 FH PERERIR . XAEYIS . SRS R 13 A28 2L i it
R, WP AutoML BRI B E SORSER =5 RIF R0 KRGS RILL
LA RF IR R . BEFE N RAROR, X5 BT FR v & 5 i R 41,

WA RRIR, HETR AutoML IR TSR = /2 06 (1) R VE.  “BUERT A IX L85 SRR+
FE— AT, IR NATRENE TR 28 255 KA RIS, A7 BE TR X L3RR, ARKRXT AutoML
LA B N — A 3 (R B 7

25 TRBRMEIEES

AR PR AR AR N SR RENS BEAR R SRS DR I REE o ML 22 SRR () vl R kb vy, A ATt
7 5y PR A R R SN o TR RO P S A TR pAY AL A ) AR R DA B XA R 25
RO HEEVEARIUE: @B, BT RN AR, AT AR LU %,
FLOL A AR FEBLNISAT BT B [0l 55 75 RS () Y A AL, o A 7R 2 SR AT e
PLandE SR, BRI R P HERE R Sk 4

PLER 2SR D IR, WSCERBE « TS Ve . IZRBERY . 3 T I0IE sl B R s LA A
TRFR IR el (AR o 28—, U A/ RO R 3 M LR v ) PR R ) vtk B OS2
OB, G AETR AR 5 2 R TR A, H — NS ER 5 2l e AR . — TR B
LEPE AR MR, DUOVE R B 7 AR SRR R Z B AN R, (HE2HIERDY
. ERVEEEE R IR OCR, BRI G b A IS Bt A w] RE LI . TR LA
LA T T — A, RO ENIRENS AL 2N Z UGHEAT R IEWT, Bt LUABAT T DAL A A2 5
5 HEZEZ AR ZRIIRAR, I HIERIARHE = RS BE o (E2 IR = 2 1k th A A R il JR A
FATTCIEARA AT 7= ARSI &5 R X ELRFAE Z R B OC R, B ABRATTH BEFI R L iR
HRIZFERI VAR AERACES, ROPARIR RIS st b, R 2r RIEEE AL 252 ST e o
R 12 L FEAS T PR AR AL R, R R0

o RUEIEH. BURIRERERAE. 4025 BUN, TR A — LB ST B S R A
e « AT AR EAE s PR A, AL TRA LRI 35 A, — /MR
FPHB R K25 T X SRR -2 O R . B P KRR I 5, S0 ) 53 0 —
FURIEAT IR . 009 M FEHR BEMEB U, S /IR, RTE AT LSRR i 5
(explainer function) I, Fofi I RAIINIZEM L BT REQERE A FTH
W T +AF MEHRIR A o BT DATRA TR RS T — 5 AR A, R B e

36



B

FAZIXFERIAR R, BATMASE BNIX — o FIE 7RRLE el PR AEREAT TN A, 3K
ATl e L A W BRATT AR AR 5 BT 1 A T SRR AL, AR e A5 e v AL B LAt e A
T L .

o ERTWERSEVE: BRI IR S e R AT AR AL T 45 R IE W]
JEERARR LE, kBB E AT TR AL, I SEFCR R iRmE .
T3 A RIHILES 2 >0 45 RIS FEAR T8 R U 24 i, R SE SR B WUE IR A A S
BE o WL SIREAAE X 70 Rk R AN (R 2R A1 (R AP R 7 T A v ), (R 3T
RIR 5 B8 NS Wi 4l SRAEAT ARE , MR 24— LS 5 SRR S R 35 1 e )
SR RAE BB RO B B2 A A5 AR A P LA 7 SIR AR SR A T T AR . KRS,
B MR A AL 85 2 ST AT DA 4 KB 8] B EMN 1K o 2R — MR A i &
BRAE, £ AR AR IS A R 2 /T, JATHAT DR INE — 5.

o CRHIAPTIERE: T A R ZE LA S I R TR A ZE R R 2 R
W FSEFE, WAREERE S MY IR E, SRS 55 A NG IR . —
ZBl A, PSS SRR IN IR SO SRR, XS AR 1 AR R AE R A
A LR ZE . HAB ] 5 LA T RS LR A ST, R T AR e BV B
BIRZE, LU 55 PR AT TREIMAN Lo g o HLas o ST AE SRATT AR5 (25 2 1B AT
SEA IR, 1 HE M2 AAHBORAT . BT MRS B 2 5 R0 o s il e o R i
BRI A AT AR G e 5 SR, AT T LA S 191 7 i 22 (10 08 K DA ST B e AT

AT REREESIAL

R B R, T AR A A RN AR SRR T IR I HE o HLs s ST B i B
R AR B Bl b 2 ST R AN S 2y, TG 75 A oD [ 5 R o PRI, gAY
Ak 55 A R i R — R APk A — LS U AT, R R AE DR AG BERAT 55 it
A, BAERFA SR RA AR E GRS 7 ST (VBB T o TR 2
A TR T PR T Al AR AR R Py SR IR B DR SRR L2

PRISHIBLSEAE , AR BOA XML A SR R sl 2 pipeline Qs /R i & BLEE AR, B
S I H AR R BLSE R I EERLATUH , B AL S ISR 5T . AR 508
B TR I L 55 SRR T R o AB S, Al ] BEANRE AT ffe] AR A SR 24075 .

B k2 MOl 75 4 S TE A7 A SR (R R TR AT AR P S MR P R o X L B —
&, BRPEREARIZAT BAT VR RS, TR AR R AT HERATERE . A LARBERY, LR fa] i
2 AR 7R L 5 W PRI, ATTAT AR 8 5 b A R DA SR A R 1A 2 ) 1 v
MR TR B, (ERARTT RE 75 EEWIPE BRI B, RO EATTE R ANRE ™ A de iy 1 45 o2 T i
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7 (ZRIERERY) Bl 75 Z2 A D, SEd G R AL . R R AORA,
UNER ST AR L 2 SRR 2R 908 0 27 A A PR RE , (BN et R, PO IR e
BRI U o] A PRE

B AR R T R

BB ARREAE g — MRS ATI IR B BRI T WL o AT AL 27 SR A A — i
JS2 PR H, B BB R AT AR ST (RN D B AR C H B B 187 ) PR AR B 2 1] (4 5% SR A 2
SRR RTINS DRI s AN R R e R o TR R P LA R A i . e A
R X e kg, R what, why PLE how. BRBUERE OB IE VI, FstRe /I LR AR
PR R R SR A S RE L o MR RO 1) = Foe A 5 T AR QT

o RN T BTN T A B TR I S VO R A T LT
R s A R e SRR o T AR TR SRR T R AR

o N ARERI S IEA RE T AL B AZ R A8 IR FFAUE B 9t A BE eSS RFAE AE TN
SO0 i) GRS P A8 0 BE L8 DSRS0 T4 . IR ER 1AL AT FEVE

o AT AR T 7 FRATINEIZ RE S VAl AN 98 E AT AT B £ LR AR G ekt He AT
A X TR P AR A RBEA 2 AR T, IX %8 iR H 5 T BRI Y. 1X
R TR B .

FELCRRR RN, B 7R RE 2 Ah, G RS 1) PR SR L AR R 1) DR SRR 75 5 A, TR
2RI N O LU AT R LA B A f ] AR

A fEREE R E R

FEMRARALAS 27 21 ) RS, B BHA AR WUR T O ER R MR RESR b, WnHERAYE, FewfhE
AN [l 5545 o TXAE K 22 4 Bl SR B2 A L 2 S AR 2R s B rh AR . (H2, fiabr HAg
VBRI TR PSR B 0 o BEE I R AOHERS , el T3R8 o (R R R 2K 2 B B AR 2 i
W, PEREFTRER AR, ik, TESI AR PO IR R ER

BER — MR TARAHR LT, It AR EERNFZ IR ? FE M DRI S 1 5 o iR B o 2 )t
I, N T Ak AT B AT S, AT AR E “ PO A EAE AR 7
X ), X AR A B S TR AN N BT AE B PRI — A T BER AR oA BRI
B E BIAE R 2R, R 2 TR RS CU SR A1) IR BiFAGE, W
REATRENS T 2t R R AR ORI , BATTRE S B . XAHRATE
IE W 1 AT O (T S e B, BRI DL AT RE HE AR DR, - ELRE S I 18] A HERS
EAH T BAEIX LN G2 IR E v — RIS AT
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IET

AR, AR B REEN . LRI EEMEAINL SR TH, &

B

T RTINS Je B SR R PR (5 AT TR L, SR R T IR BT B, B s

FEAEFLA ™ i B, T SRAAAE — N AR E A A W R AME AR B, A
AL E.

] R AR v

A — LR E BOBRIE AT T2 AR AL i B 770 . Christoph Molnar 7£ 2018 4 “ IR (1AL

weiE 2], SR RRAR R A AR R 7 R A T MRIFIITE R

WAEIERHE? AAE T AR A I BL S 2 IR, R AT E o mT AR Y (ke
VERAR, AR B T AR R o SR W] R R R A 2R R AR R (4
EOTEEANE L) FEAEINZRJE N W] AR i CRPE B2, S HOmirEED o &
A TR B 22 3t QUL AT 2R 51 S v (1 2 e A AR mT AR i

RERURE SE BRI T 4 ? RpE TR R R LR AR R € T A FERL LR Tk, X
THEFE M T R MR DI REARFE . XL R%L p i, SIRIABAE SCH AIC
IHL R B REM RS . SRR T RS FEINEEMR, TR MBS
R RN TR VAR B A CRU N RIPES) ) RS AR oS SRR A
MRYERE S, X TR TE T AR TR R 38, WA, 2R i

AHIERAR T XA TR TR TR RS AR PN T I BT 9 7 B
ARV FE TP 218 7 A PRHAR RIS SRR AT 1A RE

] R OV

D) RE SCAT R PR ROV R AT IR 2 — 285 Y (0 75 1T AT DGR AR (3B W L 2 PR AT DT

o 2 JR) RV JR) PSS TR AR A R SCRRE TR AR Y L PR W 7 12

LR TAERE: LT U B B A AL AT TN AT R AR PR B AT R MR A SR
TN B AR AR AR, AR R T AR . 2R TR R fR RS L T e B
Hoe e LR (iR A AT (TGN AR ) AR5 AL 2 8] 10 2% 52 TR ApRE AN ER g 5
TP . 2R AR IE 2 RN B MR UR 2 R B A BRI 0 — MBIF M — 25 . 48R, 7
AR SCEIS, RS P AE B =4 Ja AT AR L AR A AR IR M. [RIE, W BE T
RE S 42 =3 R RV TR N ) A R A ¥ 23 ANRFALE 156 A7 T B o 2 R AR R 5 2 e B AU A
RIGEH, BRBRZ AR

JRRRAERE: AR < Ot ARG AN S o B RS 7 M <Ot ARy — 2
SR BAR PSR ? 7 o XA AT RRENE, FRATIAS SRR (R [ 4 A5 A AR 8L, AT
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B RANRE T v 1 BB RIS, BATEE T2 8dE ROF AR %
FEL RV RFALE 25 18] 7 B0 = i1 X3, 2k T2 Jm) S DX B A 12 i AR R R B o AR s 504
I ARAVRFAIE 25 TB) R GER B SE AN, SR B VR A (X AR 1T AN 2 R AR o =) i vl g
PR AR IR (LIME) HEZGRE —FRUFAT %, W TR o i R e . 3K
AT EAGE 8 P 4 Jay M Js) B AR RESRARRRE — 2L S B RO R 55

RELGEHEE: N EEE AR SRR E QAL 2 7 o JRAKNIE, JEE LA
SR RLHGRAE BRI 2 BRI P SR R S AN AT BB AR (IR 1R . A
PR P35 WY 2 FT R T A AR g g 2 75 2K DA B T RE A EL R SR B 22 BOR AR o IX W] LA
S ZEHIALE, CNN JEBE A AU, VBRI 8, DR T i 2. (HAE,
HT TV 55 7T BE A ARG I8 I LE AR, PR b 2 s FH AN W SRR o 0 A0 4 R AR R R
AR PSR B T R BB W

AR R

X AR T AR A e A R BE R SOR Y, PGSR (R v 1R H R AN . Bl

T R AR R TE A TR i N\ A B ] A LR AR (1 U0 G e AR i A\ A2 B R T A2

PR ) SEEAE L IR T RE N i Y B 5 2 (0 B M ZRAEAL (g, xgh) ATAfiZe [ 2%

Cenn, o), A B AEAE ST AR D 25 B2 L (R85 SCRIERE 1 . 75 22 R85 — ML fg i

SETR P ATREIN), BT DA LA R BB AR 1

o WRESRMIEAEAR TS B IR E B ?

o RTRE TN, R NRFAEE Q] 5 B f5 4 1 TN A R 2
o MRERICFEERRSE, B ANREAEA0 TR fF ) 2
IREEARRAS S PRI T

WRRR: B E SR S IR AR ERIY, B HEU R . IRAE A
BRI A T REINHER TR R, sEE AN ORI H AR B4, B IR
TV TER) R AENE SR, debug ML ICH B EL 1 S RIEH] 1 HIBLA ML 55 KR ToiE R
RO, T AR TN AR, AT DA B AR bR E £ 1] AL

18 TARTSURAE TAR : RRAIE LA R R T R i A de 8 R T 150 RPAIE AR
W BN 3 [ B R BRAR JEU A EE (0 2 A A TR BARFAE),  FHANTR] B0 75 92 R A5 BT IR R AL o
AIHER e FE SRR MR T HCWER . XHESGEAE, HIRF L E AR IRRAIE
I, B ARk Z L 5 1 SRR, RS THEE SR M. WA elE
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B

XAEOLT RS ? n e 4k 21 B B ELRAE R 75925, I AT DU MR 50l A 5 FRRFALE
T ORI FRFAE AR, X TR SRR T

o TRSBIEREMIE: X T M L FEIBAEEREEEHA T AR A R
BRI AT TE 2 T TSRS . — Ok, B Bs 1R mT REAE 2 LB ek
FEARIRE S, I LR SAR AR R TE R L B 2 (A ORI o 2 TR (T 52 0 3 Hr vl
PAHIRIR 47 (O BEAR O RORFE, SR 2 BIARHEWT (2 R T BRI 2

o TEHRAMMBERIE: —LLSFGRHM AR, BRI S A SN TRGE FRRgs
PRI _E (7 b, (R AR 25 B LK SRR FHORAH 1, oox T ix s dse , AR 5%
D12 ORI B TR0 &5 SR B8 A A0

o ESERMAZERFELE: B2 NEMEZRTRIN AR A5 HAEEAL, BRIEMRAT
B Ed AR () — SO BRI, XN G RN SebR b, BRI T R R ok
AR SR AT DAV EE b NATIX 1) AP B A, 84 10K 2 i S R SR 54, B A AR
SR BB AR e,

2.6 ELES

o ik

FGE LS 7 ST R R RN, BB A NS BE es i, I /MU E AE
P I Zs8dls ERIAIRIRZEAS B 70 K408 o« XM A2 ST RAE /NI IS T EUKET), (H 4%
PERUBORIS, Ht R . WNE, JoikM Toem R ER e R . St A,
FE 2 2 SHB BN R EE RREERIR, T8 W A — NN ZRREAS ST S T AR, KORFRAIR T 22>
SAI S A SR IR LA (8] R, SIS o A KB INA, KAE i B 1S b
SR T IR IR, FEZR S 3] T A RO gz R R, SR 1SRN DAL A2 %
T FIEL S S N T 2R 2R3 A T E R BN E 0, BRI R i, S A
FEWSOFRES IR B B 2 Kl . 21 L HERARRE, LI O T — B & H
W, BRI e B, n] DL I ARtk 8, BEREWS I T-HE vl 20 UG 0L, L RERS it
BEEA T IOl T BA TG B MELSE SR AL E ST Hr.

FELR ] AR SN A B AIXT T Z R B 18 3R: fE6F D%, 758 RS )i 3
— AN, RIS X T R R B, TR 3] S S AN 2 2 ks IR 2 4k
5 ) AR 2T AR SR HEAT SR, ITORE T — I 2R 3 . 27 2] 28 00 H A2 B MEAN I 21
SR, BICAZRIE SN, A 2] 8 de B (RS AL 70 IS 1T, X T3k 3 R 45 5% ok U
- MNIGREAR LRy RiR 2, 2180 B R R/ MEE N ITZREAR LI RiHRZ . £
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FEZR S ST R IROCRIN , BATEH A AE L5 ST R b iR 2 SR 1 0 RTHR ZM R, K
HEEMORIE (regret) o B, 7RSSR ME R IRZE RSN TR/MEREE, BIEK L
TR AT AR 2 S RV RE RO AR

HR 27 2] A2 S R P BN, RS T UL — 2 BB RT
HIFELR A S MRS BHIFE LR > o A B0 2] a4 W] OVLIN 21 52 BE AR 40 % iR AL, 170 ) 5 s o
>3 R REMLIN 2453 2% bR HAE = AT R SR B A BUE . AR IH BAEEZR 73 JON B, nSRaz 2] a8 m] BUWLIN
FIVIGRFEAS, % & T 52 25 BN LA 2T, OSSN ZRAE At il BLg S 3 1 70
FERFERRH ISR 2] A8 A BERI R 7 KR ZE A A BINGREEA, %8 R & T I A LR 2
2o BTN BN, BT XX PRRBEE 15 S FA AR AR R 2 5, B I S A
Al .

SRR SR, e 43 B FIOTES S S MBI f5 B %, BULHIN 285 . i
FHRREULCAN, BT DS R . AR SR (S B, BN ST A . (R
P R S R B P T L0 2R PR K B8 O B 5 24 T e o B
DLIER, 545K BR R 8 T R R, 7 eI T I T LA B R MO s 24582 6
RO, T LA B IS T, BOA R PR 0% 5T SR A RS . EN LR AR
P RIS,

BIREAE B TS 3] O KERASE, (BAEVFZIUSCN I, 27 3] S Re i I
B0 R ) IX R B FANBOL, R IX S RE AN RE LN ] . DAL i u i, 4
AR E T HERE ) A, ATLMR R RS Rz S R (HR R P AR I
| 22 ST BRI o IX TG DL W TR LR 2k 5 ST BT TR o 2 T ARSI N I AT LAE 2 7
21, R SR T I 45 SR AE AL 17y v (¥ 2 8 i AL I

HI TR AN TE 73 W RELAE 2 2 ST AR R AR R 8 IR (K IR 5E . — 5T, O 17
AL TR R B S5, 2 E R R B IR RS, W0 — 0, N T HeMEEE,
5 3] 4 AR R B RE f /MUK BR BRI TR 3 5 58 A5 R EL, T LR 2 22 ST JE &R 2%
5 S FREIE B (AR AR T I HAE PR T A A 52 ST B0, 7 B AN R ) el e A
AN FIBE UL BT AR B 5% o BLAS AR RSO GE PSR A R AR R AR FH 2 18] PR 58 )
PSS, HE G TR R BB RSO, 5 & ARRE LS O

— 7, FELSA IR BB T, I+ MBS B2 SRR B 5T
I, LA IWBA ) N 5, BRI T VF 2 SEhr i . 5845 B PR
> T BN F BIE 273 38 AR TR S5 S 05 70 73 A Tl R, 22 H R PRAR ISR R B
P BIESEm . R AE B T REL S WA AR AR R BHE L 2 5 | ARk R e L

22 31 k] 199,
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Online Learning AW AR 26 [ [ i 50d , SIS s gE A T AR R I 8, i A9 AR I W] Js gk
22 AR, RE L E TR A HERS 2 . Online Learning MR AR5 A5 2Y () T &5 5L FE 301
P, ARG P R SR EE, B RINGER, AR RS . W FNEATR:

o - —

SEHTRIRIEAR PRIE 7 R 2 3R {k
[& 2-35 Online Learning jif2

® FTRL

FTRL (Follow the Regularized Leader) &Hi H. Brendan McMahan #&H, &—Fu@E AT
Ab PR KRB EE ), & KREMEAFE I E 257 ST B AR SR, D7 s, 1 BACRAR
I, T SRR CTR B FTRL 59230t 7 FOBOS il RDA W Ff VAL 5.,
BERER] FOBOS fRIEELAL m RS L, SREAER —EREFE IGO0 B 7= AL S A M i . FTRL
FEAL PR ARG IENIT Cln L1 TR @ e e i B RBAR R s, AT RO L IE
VU R R O A B T, i EL WSSO R

- HEEREHER

Algorithm 1 Per-Coordinate FTRL-Proximal with L, and
L> Regularization for Logistic Regression

# With per-coordinate learning rates of Eq. (2).
Input: parameters «, 3, Aj, A2
(Vi € {1,....d}), initialize z; = 0 and n; = 0
fort=1to 7 do
Receive feature vector x; and let I = {i | z; # 0}
For i € I compute

0 if \zi| < A1
i = — -1 .
We, — (E+T VAL ,\2) (zi —sgn(zi)A1) otherwise.

Predict p; = o(x; - w) using the w; ; computed above
Observe label y; € {0,1}
for alli € I do

gi = (pt —yt)zi  Fgradient of loss w.r.t. w;

o = %(ﬁni +gf — \/171) #equals % — Th—ll.i
Zi <z + g — oWy ;
ng +— ni + g?
end for
end for

e FTRL-Proximal TH&se3l /I tricks:
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1) saving memory

*  Poisson Inclusion: X —4EREAFIE IR IIIGREEA, A p BOREARF232 R BT
Bloom Filter Inclusion: i bloom filter M3 _E it —HEAE HEL k A S #i o

2) V7 m B B i

o RHIERCEAST L 32bit 3¢ 64bit (1175 s B i, A7 TR 9% ]

e 16bit encoding, 1HZE R A rounding £ ARXS regret A RIS (E: python 7] DL
X H numpy.float16 #%X)

3) AT A1 model
o XFE R INGESE T H, R UIZR 2 AR model
o IXUE model A % H MK —LL feature, WA —LLILE() feature

o HUR R A IVRFELERE W] DU S MR, AT A SRR R IR AL, T AR
P I o

4) Single Value Structure

o Z/>model AH—A feature £7-fi (54 2 cbase B¢ redis 1) , &~ model #E 5 HrixX
ANHEA I feature S5H)

o TR model, X TARFTIIZRIRHE AR RIS —4E, BEEFHE - MERERIFSIH
i —A> T2y

5) f I IEREAS O H RSB EEROAT (BT (9 model B [RIAFERT N A1 P)

{1 event ¢ is in a clicked query
W =

% event ¢ is in a query with no clicks

6) subsampling Training Data

o fESPRH, CTR im/NT 50%, FrCAIEREASTE I0A 48 . 8 o il g fodis S 3 AT
subsampling, AJ LA Rk /NI 2555 88 52 1 R /)N

o IEFEARETREE (BAH AT EBOREE query ), SAFEAE R — AN EL) r KRR
GEAEBAT S AT query 34D o (H2 HEAEIXARFE it T4, &S 8thE
K K) biased prediction
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B

o fRIINE: IR, SRR M. B ERSRE loss LT, MK 2
Fe LLIXAM LI,

2.7 BERT

BERT 4 FK /& Bidirectional Encoder Representation from Transformers, HX{[a] Trans
former [1J Encoder. 7] DA T 43K H bk 22 W 285 B L S R — TR 7o BERT FEERE AT
DNIN-Y

1 M T Transformer /E &L FEHELE, Trabsformer HE 5 W) A #E 15 A) H XL
fi] 5 2 1481,

2) i T Mask Language Model (MLM) [IF1 Next Sentence Prediction (NSP) )% /%
%25 H b

3) A SRR HILE ISR B B, (i BERT MIS5 UL 74, JFA
Google JTi% 7 BERT #i84, Fl/7 ] LLELHA# ] BERT 524 Word2Vec [t Hri [ I im Aot
e H R E E RS

BERT A5t b/ il A2 i B iR B b 1847 B B IR R IE R, B H
B2 SR AR A N TARE B BIsAT B 2 2 . FELUEHRFE R NLP AR5, Al
A PLE AT BERT HIRMERSAE NZATSS B R ASFE. BTEL BERT S fih g — Mt
EARSSIERE A S, AZ A AT DIAR AT 55 i sl [ 8 2 )5 VE R IE SRS - BERT
PERS AR 22 4E Github EJTIR, iAo SO 238 5 A OO

o MBI

BERT M 4% 2244481 F 1) /2 ( Attention is all you need) 14 Hi )22 2 Transformer 45 #
Hoa KIS R 7 T A58 RNN AT CNN, Jdid Attention AL HIREAE & A7 B 1 5 4> R3] 1)
PRBSHAHRE 1, AR T NLP AT BRI P &2, Transformer 1 2% 424 4~ ]
Jii7R, Transformer f&—> encoder-decoder [{I45#4, HiI# T4l #s ARG 2eE S K. T
I 22 M35 N dmis2s, B Multi-Head Attention Fl—/N4siE 4k, F T ¥ N iR 4L
FRFE A A A 2 AR 2, R AN A gt 25 1% tH AR S Tl 45 %, i Masked
Multi-Head Attention, Multi-Head Attention DA — A AxE8e2pl, FH T4t i 45 R 1) 2 AF
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Output
Probabilities

Add & Norm

[ Add & Norm ]
GOt SHO Multi-Head
Attention
Nx

Nix Add & Norm
Masked

Multi-Head Multi-Head
Attention Attention

A A ’

N J . —
Positional o) a Paositional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

2-36 Transformer RAIMXIZRZEH

B R4y —> Transformer Block, *f %] N E—4 “Trm” .

BERT (Ours)

2-37 BERT pyiEAILEH
BERT 24t 1 faj SR AI ST 2 TR ARL, Sof LRI AE 2 2003 7 anF
BERTgase : L=12, H=768, A=12, Z¥ & 110M;
BERTgase : L=24, H=1024, A =16, S¥ & 340M;

£ FHESET, LR RMERES CBP Transformer blocks [I%E) , A #F/x Multi-
Head Attention ' self-Attention fI%, filter YR ~]J& 4H.

WX EE T BERT A GPTBOFT ELMoB, B T AN 1854 B T B s o
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OpenAl GPT ELMo

2-38 GPT 5 ELMo BAXTLEE

BERT X} HLIX M ELEHIL fUE R A BERT RAESEE T I B A MTES:, 1X—
mifta T Transformer H Attention AL AHIRE A A7 B A 94> BL3a] (B B R T 1.

o HMARR
BERT M ARIgmignE (KEJE 512) /& 3AMRASFERI AL A, WK, X =i
HRNRFE A2 -

*  WordPiece ik AB2: WordPiece &5 Him &I 7> i —H A BRI A L7/ Ho, ReLE A
(A RO 2 A5 10 R T 1 2 [ AR — N TR P . Bl S o “playing” #E4F
AT ‘play’ A1 ‘ing’ s

o fiEHRA (Position Embedding) : A7 &k N\ & Fa 45 5m] 1AL B AR B gmtD iR ik 7 &, Ar
B RN AL A 5] N B A7 B R R B RE B I M ERAN RN ES LR
A 34T 5

o rENHRA (SegmentEmbedding) : FTX BT, Bl B &E& AT XT
AN, BANEFRRHIEE SR 0, 28 - ANA T IRHIE L2 1.

BJa, U — N B RPN RS S [CLS]AI[SEP], Hr[CLS]#E N iZ e T 702
R, AR B, AR A . [SEPIRAR RS, T T4 N8R i A
£

() (o) ) (o)) ) ) ) ) ) ()

Token

Embeddings E[CLS] Emy Edug Es Ecute E[SEP] Ehe E\ikes Eplay Eming ‘ E[SEP]
L 2 L L L 2 L 2 Ll L L Ll L L

Segment

Embeddings EA EA EA EA EA EA EB EB EB EB EB
+= = -+ -+ -+ -+ + -+ -+ += L 4

Position

Embeddings EO E1 E2 E3 ‘ E4 ‘ ES ‘ ‘ E6 E? ES ‘ EQ ‘ ElD

2-39 BERT #&BUIN
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o TRISES
BERT & /M 2AESHM, ERMEF LB H WEAES4, B MLM A1 NSP.
1) Task #1: Masked Language Model

Masked Language Model (MLM) F1#Z%.0» FEAREL [ Wilson Taylor ££ 1953 £ &K # 1 — 5
W3o il MLM 2 7E VI ZRI I b RIS\ Ti0k}_E mask #— 28 530, SRE i8I B R 3C
TR 2 B 9R] , AT 55 AR AR FRA TLE Hh 5 I A (i1 56 TR S o IR UL Sl 5 AL SR AN
RNN FLECHSEE, MLM (13X /M5 A Transformer 145 #4052 35 VT EC I .

7£ BERT (5256, 15%I¥) WordPiece Token 2x#[HL Mask 5. fEYIZRBAIN, —p
)T 2 B BRL T 240 2, (B2 Google FHI% A5 1EAEIRHR mask Prix L4 B, 1fi
SEAERE 2 Mask HEI( B2 J5, 800N ik 2> ELHE:E i y[Mask], 1006 fige 4 L 25 ey
HeA TR, 1000 % 2 7 9 IR 46 Token.

80%: my dog is hairy -> my dog is [mask]
10%: my dog is hairy -> my dog is apple
10%: my dog is hairy -> my dog is hairy

3% 2 A TR R R B ) 1 e S Token100%#B 44 mask #5, JIB47E fine-tuning i
R AT jift 2 — 9% WAL i 3] . BB AL Token f R R 2 Transformer EEORKEX 4514
\ token (15341 sUERAE, 5 MR 231041 1% A [mask] /2 token ‘hairy’. 2T 5Li] 5 SR I £
M, PO — A R B s R A 15%*109% =1.5%, XN sz H S v] P
BIEATHH . F3AMCE G H AR R T 15961 B ia], PR AR Sl EL e 1

2) Task #2: Next Sentence Prediction

Next Sentence Prediction (NSP) H{T552 K|t 1 B &M 20T A KN, WRER
IEfH IsNext” , A4IH ‘NotNext” o IZrREE 14 7 20 AP ATIE R BEA LI ET)
BELEW ]IS, o 500 IR B HIEU I A)1E, AR A IsNext K&, Fi4h 50%I1 5 —A) il 2
BEAL TR IREL, EA11I9C R 2 NotNext [, XA KR RHAEE [CLSIFF 5 H.

® i

e TR B4R 5E BERT 2 Ja, {8 0] LUK H N 2] NLP FI8%AMES T X T NSP
R4k, HEMMERRN P = softmax(CW'), F:rh C & BERT #ith FH[CLS]&5 S, W
T ] 2 S BB AR RS .
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B

BERT BERT
W
Tok 2
I
Sentence 1 Sentence 2 Single Sentence
(a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColLA
RTE, SWAG
Start/End Span (o] B-PER (o)

BERT

T ar

ﬂnq.” lﬁlﬁllﬂ“ qn

Question Paragraph Single Sentence
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
SQuAD v1.1 CoNLL-2003 NER

2-40 BERT EARIES HHIRE

ST HEAT SR, FRATHATDUARYE BERT (i (5 B AE xR F . bR g R T
BERT #£ 11 DM AFEMES IR, B 2L BERT Ryl b FRasin— M th 2 rT Lo
SEBONRF AT 55 (R 3% BT 55 R T FRATIBOS (M SCRHAE , oGk £, 178 5 5%
B A Tok RomAFIR Token, E Rk, TiRawH i Token fE4 1S BERT At
Ay S EIRE RS AT

A A4 55 B F
(a) FETHA)T R RALSS

MNLI: 255 — AT, RIEXA BT L HEW RS S ATIR IR R ZEFHIRR I N=
i, B RAR TERRUSLR R BB A 5T _Fo— S0 R, BRATT 75 24l
e 2 A T SR AN IR BOX PSR 70 2 B S AR R

QQP: T Quora, I Quora LA A fA) 2 15 KR & — FE R .

QNLI: FI T SCA R 75 A 35 T R 2 58, SRABAT-AT I8 B 152 T AR R 57 1m) LT £ P B
Vo

STS-B: TP 7 RUARMLE, 45 5 N2l

MRPC: 9,2 H Wi M) 12 5 2SS0
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RTE: 50T MNLI, {HJ2 JURX 20 & ok R o0 K, i HAR AR B /)N

SWAG: MU ik £ T BN R A) R SCRIRA .

(b) BT AT 53R4T 5%

SST-2: HFZPFOT TG B AT

CoLA: AJ 7 AW, 222 .

XFF GLUE $d 4115024145 (MNLI, QQP, QNLI, SST-B, MRPC, RTE, SST-2,
CoLA) , BERT MG /522 iR [CLSIAR E AR B — A RHIE I & C, FFilid— 2 AT
T . B R BURYE A 552K F AT e, B2 432810 softmax 503 — 4328114 sigmoid.

SWAG i J5i%5 GLUE $dla S8 ML, AN I Hoday & DU w] RELE T softmax:

&V Ci

P=—c
' T4 v
J=1

() MZALS

SQUAD Vv1.1: £35E — AT GEF R — A A—BHiliidh SCA, XA 1] i i 2%
F RALT B AR A R . SQUAD Y%A S Il IR AR SCAS (R A) -0 o At AR
i, JEIEAERGIR SO B3 RO R ECH softmax IR B R RIRAS Hr H SUAR IR AR,
SVER (1 T R BOR TR Token (N4

(d) iy 44 SEARIR A

CoNLL-2003 NER: H|Wi—/N)F i BLia] /& A5 2% Person, Organization, Location,
Miscellaneous 5% # other (T4 52/k) . i CoNLL-2003 NER ¥ 5] T i\,
TERR/NIHE] B 4 — AN, JEIE IS softmax 75 211X /> Token ff SE{ARZ 5153,

® BERT MRy i3t @

BERT HMIE arXiv bR Z VKSR TR KK BRI, FTIF T NLP 1 2-Stage )i
ZhiE&. BERWRILT — KT “BERT” TR (pre-trained) 7%, 45| X BERT
X bR SCE BT SCE A XLNet, 14 S0k BERT Ik 201 H A7 (%) RoBERTa
F1 SpanBERT, 845 454 24T 45 LA KK Z&18 (Knowledge Distillation) 3#4k BERT ] MT-
DNN 5. Britz 4b, @A NiXEPRIT BERT 1 JEEE DL A HLAE F48 AT 55 Hh R B HH AR R S
Ko LA EFFE, #3&FRJy BERTology. A2l Bk 2
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1) XLNet & H15 BERT [Fxf b

BERT A& #L A1) H 4 5 15 1 ( Autoencoder), 5 75 M 51 N 75 1 i 28 2 R 24l - 1) BERT
FI T Zrid FE R T B EF 4 (Variational Autoencoder) JEAH, HJ MLM (Mask Language
ModeD) HLHI, X 5T HEIHE7 (Autoregressive Model) , i K 5Tk 7E T8 5155 R 3545
TR EFSUEE, HR AL

e Pretrain-finetune Discrepancy: Tl ZRR) I [MASK]ZERLF (fine-tuning) B FFANEH
W, AAFHDEEA—F, ZAHFT Learning.

* Independence Assumption: %/~ token HTiMI & AH B AL . 12T New York iX
FEIY Entity, New A1 York @ A77E BRI, 31X/ M s ) 2% 13X FE 18 Ot

B RIS AN, (EARGER E Rl B . XLNet F1BAARME S,
sk A B R ARG X N SCE L, IR G B — A R AL B

AT EZAE A T BUR =AML
Permutation Language Model
Two-Stream Self-Attention

Recurrence Mechanism
2 N RIRA T 20 Bl NI = F L

*  Permutation Language Model:

mem )

v x @ @ @ e B
>2

>421 Factorization order: 2 >4 33 > 1

Factorization order: 3

mem®

wo w @ @

Factorization order: 1 > 4> 2 >3 Factorization order: 4 >3 31> 2

2-41 XLNet tREUIEZEE
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FEFM A token I, XLNet {8 % A\ H permutation ZRICKUA ) L F3CE &, RIS 4E
£ B B JFA 1 B A e IR AL 2 T LA B AN Y, R R AE A B AL 2

EISEHERA T — RT3 £ token £ permutation M4 E T R SUfE
Bo Wixd T, MEiHE—A 2 > 4 ->3 >1HH], BARATHECH token_2 Fl token_4 1E
AR [T token_3. AAEHLME, 4FTH permutation HUZERT, FRATELREIRAGHTA R LT
SCAEEBA. X RS T IRAT H AR A

T
New Target: max E,.z, {; log py(z., | xz(_!)]

ERAEFRK AR T, TATRMEHT h_0(x (Z<t)KER24H0 token “_ 37 (¥ hidden
representation, f§i45 AE AR ELUNI A7 B 1) token, iR« IO —F, B Afbie —3
. BEitt, AR T 0%, 5N T EWMIF token 14 EIE ..

exp (e(z) T go(x,_,. 21))
5 xp (@) 90 (Xamr20))

Position Info:  pg(X,, =z | x._,) =

Beah, AT BRARF R L MERE, XLNet £ 7 Partial Prediction, R[5 i 24 iy
permutation fi7 & ¢ Z 5 ¥ token, fZAARAL HERU T Fros:

Partial Prediction:

2
max Ez~z2, [lng‘m(xz,, | Xz, )] = E,~z2, E log po(z2, | Xz_,)
=c+1

e Two-Stream Self-Attention:

Two Attention Streams:

query stream: use z; but cannot see .,

fli:”) «— Attention(Q = "":’.”—I ) KV = hl/m_l ). )
Masked stream ion :
P content stream: use both z, and z .,
- X,M Masked Twostream Attention 4~
i h{™ « Attention(Q = A"~V KV = h{"~1);9)

& 2-42 Two—Stream Self-Attention #/:l
ZHLH AT B P R R, BJIRANIFRE T g 0 (x_{Z<tl,z O, FBATRGIZMEREELL
K ECHIME R, AR LETINZALE J5 1 token; TR h 0 (x_{Z<t}) UK AFREUA F]
BB, WKARANELLETM . Kk, XLNet 5] N1 Two-Stream Self-Attention #Liil], ¥
FEE Ak,
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e  Recurrence Mechanism:

i o o ©o 0o 0 o
io) (0] (0] O o (e}
O © (o) (@) O (9]
(0] (¢] (] ®© 0 (@]
___________________ 53 .
Fixed (No Grad N Segment
h{™ « Attention(Q = h':'l"_”. KV = l~1"”_“.11£"_”’_” )

2-43 Recurrence Mechanism #l]

ZHLHIK H Transformer-XLE®, EIYEALHE T~ —> segment B 454 4> segment [ hidden
representation, A EAEIRAF K HE B0 1R SCE B . TMIAE XLNet W, EARTE AR
FHXI AL B i, (HAEFRIR h 6 (x_{Z<t)NHE, ¥ AFIMALE S permutation 57, [HHtid
A DL X AL ZHLHE 7S XLNet 78 4b B K ORI B BT I 3

e XLNet 5 BERT HIX =45

N T U XLNet 55 BERT HIIX . fE#H2 1AM “NewYorkisacity” #6114
] DU R I P AR Y A A B AR BEIRATTEE AL B New Y ork 3X 4™ 3], BERT 4 4% mask
XA tokens, fHH] “isacity” 1F oy LN SCHEAT TN, IXFEAIACEL 20 T New Al York 2 [A]
[5Gk 10 XLNet NIiEid permutation fIFE, AT DMEFHERL 5T B 2 1 York|New,isacity X
FERIEE

New York is a city

T T anT Y
exp ( Fla(%), e(z)) ! - exp (halxpe—1 ) ela))
max logpe(x | %) &= my bog palz | %) = e log L e Tow e (%) — [ - o LholXie— )
] a (% | 2:' ' e g ' Z‘J('.‘i])Iiful_xl?rn.r’\j iy Tag: pg (x ;-‘---’c---‘e xct) ;1 J'LI;- exp (hg(xy4—1 ) Te(2'])
Jeert = log p(New | 1s a city) + log p(York | is a city) Jxinet = log p(New | 1s a city) + log p(York | New, is a city)
L P ) gp Y Ep 3 vy J

2-44 XLNet 5 BERT H9X Bl 7= 45!
2) RoBERTa: A Robustly Optimized BERT Pretraining Approach

ROBERTa #& i Facebook Al l5t& UW KA (1) BERT TR0, i 7S48, &
5| X\'7 Dynamically Change Mask Pattern 31:#%[%: Next Sentence Prediction, {#7545%7E GLUE
Benchmark HE44 55—, 1E& WS E: BERT is significantly undertrained.
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ANFTIEAR BERT 1 MLM HLl, fE#FEL3E 40 4~ epoch Hffi A 10 FhAS[FE
MaskPattern, RI%3Fh MaskPattern 125 4 4K, {F 2y static #8&; /E# L5 N T dynamic masking
g, BIAFH N —A> sequence w9 HAE B> maskpattern. BRI, B IR AL )R BERT
4, 1 dynamic & & EEE static SREKEGF—2L, F H o] DLAH TR 5K R 42 DL CE K1)
WS, Hbf4& %R dynamicmaskingpattern. & iEimid # 4 NSP AF553E1T I 25
HAR BERT W &M 7 2438 4% NSP JRIxF Lk, 45 RIEMR AT P RIS NI, HRAH

A SC XLNet FH BT SE B A AE T 58X — 4518
15 FH BT S 4
Sentence-Pair+NSP Loss: 5 i BERT #H [l
Segment-Pair+NSP Loss: fii N e 8 — X & 2 A0 71 By, 1X 48 5 Benl DR E Rl —
AR, AT BLR B ANE S0k
Full-Sentences: il A f&— 251 5E B 1 A) 1, 7T LK B A — A SOt AT DU A AR SRS
Doc-Sentences: A2 —RFEEIAT, KA F—CH;

RN BA) T 2L, KA RSO & ok B AR SO 4 — 2, R R

Doc-Sentences F<l% .

3) SpanBERT: Improving Pre-training by Representing and Predicting Spans

CoLA  SST-2  MRPC STS-B

. Google BERT 59.3 95.2 BB.5/843 86.4/88.0
L{football) = Lurat(x7) + Lspo(xi, Xa. Pr) Our BERT 586 939 00.1/866 88.4/80.1
Our BERT-1seq 635 948 9L2E7E  89.0/88.4
SpanBERT 643 948  9D.9/BT9  §9.9/80.1

an  American foolball game
) . | t t ) )
[ ][ ][] ] o] [xe] ] [ ] ] [0 ][] [x
| Titaen s Bl | QQP MNLI  QNLI RTE (Avg)
[ ][e= [ee (e ] [e] (o] W (2o 1[re] (oo ][] [2se | 71.2/89.0 86.1/85.7 930 711 804

e
e e (e 71.8/89.3 87.2/86.6 930 747 811
Ssnn (S| [Bont] [ 50 ] (e ] Ij ] ] El Il ==y IE' ' 72.1/89.5 88.0/874 930 721 817

71.9/89.5 88.1/87.7 943 T79.0 828

Model Architecture

* Span Masking
SpanBERT in GLUE Test

* Span Boundary Objective
* Single-Sequence Training
2-45 panBER tRBEZR IR GLUE HAYSCIGLER
ANFT ROBERTa, SpanBERT i idh & C A4 i Il 254 25 FH H Al A5 28 5 1) B 4 () R
RO, HAZ e E R = AT :
SpanMasking: X775 2 #if BERT HIBAS H WWM (WholeWordMasking) 844, B
£ mask ] mask —# A~ FLiA ) token TIEJEK .4 token. F:X mask AT, M —ANJ L[5
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HRAEAS I 75 22 mask 1) span (IKFE, FESEREZRHLT TN O BE I span 12547 mask, E
3] mask 5¢ 15%HIHIN .

SpanBoundaryObject: {#i span #i—1 token FIAKE /51> token UL token i [
fixed-representation 7~ span PIEBHI— token, FF LA R FMIZ token, 1528 SR AE
loss I\ E 5 2 1) loss BREH o ZMLE S B LE Span-Level [R5 FPEE IR 15 BE 4F IR I .

Single-SequenceTraining: ELH:fi N\ — 8 BUESE ) sequence, XA AT DL AAY RS K

M ERCER

EX =/HUH] R, SpanBERT 1§ 5 BERT #H [H fERE T I 4k, F&AE GLUE H3i158
82.8 [F P, & T JRH GoogleBERT2.4%, & T 111 = )51 BERT1%, [[ 7

CoreferenceResolution ¥ if 45 42 = T 6.6%.
4) MT-DNN 5 511H 203

Multi-Task Deep Neural Networks for Natural Language Understanding X ks it 3¢ & 76K+
Multi-Task 5 BERT 25 &k, (H15 15584 RE7E 58 2 A L aEAT I ZRI R B I8 RE SR 19 BE 4711
TR AE S (Transfer Ability) [581,

P(clX) sim(Xy. Xz) P(RIP,H) Rel(Q,A) Algorithm 1: Training a MT-DNN model
(¢.5., probability of (¢8 semantic (e.g. probability of 158 Tence score Initialize model parameters © randomly
labeling text X by ¢) similarity between X, logic relationship R of candidate answer A y
and X3 ) between P and H) given query Q) Pre-train the shared layers (i.c.. the lexicon
Task specific ¥ ¥ ¥ 4 encoder and the transformer encoder)
layers ¢ Set the max number of epoch: ¢poch,,,, .
Single-Sentence Pairwise Text Pairwise Text Pairwise HPrepare the d T 1ask
Classi e Ranking repare the « l{lrl for 1 tasks
(eg, ColA, $5T-2) (eg., STS8) (e RTE, MNU, (eg., QNU) fortinl.2.... T do
WNU, QQP, MRPC) Pack the dataset ¢ into mini-batch: D,
L) . £ i c"d
for cpoch in 1.2, ... epoch,,,. do
1;: context embedding vectors, one for each token. 1 \Icrgc all the datasets
¥ D=Dyub, Dy
2. Shuffle D
Encoder layers) for b, in D do
Shared 3 by is a mini-barch of task t.
layers 3. Compute loss : L(6)

1): input embedding vectors, one each token. L{(©) = Eq. 6 for classification

Li©) = Eq. 7 for regression
2 ] L{©) = Eq. 8 for ranking
Lexicon Encoder (word, position and segment) 4. Compute gradient: V(6)
t 5. Update model: © = 6 — ¢«V(0)
end
end

X: a sentence or a pair of sentences

2-46 MT-DNN 1REEZZ L KGR E L

BRI A, fEH A CL &% Transformer |2, XH5 BERT AHEI LA, (HE7E
Ji SRR ERAS [FAT 25 E0 8 550 B AN [F) 4T 45 24800 5 i HE I 2R s iU A (Dot Production) , FAS
[&] 1340 e % (Activation Function) FRH5 2% pki#g (Loss Function) #4795
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- - Model CoLAJSST-2] MRPC | STS-B P
=2 Q) log(P(elX) 88K | 676 | 37k | 7 ?{S&k
Q=avg([Q". Q% .QK] ‘ w BILSTMELMo+AUn | [36.0 | 904 [$4.9/77.9[75.1/73.3]64.8/84.]
e . Multi-Task S‘L}fﬁli‘;‘}_‘l‘fﬁf‘?'[‘ 45.4 | 91.3 [82.3/75.782.0/80.0/70.3/88.5
T Loss Function
soft ensemble T, Lewey,.0) || GPT on STILTs 472 | 93.1 [87.7/83.7[85.3/84 8[70.1/88.1
| soft tdrgets BERTLwncr " 605 | 94.9 |89.3/85.4/87.0/86.5|72.1/89.3
/ MT-DNN" 615 | 95.6 |90.0/86.7]38.3/87.7|12.4/89.4
| Snorkel MeTaL.” 63.8 | 96.2 |91.5/88.5/90.1/89.7|73.1/89.9
| ALICE © 635 | 95.2 |91.8/89.0[39.8/38 8|74.0/90.4
Back ¥ Mottrack MT-DNNyp 654 | 95.6 |91.1/88.2[89.6/89.0]72.7/59.
" Iti-" ————
Teacher Teacher Propagation e FHuman Performance 664 | 97.8 [86.3/80.8[92.7/92.6[39.5/804]
task 1 task T >
0y(r1%.8;) 07 (31X, 67) ";9"{ e}- MINL T [QNLT [RTE [WNLT [AX [Score
S 393k | 108k |25k | 634
T6.4/76.1 798 [S6.8 | 65.1 [26.5 | 70.0
82.1/814 874 |56.0 | 534 (298 | 728
80.8/80.6 - 69.1 65.1 294 | 769
Dataof Task 1 — Dataof Task T £6.7/85.9 927 |70.1 | 65.1 (39.6 | 805
D, Dy 86.7/56.0 755 [65.0 (403 | 822
87.6/87.2 93.9 |80.9 | 65.1 [39.9 | 832
87074 | 057 [809 | 65.0 |40.7 | 833
5757567 960 [85.0 | 65.1 (428 | 837
92.06/92.8 91.2 936 | 959 - 87.1
Process of Knowledge Distillation MT-DNN_{KD} in GLUE Test

2-47 {E R FAIRZREXT MT-DNN = ENFHITH AL

1 F MT-DNN #] L& 1 — 4 ensemble i £2 ., Fr Ll wh ol LU %0 3R 7 18
(KnowledgeDistillation) #EATHLALDE, %772 AR R 2 ensemble #2741 R A S KR
ZENR AR RN T AN R AR5, A5 FHAH [ 0 45 R 7000 2 ) B 46 B EAT R0, X mliv] BLE 1R 4
AMES 1 Teacher, AtAT 4 48 K AE P R )@, Student U L4045 targetQ, FF HA# H soft
XA (CrossEntropyLoss) o A4 soft 28 i ele ? RN A Seh) 1 1) aT
REFEASR AT, Eeln “1 really enjoyed the conversation with Tom" & — &% i 1 /& SiE
i /& 100% AR MR & 8L, XA B 1L Student 2 2158 2 ({45 5. R F AR ZR T8 5, B 7E GLUE
R T 1%, HATHEA AT = FRATERTBAARE MT-DNN HLHI7E XLNet &5 H A i
Y ZRASE R ) R TS0,

2.8 ERES5EER

2.8.1 &R

PR B, A ERGRSek — R, AR HHTIREh &N, ST,
RIS A R AR SRARSRAR Gy, FE BEHLIE DL T SR ANBCRAN, Dyt gkt Wt 48— Pk
BhNe HORMHS b R H T, g FIEAR £ * g(n)ln T

LI

Fra)m) = [ Firgln - r)dr

—00

BHor:

(From =Y fr)gn—7)

T=—00
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MBI J7 S0 A AT B ARy Jext g BEIEAT e, A TE80 19T g
BB AR 2, WG “&7 Bdk. REEHE g MECTF 2 n, EIXAM
BRI BB L AR, SRR AN, XA R RGN R IR BARE R IX A

it
B T 2 R B T B

Z IR ER RN — RIBIME, W T B SR &7 . RIS REREE,
M gL g(-) XA IR [FRF,  “F7 AW ERAE R, RIS EREE Y R
N7, RATZA R Tt AT RIS ST . BRI B, SRR INBCRAT. X6
R R SR B AR G T

D B B RE T B 2], BAMERIEIME, 202 RIME. DIUES 2 N,
AR S5 R A DR 1 20 A AS 5 AW L ELAT 9%, tH BRI 25 AT Ik Z0 i A\ A5 - PR o2 46
ARFZ, HE T ERNIARARZCRK ER. ERGEHERT, SPUCHELER, K
FRAERE MR A, £ A R B BB R RS R R, X AT R AT A AL 2E

JrBA, R ReRME, BEE U R RET, TP R R B A ) TR
I

2) #AT “B7 CRIFD BHEESSREN AR, EFRE TAE AR R4
NZW. EESTTIsR, EfRE TEMNREE N B AT e T <7, fEEE 2
Y, EARRE TAEMAN LB G T R

N E T SR P R AR

AWMECT, TENEIH L, WEECT s E0mERN 4 IR 22 /02

_____ SRR BOR T
flal2l3lals|e| FOOERRBHIFBEE
’ 12> f(3)s - PABEHE

g(1/2|3|4|5|6 oERP_BBTF
E 2-48 HFaH~EE
ST, PR T SO R 4 B A =Rl dl: 1+3=4, 2+2=4, 3+1=4; K,
PR T BN Ry 4 MR () gR)+f(2)g() +f(3)g (1), BREEM T Rk &:

3
(f*9)(4) =D f(4—m)g(m)

m=1

5, PPN T 1 RN 4, 8 1 R XA A ARRAF TS R AE R B g B — T
SRJE A5 DX S RO RSO SR 2R, M TR BSR4 BB RUE, TR EPR:
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2|65 |4 2

B 2-49 S¥FA 4 WERREE

o0, GBI LU, R DA (R EATHE 5 SR BNy n IO, O f
g PR fxg(n), W N EIFTR:

s [X]2]3]4]5]6] n=2
¢ [8]5]¢[3]2[[T]—>
s [EEIETEETs]  n=3
¢ EE[<[E[EmH—
7 ([ETEIE]TS =4
¢ [6[5 [43[2[Th—

s [EEBETS]  n-s
m—

¢ [e[5][4]3]2]1

s [E2]3]4]5]

¢ [e][5]e]3]2]1]}

ne
I

/| FEEEEE -
¢ EEEEEE—

s GEBREEE]| »-s
EEEEREL—

s (E{EEE] -9 |
¢ [B]5[2]E]2] 1 }—

L]

B 2-50 R¥FA n WERREE
HI BB A 2, e g AW S, ORI REBORT IS K. X AME17rhoxt £ 40 g IZ) 3R
FAFER RO, ER R R B AR AR R DU, IR T R R B
R R A, AP I S O n = 7 [, R R,

2.8.2 B&ER

TR BN A% ORI G R, W DREERTE CNN Rt AL, 40 R EIFR, £
TEER A ERNERE S, ST EEECE PR SRR A BRI BRI 1
BIG L, K EER EER R KL 50 R BRI _ERIBUEAER, S8R5 K I A 3R e 1)
EARINAE NG BUZ PRGN B R BB KA, IF B sh 7e iy R il A
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1&1 1x0 ]kl 0 0
of1l1j1[0] [4
Oxl oxo ]&1 1 1
0|0|1(1]|0
0111110|0
— Convolved
Feature

& 2-51 EERREE

Bz B %2 E B B S AR TR A 1K, BlInstss MRS B . AR EE . A
JRRZ YRS XM RSB IR, —HERFIEFF IR, R IRE
WE S, AT RAT AU GG FE, A8 17 2OREEAT BRFAE A Fl Ve 2
Rl 2GR BRI P I E L 0T RZHEER, M LE A7, X
TIRRRIE AL o PRI T DAUE, B R A R R 25 W A B0 (1 KR 2% BB X 5 TR 9 1
BILIRN NI HR AU 1 A BL R A RIR T a8, 20 2 1 Hefemix—1f
FEEFEISE N2, T s SO R 8 AR

B 5E X
X, JATAT UM RAIEE X

MNTEG=(V, B) , VANTRKES, ENURES, MTEDTEA 0BG R
xi, ATCAHRERE XN*D £ . Hoft N R 58, D BB A RHE S, thm] DL Ry
AIE 1) B AR E o B v (R RSG5 R TE I 0 AN B g 408 Joe A B S22 ) s PRI T R H SRR
SHEPIRZARTH, R AR A& JE R .

®  FEIHRHEREE X

RIS AR A ATz Jr AR B R T AP OR BB Y m B AT 19 RO AN SRR o 8RR, X
TTIEPRAER Cyr i, 27 krEHaRaRERET) s, ErEER D,
SBEEHERE A FIREROERE L 3Bl SRR, BEAERE D R Lk A E, xRy
MR, HAROY 05 AREGERE A R EALERNPA Y 2808 1, HAathliy 0, Bl
WrdERE LN D-A. (HREFEGERAR, KR RE PRI — AR irE e, B CixAE X, 0
T RGN LRI W 3 i o
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Labeled graph Degree matrix Adjacency matrix Laplacian matrix
2 00 0 00 01 0 010 2 -1 0 0 -1 0
e 03 0000 1 01010 1 3 1 0 1 0
e e e 00 2 000 01 0100 0 -1 2 -1 0 0
.‘ 0003 00 001011 0 0 1 3 1 1
e 00 0030 1 10100 -1 -1 0 -1 3 0
e 000001 000100 0o 0 0 1 0 1

Bl 2-52 —MEIIEAERE, ABEERRI E R
o [EEAIEN:
AEAT — A B RZ # AT DLS e — AR 2 iR AL
H*L= £ (H!, A)

H = X NS — 2RI, X € RV, N OB AN, D RS9 lRpAL ) ) 4
B, A DNATHAERE, ARSI ) 22 57 s AE T BRI F IR SEBAN ] o

NI E ) URP AR S, H R —Fh S I 2 UK SR GERR 3 b A
ifﬂ*:
H* =4 (AH'W')

ot WOREE | RIRESHOERE, o ()VAAREMEBOE %, 10 ReLU. X P iE 2
T RIS H A AR R R A . ATEAERE A AL H ARSI AR AR R
R AR R Z RIS Z BN, RENHZ B WEKIEE . (AR A 1)
BOABET R B SR A ORI 2) AR A B EORTEAL, X AR EIRHE R AT fEF7
FE IR, BRI 1 5 2 (R U1 A SR oM 70 o RSB — M S B = B0 I ik
1 .

SEHL

H* = o (LH'W!)

PR A RE L =D-A, %44 Combinatorial Laplacian, &% S2iil— ) ia] f 1 fidt:
GINT FEFERE, MM 7 5A % 1 H 55 5SS B AR IS ) .

SEHL =
11
HY' = g(D2ADZH'WY)
1_ 1 1 1 1 1 .
%o T ax By M R AR LSY™ = D2AD 2 =D 2(D —A)D 2 =1, — D 2AD "z, ¥4

1 1
Symmetric normalized Laplacian, WA R EH XS NL = I, + D 2AD ™z, e — 51
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ZEA, AHAR R IR SERL— I AN AT et : 1D SIN B B R, i A A i
A 2) X ARIEFE R — A3 A, I AR R R P 3R LAY R BT SRR B 2
AR — At is j, R RooR i Mt G RRifiE) -

1 ifi = jand deg(v;) # 0

1

. ifi # j and v; is adjacent to v;

(A deg(v;) deg(v;)

0 otherwise.
Hrh deg(vi), deg(vj) 7 T i, j BIRE, g FEREFEAE T A0 0, j A0 .

AT R AR e X, T RTF A* X =B, RWERATA R X, B4R
RAGEXPNHT A, RIFRNTFHERT X= AT*A*X= A'B. 240, X%
AT RIS SR, AR R VBT R, IR 2 L ME B AR B A oRE
T, AP AR 10 285 — A 1 RaFEETE PSR, K
AMEEA—EE RCER A 0.1 7, WA G BT B AR Aa 5, R HE R I
T VAT R (AR5, A MO R BRR € A — A o (B A 20 IR LAY R0, § EEIIIT T
LR RE — AR I P ) SR L

bR PR R, ATRES AR RARH LR NSRS R A R B
B NIREADAN CRFR R, B30T, XT8N m R RRiE, X TR R
FEAEREMI) |, X TH 1 B mURHERTY, X TR A ] € N, N 2T R0 1
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FRAIT 9T 32 SR et T A e s 4 S B0 LR R R . BB T 22 9 45480 AutoEncoder
AT ELEHI 2 80 4E4KA BPNN AT MLP LU 24if Hinton 52X RBM. Ja R £ 1 2000 4 LA
JE R R A KR Hinton 7 RBM 7. M 2000 4ELAJ5, Bl #4128 X 2% A BRI DS,
AutoEncoder 145 FIPRE A, A BA LKL M AutoEncoder. B 25 2 AutoEncoder .
% AutoEncoder. 7843 AutoEncoder. et H53E & 2 45 A 0 Bt AR [0 Bt AutoEncoder .
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3-3 Auto—Encoder FWEEHRE

FisBi AutoEncoder 7F 2% =) AFEARZR IR [ IRHEE AT LL2E > B LR R I Ron 45 3, 1X
£ Overcomplete AutoEncoder (Hi/e R RIm4ELR) TRk i v EE ., RREAYAHE
WriHAR K241 Andrew Ng F1Z255F] /R I Yoshua Bengio #d5% . AR 7wt /e 76 J5UR 145 25 B
oo — AR B IE AT, e s i A AR SRS B

Denoising AutoEncoder {2 0 B AR 2 42 i1 Encoder (&1, A5 Ll 2 8 4 v RER
overfitting. —ANIMERER N FIIABENLE & (LLWnBENLE 0 —Luf N, B BENLIEE
HINAE A marked) , IXEEEARSRAE BERT SRt g ) 2 M H—NINEm RS S
TEMAR R AR, EEandE B A% & 30 E eEncoder (1 Jacobian % . Jacobian JE%A] LAk 5]
B RHIEFR R B Z

= 4 W93 Jurgen Schmidhuber #& H 1 3% T &AM 2 ) AutoEncoder PAJZJ5 K () LSTM
AutoEncoder. Max Welling J& -2 73 AR 42 H 48 7 AutoEncoder J77% VAE, X2 —/> B fE
B SRR . JE TR 2 W S £ XA LAE BT 797, A4S info-VAE. beta-VAE Al
factorVAE %5, flriffg A% lan Goodfellow %5 A2 H % fi A L AB 42 Y Adversarial
AutoEncoder, tEUT TAREFIIRHUR « IXFNZ T IIME S 25 AW AE % ] A — N Br T E
TP RELARL, it AT DAAE LT f %P 732 stacking K.
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Hopfield Network(1982)
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i e % (2014,9.10) !
i attention seq2seq GRU & seq2seq
i (2014.9.1) (2014,6.3) giove (2014)
o > count-based word
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. .3 . context2vec(2016)
g Pt A ) 1y a1 contextualized embedding
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ByteNet (2016)

a renner
[convolutio L deepmind
_ﬁ{i‘ deeplearnin g
C=="1

\ TT T
Conv Seq2seq (2017) Transformer - s
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(2017) -
Google AI ¥ =t
e ——
,,,,,,,,,,,,,,,, LR OpenAT GPT(2018)
[ — pretraining

ELMo(2018)
dynamic embedding

ResNet (2016)

BERT(2018)

& 3-4 fEIAFHLZMLE RNN BV E B R

1982 4F, ZEEINM I T %5 John Hopfield & B T — 802 5 ik 4 22 o %
Hopfield Network, ISR G IR . X2 5 RNN 46T . 86 45, J—fidlas
2] )Z&2F Michael 1. Jordan 5 . T Recurrent A, 42t Jordan Network. 1990 4, & [EA
SIRF SR Jeffrey L. Elman Xf Jordan Network #E4T 1 fiifk, 3% H] BP BLERATIIZ:, 4 T
U4 f 87 5L PR AL BN EZE T AU RNIND BB {HLBIsE RNINC BT BA 29 2K (Gradient
Vanishing) K EEHENE (Gradient Exploding) (118, IZRAE WxE, MRS ZMHR. H2
1997 4F, Hi-t N TR RERF LT (14 34T Jurgen Schmidhuber 42 Hi KA H1E 12 (LSTMD , LSTM
A FH 145 B0 B AZ ML R KRR T 511 RNN IR0 I R [RIFESE 1997 4F, Mike Schuster
F2H A RNN 28! (Bidirectional RNND o IX PR AL R0 1 A4 RNN 4544, #5817
RNN RS HIVE L, A 227 AR IR R FE B 1 JE Ao BEIE RNN EARFE — 285 31 R AT 5%
AR TR, ElE TR REEFER, RV ERA KRR,

2010 £, Tomas Mikolov %} Bengio %5 A2 Hi 1] feedforward Neural network language model
(NNLM)ZEAT 7 0k, $& 75T RNN KB SHE (RNNLMD , FRRHHTEE S IR AT
, KIEFETE T IR BIKS B o 78 L JE At | Tomas Mikolov T~ 2013 €E# HY 7K 4% 15115 1Y) word2vec..
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5 NNLM £ RNNLM AN[d], word2vec ] H R AN L% - s SR, i L ik T-anfer A
FHAE & R R 22 5] A B30 (35 XAk & (distributed representation) , 244& distributed
representation & i 5 ERKYE T Hinton 1986 -1 T/E . word2vec 5| & T IR % 2 1E H AR5
= ACFATIR IR, B ANEJE K T knowledge representation, network representation 245
1) BRI o

F—7J71H, 2014 4F Bengio F1B\5 Google JL-F-[FBT#2H T seq2seq 2244, ¥ RNN AT
MLASEH IR . k% A, Bengio P\ X HIE R 77 Attention HLill, X seq2seq 224 HE47 243t
H LR B AT E N B LA BN (NMT) BIIHAR, NMT A FEf o, T ELCR %
TSGR RCR . BT ER AL BE RS L TR T SNBSS BB B, B
b2 4k, Attention B2 T2 TR B 2 ) 1 & AT 45

AR, MDA AT — S Sk bR, 2017 4F, Facebook A T8 REsiih iR i&T
LRAPPZE 2% (1) seq2seq 444, # RNN B A 114 508 CNN, S22 1 TR B K
IR TR . SRR, Google #& i Transformer 4244, i F Self-Attention £ % R
A RNN Az CNN, Bt DR VAR R 0 B . AEI R 2 21 5T, Allen N BEREIT
Fit 2018 4F42 i 1R SCHE R R R 2 2] 757 ELMo,  FIFI XU LSTM 15 5 AU AN RITESE N
], 2 AEB RN, 1E 6 > NLP (155 FEUS T4, OpenAl FIBATE L3R 152
IR GPT, 8 LSTM # ey Transformer il ZRiE =107, 76 5 1 3 BAR(E 551,
5 2 R S R A ERE R T AR, GPT B 48 8 10iE 5 ARG — 28k
Softmax fEAMESf i E, AR5 FXBEAYBEAT oM, £ 2 0UES% E GPT BU45 1 BHAF AR .

ANAZJG, Google #H BERT M7, ¥ GPT H it i 1 5 AR L 30 Ji XL i i3 o5 A7t
(Masked Language Model) , FEETIIZEH 5] N T sentence prediction 1155 BERT #i%I7E
11 AMES B T BAFRIBUR, SRR RE S I E NLP 4 X — AN A2 0 T/E. BERT H
MTE arXiv bR R LSRIRAT T B8 A DAL AR KOG, BRGARAZ HT I T IR E % I 7E NLP
S B 2R B A B S IRIL T — KR T “BERT” ISR (pre-trained) f52%Y, 5]
A BERT HXUH) b FSCERAIT SCH A XLNet, W5 2508 BERT Y4577 20F B bR
RoOBERTa #l SpanBERT, it 254 24125 LA & AR 7518 (Knowledge Distillation) 54t BERT
f) MT-DNN %5, IXUEfff, &4 KPRy BERTology-

3.4 WERREISEMEZMLE GNN

IXANJFTHI OB 7 AT LAIE 3 %] Hinton 244F 1986 11 Distributed Representation, J& >k Stanford
f) Andrew Ng SZ56 % {5 > Neural Tensor Network, 75 Jifi 5t 52 10 1R 2 18] () ¢ 2 A1 &7 2 5
— 83 tensor HLE KA, HE—> smart ¥ JE . J5ok Facebook () Antonie Bordes $2 i 1
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M TR 2 A 5K, Neural Language Model J2& % T Hial FISCA () o, 26 ok ) &
BRI —AN BT R, HSEA T BRI — MBS ST, R X LR R 4 I 45 SR fil
>]. RNN based language model & F|f RNN 178~ 2, BAFRRE 118 5 AL 1 ES:
Yo XA BRI TE I R H AT KRR, — & BRI B kiR, —RiXel
HFHGE LS . 2013 4E Tomas Mikolov A1 Jeff Dean 25 A fi word2vec, AJLAE 5T “K
BF. R AR o IREESSITFAR R BT A AL KAER . BLE word2vec D&%
Fadgt 1 %251 7. JREY EHIRZ, 40 pharagraph2vec. doc2vec, context2vec. PLZE
TR A B, “2vec” F 1 AT FIITT . BT fE 2 ELMo. OpenAl 1) GPT
A4 3 BERT.
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FRF A — BRSO TR BN 5 b, /£ NLP %35 Structured Embedding.
TransE S B 2 215 S H RS RER, MmN HEE EmE2MHirgE R, Bryan
(Ji Stony Brook K221, IUFEZ: T A #&HH DeepWalk, X/ F-4t2 word2vec FH1Hd
T %, NMAHT MG, XRICERG 7 UE KDD K EIRSCHE R KDD 1
T8, RPXATAEN 5] 7 K&, Jian Tang JEIE K. 8, BI#EZ T Bengio ARil)
N T IR R, B4R Jure Leskovec fif 1 THI I 4L AT £ (1) “ =i~ 97 F& node2vec,
JERIBEWMET T — AN EIRUEY], UE XSO TV AR S B A AN RS, R T
FEH T —A NetMF [R505 DR HAE F T B R 245 ) S B NetSMF. ProNE & 53—/l ¢
PR, H 2R fUR S RO S B o 27V AR R B, AN B AR ORI R ) ESINT
N RAGTUE XA RGN RIE, KRS & TR

BT IR 28 R 7~ 2 2] B 22 1102 FH B AR 28 LB L, K5 Al 22 Graph Neural Network,
B Siena K22 Marco 5 AfE 2005 A1 2009 F3& H Y, (HA4RHE SR AKE, &k
Yann Lecun #& ¥ Graph Convolutional Networks, &4 Kipf & Welling 5 A #2H /) semi-
supervised [¥] GCN. 1X— RFI 7 Ao I /& Neural Message Passing, 7E 5 5 2 K &%
. WrHAER Jure 142 T GraphSage, FIH NMP fijfk 76, &5 7IEE, FHHCH
inductive learning, F$/5>K Yoshua fifiTHIFA X 42 T Graph Attention Network, i — 24 &
TEGRREE . s MRoRJAER P, AT S5 #RRER 3 =_KE 2k Hinton. Yoshua Al
Yann 55T FEARSKAE T B 29k SE MIT FT I

3.5 HngEET]

Deep Mind 7&—Z S [l N LR R A R], X IG5R 2 2] 2 i K — AW . G527 2010
., 2014 54 Google iy, IR e LB & T8 50, BERONHTIN R, 13 BfEcs
ARATE PR GAL ISR AT, 19 BT IR% > HIBL, T2 B R W . DeepMind T+ 2014 4F
FFUETF R AlphaGO. KEF AlphaGO 4l . 2015 4 10 H, AlphaGO 5:1 HEEE; 2016 4F
3 A, AlphaGo4:1 2t Ay, 2017 %£5 H, AlphaGO 3: 0 #3%; 2017 £ 10 H 19 H, AlphaGo
Zero KFAE Nature, JLRUHEMNEITIR, HIXZE, 40 KBS rA A, 2018 4 12 H 7
H, AlphaZero 5% /x 3T Science, AlphaZero 1 5 AlphaGo Zero ZAUH B — M 5%,
FEABOR 2 R RTIR T, IR S N AR i 2K 5 [F PR 4 AR | . 2018 4F 12 H, Deep
Mind A ]#EH AlphaFold, =] DA HE 3L PR 7 41 it 25 1 i 4544 . 2019 4 1 H 25 H, Deep
Mind A ®]4fEH ¥ AlphaStar, 75 (E¥#E5E 1) LL10: 1A IR . 5—&EEE
M LR, TTRESREE 402 Open Al AF], XA Hinton [&4E Ilya Sutskever (AlexNet % B
AN BISEHIA ] . 2019 4 4 H, Open Al #iH five dota2, 2-0 /it Dota2 ) TI8 7& % % b\
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FEWEFL 7% L Deep Q-Network (DQN) R FHE 2650 Q (HHEAT B fth, FEAIH T
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it 7 NFKF. Double DQN VR %~ ST i A 1] double Q-learning, ‘&8s /s A& tbuh
RN T DQN i max BE1E K bias. F 5 3K, Dueling DQN #4 Q-network 43 B T action-
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greedy [t 2 Fe KA EE 9, Categorical DQN A8 2 B A Value 204 iE47
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3-6 IBRFIINEEHRR

Deterministic policy gradients (DPG) ¥ policy gradients 75 HF BEALIY policy A E
£ policy. Deep DPG f#i [ T 114 M 2% K x4k state, &£454 T DQN #1 DPG K actor critic
5. A3C ZZ 4L policy gradient J7i%, AJLAFFAT multiple agent FIIZ%, JFmP H 2
Ho A2C 7& A3C IIIRIE L HiETE policy AR, [RIZD IR L EEHT, T LALEFFRAT I 25 B DRl
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DBM(2009)

DCG;AN(ZOIS)

|-

GAN(2014) / xxcm( 17)
.

S o oo EUELE B AT o
= m@ﬂ m[]:]m EnTnL B> P .
o e ImprovedGAN(2016) !

_____ 1T ANM - PACGAN(2016)

TS \ : mmmnn WGAN(2017)
M I Z22aa =

3-7 HERII BN ERLR

GAN Hilf JUER JEIEH PR, X thJ2 Yoshua Bengio 375 R R &M TTlk e —. E5HI4
JRAE A FE BT A MR 23 A0 P(X,Y)o B EBUR2Z 201 (RBM) IXAMERLH St — AN TR
BRI, 1986 4FfNHEEA , Hinton 76 2006 4F FI i B8 55 HSRAE N —ANE R, I
H¥HHEB A Deep Belief Network, {5 1% JZ 52 25843 wake-sleep 17715125

AutoEncoder 12 A4 80 4248 Hinton whfE H B, Bt i T 1T S RE itk bt
EHE LIRS . Bengio £ A X3 H! T Denoise AutoEncoder. Max welling £ A i F 148 4 2%
WM — ZRARRKERIGA, bR 720 HEl, I Hi 5 KA3ER AutoEncoder £ A1
&, BEFRN Variational AutoEncoder. ML AT LS K AR & (1 70 A1 Kk, 2l ST
decoder % B #: A BUFE AR o

FEAE R TT T, il — N S B SR AR X B AR B 2% (GAND AT DAY= LA B
KA RS . 2014 4E lan Goodfellow 7E NIPS &% T & #Jf) GAN &, FIIAECKLH
EITFI e A ARG R ANR B AN ? — AN R B X AR B AR5 IUHE,
KE AR T 8 RSO SELr. BHEP X —HE, 25T GAN fJ—245
WE, FHXLZEEE GAN IR — B &, X B GIR [ TZ k. ATREH,
GAN IR BH N lan Goodfellow 52 /D1 E R LG . A ARHESIHAE, Al-L7E Andrew Ng T
T, RS EERR Yoshua Bengio T 1. fth 53 4MEAA —~F )l Aaron Courville. K
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FIAEEH R MEEHS (Deep Learning) , fE#E 5t/ lan Goodfellow Flth A8+ S M. 4
& 85 N, K GAN fE 2014 fFif 2 —4F 4 30. GAN XA LAEH4T Goodfellow 7ok 1R
Z 5%k, Hdn 17 SERi# MIT under 35 3%+ 1. Goodfellow #4525 T Google Brain,
J5 Rk k3 Open Al, X B[Rl Google, AL FAGCRF I H HLas 2= S Wi H st N, Sbr b
BIfEM B A 34 . B4F, GAN & lan Goodfellow 78 525 FI/R I I TAE . KR RIE A4
BIR AL, TR 2] = E 3k, H i) Bengio, 1EEIREE M AP, EH =TTk
—H/Z GAN. HAMIANTTER 730l 90 AFEAXHIFE HUME A AR AR 00 4EARHITE S8 . GAN AT
DAt Bengio MARERIMEZ — T, HERFTLASH I EEIR K.

FINER JINH 4K GAN ¥ &, fHE: cycleGAN 1 vid2vid. 24 NIPS /b 7R
=Y, JIEAE vid2vid FLE 5 FIEL, 0T NS demo, R SIRIE.

3.7 ZIRH

ZIRNA RN I — DN EES 3, MIREY IR ERZBUDMEER . BN -
RN TETNLE . EVERE M), Rt AEE B —HEHRN S IOLEE . Z RIS ALX AN H
PR, PRI A YR FE AN & — MR EE 2% 5K Thompson 7E 1933 fEHEH AL Aih 245 584556
TEHT 25 (M 25 1 BE AL XU L6 LR Ik 11 b J7 , %o T4 43 1) 245 28038 22 A 80 24a P B8 — 20073 A 5
Ao ABAEHIIE BEAS TE SEI0 PR SIS UEZS W2 28, AT e e 508 N SR v, B A B2
T AFPHIY SRR, B2, SERMEALE R AR Z M, i@ R A i . BT E E
e, 35H FDA XTERR FHEAXE 26 58 R bl 5 & MR B 2 B2 R HLTE, 53R R
FERVUEH . SIIET S, Z SRR SE PR @ R R AHER TN IR 2 .

a B g

r— design(1933) H UCB1(2002) 7 —

( J i = 5
= = = 2logt Generalized linear b-nu;(.zow)\\
= Ei ar € argmax ey + 1/ -

j YT E[Ri Ar] = p(m'y,6.)

| =
Ve ;

[Read Bandit X3 Lan;Vegas =a ENENEN  epsilon-greedy(1998)

P .

:L
$ Ty
| <
R <

MAB: Animal
Experimgnt (1955)

i)

\
\
\
A\
ompson sampling for linear )
banditjtheory(2013) /

e
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Epsilon-greedy &M il — sl sl 22221 AR . IXFPAEVEIR BAR, R FWATER
AN credit Z45HE, BIERKAE sutton &4 R . ARRsmASE S T THIREE, 5 AR A B4
Reinforcement Learning 5| FH iy, HL#HE 7 XN EE. Peter Auer XA TAEAMU 4T T
UCB EiEHIHI IR, WEN5ME 47 T Epsilon-greedy FFE SR . X5 02 FHBIHROAR, &
IR Z EE BRI, RER—F. KBS CENSI HERER THTZ.
Frederick Mosteller S 4t REEHE N, 20 LG TH2= BRI N AT SE 52 AL
BRY, FEORARGS H B e NSRS, AR R —MEZE k. P LA Ik 1
—ANE RAREAER S . MR, AT ST A D R R R HLIKSEER . Li Lihong J2iB 4
02 I K - HBAE Yahoo! news ) LInUCB [ TAEKERIE WWW I, IXFRHSCFEIRA T
KEFRVE, 5IHET. )5k XEIH Sk Thompson sampling iX MR IHI 57, T —2% &
GEPE RS2y, M SZEGEE BLR A4 B2 B Thompson sampling 2 AR 4T« iX 55 S0 & & 7E NIPS2011
by IR T KEIGE. JE RIS B EREE, i Thompson sampling 7 £k PEA5 A
R EIR IR ST R T . Eh i Russo 3X 4 SCE A LU 2, A Thompson 1933 4:A Thompson
sampling, | 2010 4F J5iX M J7 i HAG SRl A E LR, XA TA) S FE AR R . 244%,
NENERG LN ERIE LRI L, B BL 2011 4F 5 52 32 SRR LA, BRRASL 1. XN
GORIAIZE W 265 (R B0 G ST B A ], B 2RV 25 5 SUHEAl, b St W 78 2 e LIS 2L 1
LRI, EZRHNHERT . R EGER AMEER . S St LR
[, IEAFER R ARZUR), BN Russos

3.8 BE#HEZRLE

Be — PR g, e AR 5D RHKR () #HT@s. ek, mTHE
SERI BRIy, FINLER 22 2 J70 0 B I RO e kB 2 B4 PR 2% (GNND 2
—REE TR A ST AR B B AE B T5. iT R VR RE AT TR, GNN Bl CA
N T2 N R I 3 07 1

GNN I8 — MBI T B2 M4 (CNND . CNN [ 32 B R T HL g2 =) 45U,
(ISR TR ST AR, SR1 CNN HBEEMIY Euclidean % Eiz4T, Wk
% 2 4% FISCA (L 4EFF31D) o Qs CNN R T R4k ix — AR L B s 25 1A, oA
GNN A5 B A il e 1) ]

GNN {15 —shbLk A Bl (GraphEmbedding) , ‘&2 B S, e EHMK
Yk ) B 7% [A] R 7~ » DeepWalks LINE . SDNE %5 77 VETE W 48 7 27 > SIS 1 1R R B eIy o
SR, IXEETVEAE T ERBONE 4O BAE KU BB EFFAR ALK, GNN B7EfMR X

S i) il
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SCEBMEERR T X RE T RSB MY (GCN) [f7ils. Bruna %5 AT 2013 442 H
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I = o 5

Battaglia 55 A &1 258 52 17 G R Bt mh = ST IR R B, SRR S8 — IOMEZE T [l Bt 1 0
oy RPN, SR, ABATTEEAR ARSI B, RE T RERI AL R SR I LA -
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TR T IR BE 2 2T BRI, A 2 1 o B A Rl X 2% AT I 22 PR 4 FRIRIE T . 22, B Y
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IR 2% o TR PE S 3] I IIAE TR FER A 580 . BIInfE B 73, 7 ResNet HA
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KB, RONE AR EESIAR SRS sl Ros Sl t, predetie b, @i Rk
B, A SRR R A

HOEREREI A . AL U R A — NI, A ST A T NEA . RERM T
KNG, B AT £ i AR MRS B R A A IR R

A RYE . RIR I BRI I 4 I AR Sty R B IR b R R S — ]
BRI Z ER, 7 RS SR EIE AT S REEURE, SBUR EREZRRARE
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7% BARA LT i R I PR R AN T IR SR TH R R, (HeA MY e 21K 7Y
SEBPN 2 A

ENASTERN SR B . K2 B A 1 B 22 X 28 HR AL B AS (R BRI o — 5T, B PRI SR pey i
[ 5 (o 35, AR BT ORI oK B R AR 2RI, X MBRBCAEAR 2 15 0L T A2
ABLSEH o AEALAZRIZE , —ANET NATRESS RIS DN, T 2 B AEAE A AR AT RESR Y 24152
Mgk, RS, AR R ARPSER, s E A e ge AR, YRR SOR,
WFRER. Bk, NI RHTT IR A B SR i 454183l

39 REFILHEEHRR

RV, IR B TR N TR BRI AR . TRIE S S SR e T iafE BT Ok
i, &b, N5t FE, RN A 3 S MR FFSUR N e P Bl ETIA
MBI — EAER IR M. ANTIRA SR L2 S i — S S

3.9.1 2018 E=KiHE

® BERT FiAl

BERT f#)4:#5 & Bidirectional Encoder Representation from Transformers, & 3% 1% F XUt
Transformer FITRIIZREEAL, BeFH FTA 2 1) BT SOESE VI SRR FE MR RAE . H Google £ 2018
A BERT #£ 11 T nlp A£55 7 (1) RIS, BERT sy NLP U8 KRR, 5T
BERT AN HIES I 2.9 TN %

® {UMEIMAT A (Video-to-Video Synthesis)

FRATTI H S R Y 5 S0 G AL SRR AR AT R B e B AR NSRRI,
BEJITER AR &, BB AU 0Ia e st U Bk IEAFH A 28 —AMREF 1Y
[ Bt 2 75 AT DS A QiR B 2 SRR B B A X S FA 8 . NVIDIA IR TN AU 13X
AR AT E AR R TESRALSTUR S H AT (] 3R BEUR ThER, KETRRE NN 2. 1R
FCRRAE R o3 A ULTC 1] 8, G H AR 2 A 8 ) G I 1 2% 143 A AT R e S BRall Ay 2 A4 43
fio ASEIIX—BAR, MATEN T — AT AR PING (GAN) KBRS, 7E GAN HEZEPY
(DB AR, AR AR I P A B S A OB, A6 454 01 38 T IX 3 B S A AR
AT ST — N E ST B bR, BEESSILETRTIE T SR, R &R Video to Video Synthesis
A U T R
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TN T- 72 LRIR, el /&K H Cityscapes Kl 5 U BTIE S S 7y BUET . 1R
AT SE R (T SRAIELHATILE: pix2pixHD (£ L) A1 COVST (£ F) o XFhjy
L E AT DU T HAT AR AR . R T LL22AA NVIDIA R vid2vid S (T
PyTorch) $TERY,

® ™% (Graph Network)

DeepMind A 283k KM - MIT S50 27 (7 /E 3% & R B k5 18 3C“ Relational inductive biases,
deep learning, and graph networks ”, #&t “EMZ%” (Graph network) , ¥ 2l ¥ 2 2] 5 1H
INHEPRA S &, A AR IR L 7 S TOVE AT R R HE PR )R A F AV G e N TR BE
LIS NARBARE J1 00 BAT 55, MG R AT SR SEILIX — H AR R o8, SEixA~H
P B2 A A B R Bl ATH B . 118 D008 T B 28 i SCRE - RHEREAIZH 52 4K,
JUSESIIRIA S T AR A 0 R 3 ) PR 2 B A

PEHTE H SRR AT (3 A CIX AN, B SR IFIX AR B — 5 75 2Ll i neural
network SR, AT U FH 5 fK) 5. graph network ) 32 B i+ 588 50 % GN block, GN block
J&— N N 8 graph (1) graph-to-graph module. 7E graph 1, BT 363 entity Bl %
ZNETT S (node) , 1T relation # % 7~ &iZ Cedge) , 4521 I4FHEH global attribute %75 .

H1F GN AT RIS (B SR AL, ARt R e A AR LG AR 4L
KL GN fAT AT RE = AN 2 ke, Z2AF 5o b, AR AL, RZR GN AT fi#
BVt AR R — DR 7 )5,
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Box 3: Our definition of “graph”
Attributes

Here we use “graph” to mean a directed, attributed multi-graph with a global attribute. In our
terminology, a node is denoted as v;, an edge as ey, and the global attributes as u. We also use
sk and 7 to indicate the indices of the sender and receiver nodes (see below), respectively, for

edge k. To be more precise, we define these terms as:

Directed : one-way edges, from a “sender” node to a “receiver” node.

Attribute : properties that can be encoded as a vector, set, or even another graph.
Attributed : edges and vertices have attributes associated with them.

Global attribute : a graph-level attribute.

Multi-graph : there can be more than one edge between vertices, including self-edges.

Figure 2 shows a variety of different types of graphs corresponding to real data that we may be

interested in modeling, including physical systems, molecules, images, and text.

3-10 EMLgi=sy

3.9.2 2019 = KiHR

® XLNet fE%

XLNet & CMU 588 mde H 43 NLP #4%, 78 20 MEL Bt 7 BERT [
W, JEAE 18 MTESS FEUS T 4RI ERCR, AFENLE 2. HRE SHER . 15RO A
ReHEF . 9T XLNet 2 H 5 BERT % RHVENHIHES I 2.9 TN A

® MoCo

AT BAE L T/E “Momentum Contrast for Unsupervised Visual Representation Learning”
e VU AIEXTEEE (MoCo) HITTE M E RIS Rm 2 2] o M N BB R AR L 22 ST HY
EERE, MEEME T — AN AR B 7 2 2 5 25 1 Zh A 7 i IXREAITRT LSRR
R H BRI i, T ERT EEPE R E B 5221 . MoCo £ ImageNet 732 (138 I 21 il
R TSGR AR . HEEME, MoCo % 2 BRI L 2] TS . MoCo AJ LA
it #E PASCAL VOC, COCO AIH ot S 1t A7 M i I RS S5AE 55 T ARG/ 440 A
%5, AR KK E. RERAEFZ IS, TolE A B RRAE S 51 2 18] 1578
E R BR

ZEXTEEE (MoCo) 3 I A5 iR LAt s 2 i 2 ) 5 4 L i~ Mt D C SR VI ZR ML 0 s
Gy, TULBE{KO, k1, k2, -} —4EERFEARRIN E X1, I E N — B,
FOARHERA T 21T A RRARAEACEE, T 5 7 R AR U AL B HERA o i HHBA, 45 H 5 R Rt == it
o RN AR AT R S AR Y, BB g 65 ARt AT S B RSN, BT e ST
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AR BT — B 7 o X2 — A IC B HARBR AL, FIOR I ZRaRAE 2 v AN B 1 23 55 25 DA
%,

contrastive loss

similarity
q ko ki ko ...
queue
momentum
CLEE encoder
key key ke
query Y Y y
T .‘I?O Iy Iy ..

3-11 MoCo i)IIZ:4RA%ES

Xf BG5S — MR R 0 PR 0 i 4R IE S N BRI B ORI I K T R . T U B, AR
R S R BEHLRAE Y, I L PGS a5 A2 ) 2R R h 2 A AL o AR 3 iR g
KRBT ] DA 2] RAFIThRE, s KRS EREA, i S gl i g s 8 A ikt A
IRAAREE — B AT, TG B = A FS ORI AN A o S 3 m 5%, il R
e £ B S T SR v R B ) SR ALE BE AT 3 1) 9 BE BT . Meemory bank 53, B8 R AE S MAFfif 22
A EUR . T MoCo J7 i Ui i I T2 BB (g i) s X R AT B id,  JF4E e A RA
.

contrastive loss contrastive loss contrastive loss
qk q-k q-k
q k q k q k
encoder q encoder k encoder sampling encoder LTS
encoder
memory
. bank .
x4 " x4 9 "
(a) end-to-end (b) memory bank (c) MoCo

3-12 =SSR MBI AL EL 4R

DR R R RV € T sty e N Il = o S /18 ' NS RPN D B/
U o FEAXS AR BUESHEATRORZ 5, MoCo W] LMRAFHIIERE 2 MRS, RIMEEMT
A7 B )| R T 6
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® DL System 2

Yoshua Bengio 7 NeulPS 2019 |- {4} #“ FROM SYSTEM 1 DEEP LEARNING TO SYSTEM
2 DEEP LEARNING” ¥ TIREE 2= RERITTIA, Sl T 2 R9E, R BERER
o HBAT T IR A

Bengio F G H & T AT RECATE “Wr. Ui, B SRR e Atk 215 2l A\ 2K
i, (BAERRZAMMANR . 1B A HEE DL K U 7% R AN AU AL TR B TA I REHE AN
IWHLG S RS R R, FHEEEE RIS R SRR, @R R, HER
(R LR, SRR il B DA R BT RE KB R B . Bengio /41 T AN EN R AL &
NF RS GBI KSR - System 1 (TR D LHERAL, FEMA
TP, TERL AEE S AR, a2 AN B — AN 1] R, AT e BB 1~
PR 28, X508 T System 1 [7ERE . Bengio AN H RIVARE 2 ) =Bl 4 System 1 ()
H1h: System 2 (¥R 2) REESNTRG, RAFRK. WZH. AR AR AL
BEREMRS. AR System 2 A0FE ) BRI, TR ZISCERAROCKURE . 1T858 5
BT ANHERE, AR . BT K2 5N TR it RGUERIE A RESLBIL System 2, Bengio
P HIX IE A AR RIR P 5 ) T B B IR . 2494 Bengio IR F 2 B RE M4 A R ILHL AL DA
e TSR A P88 5 225 R IR I R, b B e (R A R A e 2R

Xof - BnAa] TR BE 2 31 SR S System 2 W, Bengio 23N Tt SBALKUL, BoemE ik
FRECHE ) A v BARAL o 0T System 2 SR, FEAC ISR AL - VR AR R TE R T (Attention)
HSIIETEIR L 5 SR AR O REMSEIART, i GAT (BEEINED &, =
PIXAR I 2 UM . 2B N ROR ORI 2 8 LEIEREIL St . Bengio 2 3I=iHER
A A PR R PSSR ST, ot — AN, SRE T R OC R . R BRI AE 2807 T
ATLAE LG TS 2] (Meta-learning) , RIERE IE{ER# (Localized change hypothesis) , A5 &3

(Causal discovery) o #xJim & 4LH4 77 T A] DA L8 nAr) 27 2] AN [R) 0 R HAE

X F AL FEE A, AR GHLER S SRR I ND, a2 [/ o A s, (H PRI
WRARAR 2 B 50 T FAT BB 1 B A3 A1 2 tH I B /D (R Bt , gt /e FRAT T AL 1 17
{5 55 35 56 E B £ 1192 OOD (Out of distribution) , tH5f J& 78 1| 2k vh 3 B 4 BB 23 A
BIRIX T A TEN LA 7 I BRI RO . TR N Z B BRI R B 8, F 2
% JEIRLE JE S B A S A AR I R 3R, LR [R) 90 A (1 T 4L 5 A S5 T3 VA an T e BIAE K 1D AN
OOD HiATIZAL . FHRMEGIIFT S Al REGE, ETH) Al B 23035 2 BAZ AR I B3R 2]
CVAR

VE R INU R Il J LSRR I 5 ST R e i) — AN B EEROR, Sl VAR R 2 R G BLI A K
BN, ERIHUIAT DB SERBLURORIEE 8, EANRKINPA B i FREE AT
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M ERER . MNEIH R, B —MEEZRIIHLE, Global Workspace Theory /& Xt
1988 4 Baars 5 A& I—/MAZISHE EIS, FHZO AR 2 BRI B AE S MO RHA A IS
R4 R1EAE, 45 Attention (JER /1) | Evaluation GGEA7) , Memory (GidiZ) , and Verbal
report G277 o MR RAG Sih%, 5K Dehaene 5 A$2H >K—> Global workspace
architecture [ SZELE7Y . Global workspace theory ARG I/ 4A 1) System 2 R AL, BRtb2 4,
HoARAN = R A e A Z0 FE 1A B HE Multiple drafts theory, iXs% Daniel Dennett 7£ 1991 £E#%
HH R — AN EEAR o HLAS 22 ) AR AR R A 25 55 (1) O B R T ZE AL 48 2 20 v SE I A IR B B iR
R B AR BINLEs 22 ) o Ll n] DS T 2 R eI — 2ok, AR5 FpLas
FIRTNERBAE X AR B . BRMANRI AR E ZIR], SRR R U RIES, X
AN HIHANAR RSt System 1 F1 System 2 G HLIIL Ak, k2 BB RE R iR R Al
FRE IR RS SR

Bengio 2% AT ER/E RS . BARSCHLT UME IR R A 18, Rl 1 AN R —
ASHRER, T DA BB R g8 —HE S, TR B PR G Ak o2 T AR A 1 B AN T ] IR AR 4 — i
Ko Mg BT BLRIOR A S AR B 2 [ ARG R, MG B2 (A AR R AR (R H
IEMRRRSR, MARGARLES - ME, KRN AFERHENEED .

JeiES] CEAEEIRIRERLD R RTRESEINLAR A > 3] OOD AR PRIEERE 1) — A Iridke
Y] 00D, FLIHJFRERATIT NMALAL, B Ui M AT R TR T o5 ST AR
T ARk 00D, —AMil7 2 ilid el #% 22 S B R 2 [ PR R R &R, X HLHE
A AT 22 3 R T TR B I R R o B Jm R o 22 SIREA I T RESR AT, SRBLE BIbL4S
2], (HIZHERAER R R AR

S PTE IR AR X — U BT —EWHFL. M 2018 fETTAG, 2E7E CNCC K&
IR ERE T £, RS AR B (4 . AR AN B R B IA EE AT
FBE—H2fE i Cognitive Graph, J#H%7E44F 8 H 2 Mila A Bengio A N #4717 iX — [ @i 1)
R1F . Cognitive Graph 4 o7 JEAR 5t A& FH AR FE 27 ) [F]Is) S AN R System 1 A1 System
2,

NEER T BATHE 5T X0CE 18 A #E R AE RFHELL . System 1 ATRHA T
BERT >RSZH, 18I ik nl LA B SRR, (R Rl b ] USSR Y Je
System 2 FRATNIKFH EAZ2 N 4, XAl System 1 37 /@ KI{5 B AL #:45 System 2, {§15
System 2 F] LAJE T2 J5 T IS B SR o« X /N7 VETEHERE 5 A A BT Rk, AHTE 22 Bk ) 2 [m]
AT S FRUS TR, 5 EEAEHERL )T T AT el v] DMBR 2 A MUY R . MRSk
FRAE ACL 2019 971,
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ICML F1 NeurlPS /#1482 21 453 ) 5 AN T2 2 AR 28
® ICML

ICML, 4:F% International Conference on Machine Learning, #2& i [ PR/l 28 2% > 222> (IMLS)
TN ) EBR TR 2, HEBRYLE 72122 (IMLS) 75, #FE—Jm, %73
M HAE . B ICML #H 2B ER B 2t AR . BHEA R RS, HHE AR ™
B, RARKIRE EARIE T ICML PRI RSO R . V2RI R BIE ICML KRR STH
&, JUPaE R ME TR R KA # AR ICML KRR
® NeurlPS

NeurlPS, 4:#x Conference and Workshop on Neural Information Processing Systems, &4
AR EM AR E PRI 2, NIPS FE42 F 70 FI NeurlPS 213 E42 H (1)
BT 58 A4 M R DR A () ) 8% 70 248 P T SR BUE Oy B R AE M 4 R TR
Z X FAL i) NeurlPS ffr 1 2R FHLA 21, N LR AEM G0 SC. 7E 2018 4
11 417 H, MAEEABRAGHE GAHmEFSIE K S W E T5 1 7 BE4ing 15 A NIPS B 2
A NeurIPS.

FATIEEL 7 ICML 5 NeurlPS IT 10 FRHAER I, Wk 4-1. K 4-2 Frailss:

< 4-1 ICML i 10 £E best paper

ICML (International Conference on Machine Learning)

F W (=3
Challenging Common Assumptions in the Francesco Locatello, Stefan Bauer, Mario Lucic,
Unsupervised Learning of Disentangled Gunnar R&sch, Sylvain Gelly, Bernhard Schdkopf,
2019 | Representations Olivier Bachem

Rates of Convergence for Sparse Variational David R. Burt, Carl E. Rasmussen, Mark van der
Gaussian Process Regression Wilk

Lydia T. Liu, University of California Berkeley; et

Delayed Impact of Fair Machine Learning al

2018 Obfuscated Gradients Give a False Sense of

Security: Circumventing Defenses to
Adversarial Examples

Anish Athalye, Massachusetts Institute of
Technology; et al.

2017 | Understanding Black-box Predictions via

Influence Eunctions Pang Wei Koh & Percy Liang, Stanford University

Ensuring Rapid Mixing and Low Bias for

Asynchronous Gibbs Sampling Christopher De Sa, Stanford University; et al.

2016 | pixel Recurrent Neural Networks Aaron Van den Oord, Google; et al.

Dueling Network Architectures for Deep

Reinforcement Learning Ziyu Wang, Google; et al.

2015 | A Nearly-Linear Time Framework for Graph- | Chinmay Hegde, Massachusetts Institute of
Structured Sparsity Technology; et al.
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ICML (International Conference on Machine Learning)

Optimal and Adaptive Algorithms for Online
Boosting

Alina Beygelzimer, Yahoo! Research; et al.

2014 |Understanding the Limiting Factors of Topic : . Lo
Modeling via Posterior Contraction Analysis Jian Tang, Peking University; et al.
Vanishing Component Analysis Roi Livni, The Hebrew University of Jerusalum; et
2013 O al.
Ezitc?iir:Igg{%?ggt?:)-r?ased Submodular Rishabh lyer, University of Washington; et al.
2012 (B;?ngéz? ':Pir;rs]tgrrlggosr?:;plmg via Stochastic Sungjin Ahn, University of California Irvine; et al.
2011 Eglrjr;ﬁg';?:%ng:oi?gﬁ]nallzatlon: The Inverse | evin Waugh, Carnegie Mellon University; et al.
2010 alcljtéirltSSpace Embeddings of Hidden Markov Le Song, Carnegie Mellon University; et al.
2009 | Structure preserving embedding Blake Shaw, Tony Jebara, Columbia University
Z&= 4-2 Neur IPS iff 10 £4F best paper
NeurlPS (Neural Information Processing Systems)
Ty WA =2
Non-delusional Q-learning and Value-iteration Tyler Lu, Dale Schuurmans, Craig Boutilier
Optimal Algorithms for Non-Smooth Distributed | Kevin Scaman, Francis Bach, Sebastien Bubeck,
Optimization in Networks Laurent Massouli€ Yin Tat Lee
2018 | Nearly Tight Sample Complexity Bounds for - . \
Learning Mixtures of Gaussians via Sample Has_san ASh“a.m’ phai Ben Dawdz ick Haryey,
Compression Schemes Christopher Liaw, Abbas Mehrabian, Yaniv Plan
i . . X Tian Qi Chen, Yulia Rubanova, Jesse
Neural Ordinary Differential Equations Bettencourt, David Duvenaud
Is:gc?r?;[i’c\)lr?%zdmsels]bgame Solving for Imperfect- Noam Brown, Tuomas Sandholm
2017 \ég;;a::r:i(iz?ased Regularization with Convex Hongseok Namkoong, John Duchi
A Linear-Time Kernel Goodness-of-Fit Test Wittawat Jitkrittum, Wenkai Xu, Zoltan Szabo,
Kenji Fukumizu, Arthur Gretton
Value lteration Networks Aviv Tamar, Yi Wu, Garrett Thomas, Sergey
Levine, Pieter Abbeel
Jo16 m?;z:;(ucr:ﬁmpletlon has No Spurious Local Rong Ge, Jason Lee, Tengyu Ma
Adam Roberts, Jesse Engel, Curtis Hawthorne,
Interactive musical improvisation with Magenta | lan Simon, Elliot Waite, Sageev Oore, Natasha
Jaques, Cinjon Resnick, Douglas Eck
gg?(f_?:};}ﬁg%‘jghbu“on Estimation: Why is Alon Orlitsky, Ananda Theertha Suresh
2015 - - -
Fast Convergence of Regularized Learning in Vasilis Syrgkanis, Alekh Agarwal, Haipeng
Games Luo, Robert Schapire
Asymmetric LSH (ALSH) for sublinear time - . .
2014 Maximum Inner Product Search (MIPS) Anshumali Shrivastava, Ping Li

A* Sampling

Chris J. Maddison, Daniel Tarlow, Tom Minka

A Memory Frontier for Complex Synapses

Subhaneil Lahiri, Surya Ganguli
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NeurlPS (Neural Information Processing Systems)

2013

Submodular Optimization with Submodular Cover
and Submodular Knapsack Constraints

Rishabh lyer, Jeff Bilmes

Scalable Influence Estimation in Continuous-
Time Diffusion Networks

Nan Du, Le Song, Manuel Gomez-Rodriguez,
Hongyuan Zha

2012

No voodoo here! Learning discrete graphical
models via inverse covariance estimation

Po-Ling Loh, Martin Wainwright

Discriminative Learning of Sum-Product
Networks

Robert Gens, Pedro Domingos

2011

Efficient Inference in Fully Connected CRFs with
Gaussian Edge Potentials

Philipp Kr&enbihl, Vladlen Koltun

Priors Over Recurrent Continuous Time Processes

Ardavan Saeedi, Alexandre Bouchard-C&e

Fast and Accurate K-means for Large Datasets

Michael Shindler, Alex Wong, Adam Meyerson

2010

Construction of dependent dirichlet Processes
based on Poisson Processes

Dahua Lin, Eric Grimson, John Fisher

A Theory of Multiclass Boosting

Indraneel Mukherje, Robert E Schapire

2009

An LP View of the M-Best MAP Problem

Menachem Fromer, Amir Globerson

Fast Subtree Kernels on Graphs

Nino Shervashidze, Karsten Borgwardt

4.1 ICML JAEREILNEIE
® 2019 FFERfEIR

W H: Challenging Common Assumptions in the Unsupervised Learning of Disentangled

Representations
WSO E - PR B 20 B R AE I 8 AR &

& X AE# : Francesco Locatello, Stefan Bauer, Mario Lucic, Gunnar R&sch, Sylvain Gelly,
Bernhard Schdkopf, Olivier Bachem

Z 5 ¥4 ETH Zurich, Department for Computer Science; MaxPlanck Institute for Intelligent

Systems; Google Research Brain Team

T SCHIE: https://aminer.cn/pub/5¢04967517c44a2¢74709162/challenging-common-assumptions-

in-the-unsupervised-learning-of-disentangled-representations

VSO s SCFE 2 AN TR AN S e 9 7 THIGS X — 490k o 1) — RS BE A e b T Pk S
MRS FAUERA, W RSN 2 R 2 S AR A AR AN B, R4 SRR R RIS
B IR ERATTREN . CEIERH T BB B R 2 SEg T 5, #1477 —
PRI SLIRH L. a8 KA T disentanglement_lib, X2 — N T UIZ ARG iR R
IRIVHTNE o T EHIX AN R HERET5H TR, WCERA 1 10000 AN I 25 A5
B, AT DMEA AR T IR
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W H: Rates of Convergence for Sparse Variational Gaussian Process Regression
HOSCREH - Mg AR e R [ A WSO B
WX AE#: David R. Burt, Carl E. Rasmussen,Mark van der Wilk
Z: 5 #f7. University of Cambridge; PROWLER.io,Cambridge
WICHLbE:  https://www.aminer.cn/pub/5cede106da562983788e64h9/rates-of-

convergence-for-sparse-variational-gaussian-process-regression

WO : R SCE K B9 EH SRS B2 TEAR T 16 s it 72 /5 46 22 7y
IERNESE, #EG T EHREE RN N ON) ARG BN TS A B AR E) O(NM?), Frp
M < NZFFLENEE. BRN KRR RN, HERNHIER R T
M A TSN AR OR — 5 LU & . IR SCIEW] 1 M GP 181 JAAZ 73 A F1 /5 96 22 70 3 ALA )
KL BRBERI IR, 2 S BRI TS I A P 75 22 57 A RF AR R SR 0. X0 FHIERA T B
LR, PR IIgREEESE e AN, RVFRE . AR El. X8l
FHIEH TH M<N B#EAT FLIE RS B3 A9 AR S B BT 28 mT DLER Bt mT 52 (R 1 B LR A TH AN 5= 56

ittt o XMAESFIMER R Y, RARRBE T — N RT ST .

® 2018 fFIRIEIL

W H: Delayed Impact of Fair Machine Learning

WO H e A TEALER 7 = I 5

W /E# . Lydia T.Liu, Sarah Dean, Esther Rolf, Max Simchowitz, Moritz Hardt

% 5 #f7 . Department of Electrical Engineering and Computer Sciences, University of California,

Berkeley

W 3C i HE ;o https://www.aminer.cn/pub/5aed14d617c44a44381595bd/delayed-impact-of-fair-

machine-learning

WOCAFRE: HLER 52 ST AT IR ZAE RS 0 R B PR RIPTIT, (HAIRAA SRR L R 5
A ] B IS T SRR TER AR (R o AR SRR s A A T AR HE BE SR TH AT AR ORAP RO 1A R U
a0 AW FT 1 A A TR ARAE Q] 5 87 I (M) 2 B AR AR ELAE L B ) 2 AR B RIS T
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WO R
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W H: Obfuscated Gradients Give a False Sense of Security: Circumventing Defenses to

Adversarial Examples
OB : TRIERE R R 2 A XHPUREAR T 1
WAE#: Anish Athalye, Nicholas Carlini, David Wagner

% 5 #f7 . Equal contribution; Massachusetts Institute of Technology; University of California,

Berkeley

Wb https://www.aminer.cn/pub/5a9cb66717c44a376ffb89eb/obfuscated-gradients-give-a-

false-sense-of-security-circumventing-defenses-to-adversarial

WO WAL — KB A IS T, WIRERtn] DAL 72 2Res . 9 T SRR BUREA K
oy, (EFE L AE 52 PIEABG I A SERPUREAST-HE, WU G2 AE - HR K AR HUREA B
fEES, AEHAE TN S TR B 2 N, AT RASERU X TURE AR (& A 1 B -

® 2017 FhfEiR L

W H : Understanding Black-box Predictions via Influence Functions
HSCEE H = ) FH SR R R g R A T

W AE#: Pang Wei Koh, Percy Liang

Z 5547 Stanford University

WS HLAE 2 https://www.aminer.cn/pub/599¢7983601a182cd2646¢6a/understanding-black-box-

predictions-via-influence-functions

WO : X IR SR FH R R4 (R Geih 2 R A SR |, did 5% o S BRI A
TR R TN 35 0 2 I B8, DT 08 50 5 T S M) e R I e s SR e PR R S 2R 1 T
TR R R R BIBARHL AR 20, WSO T T — AN R R SRS, AN R R
oracle Vj i) Hl Hessian KA. 17 HRIEAEAE ARG A8 b, 520 ek 2R AMiE S5 A7)
SRPT AR A MBS B o FELRIEBAUFI SR ML, i S iiEs, semi s BT H 1
HURIAUT R, A, R B R, B SR A B T X A I SRR B
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W H: Ensuring Rapid Mixing and Low Bias for Asynchronous Gibbs Sampling
HSCEH B ORST0 5 A RAE AR PR IE R & A 22

W AE# : Christopher De Sa, Kunle Olukotun, Christopher Ré

Z ¥4 : Stanford University

W ICHLAE:  https://lwww.aminer.cn/pub/5c8bcd474895d9chc6ad8be0/ensuring-rapid-mixing-and-

low-bias-for-asynchronous-gibbs-sampling

WCAREE: HFAEERE (Gibbs Sampling) & —Fh i T4 14204 (marginal
distribution) 15 /R 7] KEES2HRE R P HR (Markov chain Monte Carlo technique) . >4 1 i
HATHCRFE, AL T il P AT AT A B (RO R BRI 8 RN VF 2
RERSHSA] A RO kAT 578 KA, (B4R G S /R SO R BE /- A SR L T P IGO0, Rt
Xof 0 AR AR T . TEIX RIS, FRATBE U T ff T b &5 A T 1
AN EEPAL: % (bias) AVEARE] (mixing time) o FAT 18IS SZIGIEH] T HA 1B 18 45
FRFF A L PR

WX H: Pixel Recurrent Neural Networks

S H - AR RGP 45

W AE# . Aaron van den Oord, Nal Kalchbrenner, Koray Kavukcuoglu
%5 #47: Google DeepMind

WCHiE:  https://arxiv.org/abs/1601.06759

W FETIE 20, 4 BARAEIG @ B — A BRI ). X TUE 552
RAFEIW AR RIENE . 5 Tt B R &y i m R . BATEAR T — AT LUR
7 ) A PR A VR T PR AR R KT BE A 2R X 28 o AT T VRN 1 R A% 2 {1 P 8 Ok
HREAL, JF Hguty 7 B P e B AR RS ISR A Z A 7T e B DU — 41
)= Crecurrent layers) FIGTIR FEAE IR 2% rh 5% 72 1%4%  (residual connections) A 2R H -
HATTER T E ARG R ER 8, b BT RS HERE B R £ o JRAT 5 B R IR
FFEIRAE Z FEAGI ImageNet B AR B UE . ML b AR Bl 1 B 2 B H AR IR — IOREAR .
WICHR I T — RIVAE SRR, ] BRI G HRBOC R AT . X S A 55 A
PixelRNN: Row LSTM #1 Diagonal BiLSTM ( [X il 3= ZE7E T AT 13047 Tl 4 FH 2 261415 B
FRAERAIIR) 3 —A PixelCNN, LK —A% JF PixelRNN.
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WL H: Dueling Network Architectures for Deep Reinforcement Learning
RCEH - IREESRALSE 2] T (R E 4 P2 SRR

WX AE#: Ziyu Wang, Tom Schaul, Matteo Hessel, Hado van Hasselt, Marc Lanctot, Nando de

Freitas
% 5 #fi: Google DeepMind
WICHLbE:  https://arxiv.org/abs/1511.06581

WL )L, SRR AERM S > i R B RAEIRAS O I 1. R, 31X
6N FH AR 2 ) TR AR G 28R, LG AR 4% . LSTMs, B3 72 H 3wt s . 7
AR, FRATRR T —ANBr A T o8 (model free) 3465 > IFHZR IR 28 4844 . FRATTIR)
T4 M2 (dueling network)ZR 7~ T AP MO VPl & : — N H TAIRESE R £ (state value
function), —/NHTIREIKAFSNEML K%L (state-dependent action advantage function) . iX
AR ) T AR A AT RAT AT AR A B TR R B B 2 2 BRSO R AEB)AE Caction)
()G ) AT G5 R R, 3R — M E 22 R B AR AL ) S 4 1T AT R 51 R SE 47 O BUR VEA -
AL, X — T AR A A ERA T s Ak 7 S AR Atari 2600 45t i BT VR OB 9T . EIX R 10
e, ARF T o @RS E MRS NS, SR T 3T kR R Q M
2% (DQND IR R4 FIAH DG 5% 21 77 58 o A4k N H T+ Atari 27 2] 3455 (Atari Learning Environment)
BRI, IR B E AR T AT e e AT TR .

® 2015 R L

W H: A Nearly-Linear Time Framework for Graph-Structured Sparsity
WS EE H - B G5 GRE AE PR DA AP P TR A 22

W AE# . Hegde, Chinmay, Indyk, Piotr, Schmidt, Ludwig

2 5 ¥4 Massachusetts Institute of Technology

3L http://proceedings.mlr.press/v37/hegdel5.pdf

WO ARSI T — Al B e SRR AR . A R, JFHAE 2 7
PARTBE T B J LM o BEAh, A SCE iz g BERA R S 0 1A R BO 5%, Y
JUFAELR LR M NI AT . FEMBIK R NT5T, ASCGEY T IZHERERER BT 7254
T E BB MFEA R AR . AT SEIGRAD 78 L BRI 0 AT, UEWT 2SR Stk b 0 1 5%
B A
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W H : Optimal and Adaptive Algorithms for Online Boosting
Y B H . Online Boosting FIALAL RN 38 B 5

W AE#: Alina Beygelzimer, Satyen Kale, Haipeng Luo

£ 5 #fi7. Yahoo Labs; Princeton University

W HibE:  https://arxiv.org/abs/1502.02651

WO AT ST HE, X — TR o] — 58 FUFE 2R 5 2T AN R I A2 7
HEBEHUESS . BT XM 2SI REFI 99— BT B ARGE S BADT R T AR 2R 1 i ik
S FhEE AL LA Boost by Majority. JHISUER]—MLEC T 5, FATEW] 7 iZ5ExT
T892 B R AIE BIHR R L P WA A R 2 R A B L. 2R, XA Sk
HARA BENE. FIMAELSUE S MU TR, #ES 7 —FMIESHUEARRIUN B &N AL
PGSR S o X P RN SEE AR S Ao 2] 35— AR, JR A ) 35 ) A E AL B R ) B B A
Wy DE R THE A € IR IE it sl . 5 R 5T 2 K Seaa it FOAR A Ak o

® 2014 FERHER L

WICE H: Understanding the Limiting Factors of Topic Modeling via Posterior Contraction

Analysis
O H 20 R S ISR 23 b S A R A PR R i) R R
W AE#: Ming Zhang, Jian Tang, Zhaoshi Meng

% 5 #fi: School of EECS, Peking University; Department of EECS, University of Michigan;

Department of Statistics, University of Michigan; School of Information, University of Michigan

WICHHE:  http://proceedings.mlir.press/v32/tang14.pdf

WO WAEAKR S8 704 (LDA) BA RN 1 LA ST T HAR i —MrifE T
Ho ENCEHNMHT S MARRERSIEE. §RAMES, H21E5 Nk, JUEA EXK
BRRMRE LDA HIAT N, JF HIVE R ARAAGE, B AS SEma R R PR B O 2080 A1 i J L
TEA RGNER TG ASCREERE G 5200 LDA FIVERE I K R BEAT RS0 Hr R g o
VbR A SCAR H ) BRI B T B AR R RS NS SR, JF I 2R G AN E S i Bt R
AT 7 AR B SCRAPESCIERIT T o BE IS EE L, AR SO Un ] Dy U T ) 5 36 F) a4 LA &%
Bl ) 52 5 E AR T AR AL T SERRE T

® 2013 4R
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W H: Vanishing Component Analysis

WG H - 2 AR S 90 SO 70 A AR R A P R A R 2R

WX AE#: Roi Livni, Shai Shalevshwartz, Amir Globerson

Z 5 ¥ Hebrew University; Hewlett-Packard Laboratories Israel Ltd
W HbE:  http://proceedings.mlir.press/v28/livnil3.pdf

WSCARTL: ARG RIE IR £ 7 VA8 B S AL A e 3 B B R, TR RN, 725
T FENT, REREWIESE LA RRHE . SCER AR I 0T 1 #93dh — 2H 3 R BRAR A il 2 1
RO AR R BUERER, FFH LU TIERLE R 2 00, B 30 1) 22 T S22
W ARG LA, I a] T IR E A ) . SRR SR AGR B, SCER SR I TG T
BRGNS RE, HAMSIHRE.
WX H: Fast Semidifferential-based Submodular Function Optimization
WO H e TR e R e B AL
WICAEZ . lyer, Rishabh, Jegelka, Stefanie, Bilmes, Jeff
% 5 ¥ufii: Department of EE, University of Washington
W ICHLAE:  http://export.arxiv.org/pdf/1308.1006

WAL : AR T — b Sz FH T 50K B 2 T B ARGl CPir MR B4R
ML R TR BACHTELE . TS 20 RE S A EIF A RO T FECERE R, Al
IR HBE T B AP HAh, RSCHTEIERECP R, SRS T OB S/ M AT R
g —aaX, XL ] GEAE s EAR 3] T A S I B AR B . ARSI SRR S R IR EE
DR BT B ARz BE A, ST AL 2 S S s TR i T ASSCRIAR M b
s KA SE BB VT, R IIVE 2 e etk IR i KA RS R R R IS O B, A SO RS
ST SR SEIR AN 7S
® 2012 LR
WICFEH: Bayesian Posterior Sampling via Stochastic Gradient Fisher Scoring
OO E BT BENLSEE Fisher £33 3847 D117 J5 36 KA
WXAE#: S.Ahn, A Korattikara, M.Welling

Z 5 ¥4 : Dept. of Computer Science, UC Irvine, Irvine
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B ICHIE:  https://arxiv.org/ftp/arxiv/papers/1206/1206.6380.pdf

WAL FEARSCH, e T AR M. W 3RATT R Fu vt 28 s i) BRI RE AR i — /Nt
G I, 2 FAT 2 75 0] DA AL A DA 30 5 56 23 A TP AR BOREAS 2 AR SCH T — Pl TR L
6 P BAME SCOT A2 (SGLD) MR& 5%, (R HIR G 2648 . 18 ) A DU 37 o oA PR e 2,
AW RE T SGLD Bk, A HAE IR EE R T NG5 R B BT R EE, MR RS
AR, ERAE H BOR TR AL SGLD AT A . MEN— AN EFAL, 2 E AR AR 2
AIRVE (BENLERRE) , B fE i B & — A e s .
® 2011 fFhfEIRTL
WX H: Computational Rationalization: The Inverse Equilibrium Problem
RSB H . TR 30 )

WICAE# : Kevin Waugh, Brian D.Ziebart, J. Andrew (Drew) Bagnell
% 5% {: Carnegie Mellon University

WICHhE:  https://iwww.ri.cmu.edu/pub_files/2011/6/paper.pdf

T SCAR L DB RS 25 S TP AN 78 L RN R I H AT A — U A PRV AR5
2 PRAITE SR R AR S BRI BT I, 1T SR L8 B AR AR 8 I INAT D9 AR R0 1 5 i 83t ) 3 A
I o IR SR 2 SRR 94T IR S F ek B, AR5 AT T A R0 Bl S AL 52 31 5
RMELRNHE DL R IR RAT N  FEIXIUTAES, TAVHE T a5 MG AF 2 AR T A 1 2548
F5%. EXE, ARTHRBEE, D AR R AR -8 00 AT HoAb AR
WHATAT S, LASZM R 45 R o B B 2500 RS A Mg S B, 4Rt 1 — MRt AR
FAT N7, ARSI IR T 22 il ek 4.
® 2010 FafEiR X
W H: Hilbert Space Embeddings of Hidden Markov Models
G H : Ba IR B RASE R I A KA R 2 AT RN
W AE# . Le Song, Byron Boots, Sajid M. Siddigi, Geoffrey J. Gordon
Z 5547 : School of Computer Science, Carnegie Mellon University; Google; Yahoo! Research
B ICHIE:  https://storage.googleapis.com/pub-tools-public-publication-data/pdf/36408.pdf

WAL BB /R AT AR e e S Ml i A s 2 T H SR, BN R T BB A
WRAE, I HFEERT S B EM . 17 5, HMM 125 5 80% 2R T R 25 K
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RO R
Bk, BT NIHRERAIE T A AR E T AN HESEHMM, ERESE HMM 3 Je 21|45
PRI AE S BNE S oA . JAh, ASGEFH 7 —5 21X HMM 1)/ B A% S
5o RSORZITIENH THLEE ARG EE « 820 1A S B s N A s o R 88, 45 R
KW, fEXEN G, A HMM BPEae#EE 7 LT R SE KT
® 2009 FirfEIR
W H . Structure preserving embedding
HFOSCEE . SRR RN
WX AE#: Blake Shaw, Tony Jebara

Z 5 §f7: Department of Computer Science, Columbia University

W ICHLE:  https://www.aminer.cn/pub/53e9981db7602d970203e4a8/structure-preserving-
embedding

WL : ZSMTREIRN (SPED 2 —F Fl TER LA A PR N B ORI, 1%
IRANRACLER, FEORE TR RAH BN, W an k filn 482 S myd kT
PAFEHR AN G AT R AR AR I S N I 30 2%, W AT LAGRBE #h 4. SPE A AL N E
P, 2R 2 52— HANEAF A RARH WARZFERE, 2 A& ki A & 2 m
L. SPE FEIE A MALAT JC 3 e 4 U7 T e it 1 535 ikt e 7 ano G A AN
Laplacian Rk Bl 2 RERAT T7 % FATRIL, ALF A JUA4ERE BT LLIER) R TVF 2 42 0t
BRI IN 25

4.2 NeurlPS A RIEILCHRIE

® 2018 fFRfEIRL

W H: Non-delusional Q-learning and Value-iteration
RSB H . dEEAE Q B S MM EIEAR

WCAE#: Tyler Lu, Dale Schuurmans, Craig Boutilier

Z 5 ¥f7: Google Al

WICHE:  https://Aww.aminer.cn/pub/5c2348ceda562935fc1d5724/non-delusional-g-learning-

and-value-iteration
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WO ASCH BRBOE IR E T Q-5 M A HAB A sh A M A 3R Z2 AR A K
ARG R PR 1) T AT RIS TR SRS IS, At A 22 . BT RRiE Q-updates X H &
B AR T 2R A ARSI, BRI RSB S H 2R Q ki, M
M-S BORSAT A, Bl BEARAL . AR EHE B REL N T R AN R, ARSI T SR —
BUkRHE S, JRE LT — AR, EEAE RS, il 5% M Q (H—
BUR IS LIRS, R R 2R — B0k . ASCIER 18 A IXRh 40 (128 TR RUR e AR A f) B3k
R bR B 2, AT A2 58 — R DRGSR, PRIEAE — SR T IRAILEE R . BEhh, XLt
FIERFEZIANZMERE WBERIRECRD « fa, A SO SH KA
RAMHEIEAHT Q 2 2 Tk L 2l > 2 A i 22

W H . Optimal Algorithms for Non-Smooth Distributed Optimization in Networks
WG E - ARG R U 23 A AR SR

WICAE: Kevin Scaman, Francis Bach, Sebastien Bubeck, Laurent Massouli€ Yin Tat Lee
2547 : Noah’s Ark Lab, Huawei Technologies

WICHiHE:  https://arxiv.org/pdf/1806.00291.pdf

WAL EASCH, FRATT25 A A oF SR T M 28 ARSI O R B o A R AL . FRAN
FEPN IE AR S R TR AN (1) 4R HAR R Lipschitz #4821  (2) /i AME
BRI Lipschitz ZELEPE . FEJR B IEM R T, A H TRRNZ D EXHE (MSPD) [#—
B o e o B v B EL A 7 PR R AR SO o XA SR — AN B3R AU, T aARRIE R L,
MR ZER) EEIE O RS, RS ML MG OLA) I B It, Horb t i,
sz, BMETERSR™ AR RIS BT, R T8 ORI PR T 5 33000 15 22t DAL e g
No FEAJRIEMMEMRIE T, 52T Hbr R R0 i, S T — R s A 2 4 A 2UEHL
g (DRS) 5%, FFEW] T DRS fERACISICEEE Y d/4 SeF 1N, Hrp d NIKE.

W H: Nearly Tight Sample Complexity Bounds for Learning Mixtures of Gaussians via

Sample Compression Schemes
HOCREH - AR TR 4 77 58 5 ST TR A e T I 3 T R AR AR S 2R At T

W X {F % . Hassan Ashtiani, Shai Ben-David, Nicholas).A.Harvey, Chritopher Liaw,
AbbasMehrabian, YanivPlan

Z 5 5.47: Department of Computing and Software McMaster University; School of Computer

Science, University of Waterloo; Department of Computer Science, University of British
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Columbia; School of Computer Science McGill University Montrél; Department of Mathematics,
University of British Columbia

W ICHIAE:  https://papers.NeurlPS.cc/paper/7601-nearly-tight-sample-complexity-bounds-for-

learning-mixtures-of-gaussians-via-sample-compression-schemes.pdf

WIS ASTIEW] T O(k d/e)REARS T-22 2] RO k Ml iR &, HE B A ZE D
BHHIRZE € Rl R BEFRM. RE T A LA . Tl e
TR A, ASCIEY T O(k die?)FEAILEL — N CRI R A2 R8I, EIRE I T REA S 45
MRS I AT 27 SO BOR o ATART SR VF IR REAS 40 7 G2 1) 70 A1 R AT LLRIAR D AR AR 22
o WA, R DA RAXFEMEL TS, AL ARSI MR It A&
SCE BRI REM] T RO T R RE A RO BEAT REAS R 4

W E : Neural Ordinary Differential Equations

G - R H Y TR

&

W AE#: Tian Qi Chen, Yulia Rubanova, Jesse Bettencourt, David Duvenaud
% 5847 University of Toronto
WICHAE:  https://arxiv.org/pdf/1806.07366.pdf

WL : AU T — RINHT R P LAY o A SO P e 28 0o 2% 2 B Btk
SHSHL AR E BRI B EUF S . 8 R E TR SR AR AR T S M 2% o o X e
HEALIR R B EE A AE A, PP SEmE MRE M, I HL AT DL st s e e
R P CASRAG B o AR SUAE T 0V FEE Bk 22 I 2% R 2 452 I [ 5 A B ABE TR ik ) S Sk I o AR S
R T IESIA AR, XA R AT BB S AR BEAT IR0 A AR R, T R Bt 4
BEAT X . O TR, ASCRTR T WTIE AR T ODE SRAFASEEAT Al e S %4k,
11170 75 V7 1) FL A BB ER AR o X SR VRAE BORBE AL o ODE 347 3 2 i | ko

® 2017 FFIRIEIRL

W H: Safe and Nested Subgame Solving for Imperfect-Information Games
FICEH: AEalE RN LR E TR

WIAE: Noam Brown, Tuomas Sandholm

% 5 #ifii. Computer Science Department, Carnegie Mellon University

WCH . https://arxiv.org/pdf/1705.02955.pdf
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WL M58 R1E BIEFEARE, A5ER15 BRI GEE IR 2870 i ]SS R AR Y
FHZRTTSRAT 5 R G o DR AR SOBRRER 22 M A8 F TS 3 SR 3 e RO, I LR A [ ok
SR IR TR 2R R S A E— N REAR A SCIR T — MR R 10 LIS AR SE i EASEE 12
A7V SRAREER o AR SCE 7R T WHRDer e AT TR LA I 1 2SR B R AT T, DA
SR W UR AT B EEEL Coriginal action abstraction) X T HIAT SO N 2, X IR T 2
AT 9%, RIAT3h%54 (action translation) o fn, ASCRER T 4RI E R M
BEATI, PSR RT Re s AR REAT, MR KBRS AT R

W H: Variance-based Regularization with Convex Objectives
HOSCRH A O R T 5 22 1 IR AL D7

WX E#: Hongseok Namkoong, John Duchi

% 554 Stanford University

WICHLHE:  https://arxiv.org/pdf/1610.02581. pdf

W ASSCHITSE T — A KU B M IR HLAR AL I 7325, 207 VR AT DU T Z 4R — A
R AT, FF o VLRI T AN T 15 22 ) S BT AU Bt 5 v 2 AR ] LA o ARSI T
RIESLAE AT SRR AL Owen ISR ERIZEAY B, JFRHE T~ IRAEA (finite-
sample) FI#TiE 45 DU R AT 28 R MERE . Bk UL, ASCUFR T2t R AT S A ik ff
iE Ccertificates of optimality) , -3 ik & i/ Fl e 0 Ak 115 22 i) R 4 AU 7E 58 — 15 e
EL 2R 50 XS B MU T A TEAR USSR o ARSCIE S T B dE I R BR R IESE , R Al T2 E S
B AR ZRREA I 7 ZZ MAEX IR e (B EATAUAT o« BEAh, AT a8t 2 SR TH ik 22 30 KUK i
ANETTRAEVE 2 53 S5 0] _E I P A o

W H: A Linear-Time Kernel Goodness-of-Fit Test

HOSCRH . — PR T AZ R UL A BE K 7 vk

WAE# . Wittawat Jitkrittum, Wenkai Xu, Zoltan Szabo, Kenji Fukumizu, Arthur Gretton.
Z 5 #4: Gatsby Unit, UCL; CMAP, Ecole Polytechnique

Wl :  https://arxiv.org/pdf/1705.07673.pdf

WAL AR T — AN IE M (goodness-of-fit) fy5d M M E, Hrbit
BRI TEAE S REARBUR MR R  ASSCE I S MR R E R 5 ST e R s R R AR R 2
R 2 ) 22 S AR o X SURRAE 2 JE I Stein VAL 1) ——IX FMRE B L BT B
BV — 08 B A ST 1B R ) Bahadur #1E R0, FHUERA T 7E 918 M (mean-shift)
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PIEOLR, TEREBEMA MRS E, A SRS L S i ) 28 P i TRl A R B A o = (A
YRR o AR e R 25 v IR, ASSCHIAA PR DR E AR 2 s BURE A, R Bz
VI T B AP 22 5% (Maximum Mean Discrepancy) f — Y 72 BUREAS I, .

® 2016 FhfEIRL

WICEH: Value Iteration Networks

WG H AR 2%

WICAEE . Aviv Tamar, Yi Wu, Garrett Thomas, Sergey Levine, Pieter Abbeel
% 5 ¥fi7: Dept. of Electrical Engineering and Computer Sciences, UC Berkeley

WICHLHE:  https://arxiv.org/pdf/1602.02867.pdf

WICAREE: RXANHT M EIERML (VIN) « —FE &R e s, WE
“RIRIEE o VIN AT IR, I B R 3 F0000 ik T Rl i3 i 45 58, il i
T HIBUR « FATHI 512 B9 S8 — RoB  AT o AAME IS SR, BT AR G4 N
45, AT AR E A S [ A F I i i o A SCHRE T B BB SR AR FURI DA S 3 T ARG &
AR AR S PN EE T VIN SN . AN, @ > — s R 5, VIN SERg ]
DASE AP bAE) BRI . AR I A 40

W H: Matrix Completion has No Spurious Local Minimum

WS H - R MR S A R ) S i e/ ME

W AE#H: Rong Ge, Jason Lee, Tengyu Ma

Z 5 #if . Duke University; University of Southern California; Princeton University
WICHLhE:  https://arxiv.org/pdf/1605.07272.pdf

WICEH . FEFEETE R — DMK 2 2 U, BT Z RN, JCHGRAE I )E
ANHERE 2R GE T o fR B AR DAL SRR S AR TAT HA R BATEM 1 TR e i)
FIAEY B b e& S B R i i ME——Fr i R i o IME R AU R . Rk, V2T
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WX AE#: Adam Roberts, Jesse Engel, Curtis Hawthorne, lan Simon, Elliot Waite, Sageev Oore,

Natasha Jaques, Cinjon Resnick, Douglas Eck
Z 5 f7: Google Brain; Dalhousie University; MIT
e ICHIE:  https://nips.cc/Conferences/2016/ScheduleMultitrack?event=6307

WICHREEE: EEAS THT LSTM BIPEM LM 28 F1 Deep Q-learning #5717 S A ik
BRI LSTM HIAES52 5% 2 & R vEsr (wf%oh MIDL, AN B30 1 — i .
Deep Q-learning HISK Bt 2 T- 22 I FP 41, AT i 388, A OB A VE AN TR0 N 2K I 2
ZIINA . FET RNN BSR4 B 9 A o7 2] I 5 5 2 — P AR e SR I 4 7 0 XA 7 2
EE A T LSTM BEONARE, B & R BN YT o ZIVER WAMESS A2 O R A
PRI NG, A K SIS AR o) e Am AN IO AR 22, RS0 AR K H 2047 T . A< J7 V5 AE TensorFlow
I T 28 MIDI $2 H AEBIH3 ARAR S, LB A T LA S M R 25 S A2 L.

® 2015 fFIRIEIRL

WICEH: Competitive Distribution Estimation: Why is Good-Turing Good
HCEIE . SEF AT A4 Good-Turing 4

W AE#: Alon Orlitsky, Ananda Theertha Suresh

25 #47: UC San Diego

W HbE: http://120.52.51.17/papers.NeurlPS.cc/paper/5762-competitive-distribution-

estimation-why-is-good-turing-good.pdf

WICFRE: %R SR TGt 5 S BRI FU vl , el T O & A X —
e, $&H 7T Good-Turing it & MPIRNSGE T %, MBI el mfiftivh &, 47
BERME R AT R AL AL A i R i o B SO R R AT 5 TT LRI S, Rt g
HHAH IR PR R 43 A7

WICEEH: Fast Convergence of Regularized Learning in Games

TR H - R IR A A ST R IE S
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W AE#H: Vasilis Syrgkanis, Alekh Agarwal, Haipeng Luo, Robert Schapire
2 5#7. Microsoft Research New York; Princeton University

& SCHL BE . http://120.52.51.17/papers.NeurlPS.cc/paper/5763-fast-convergence-of-regularized-

learning-in-games.pdf

WO FATUEY] 1 BATBL I B A B RS IE M52 S 5k, aTBE 2 N IR Y
U5 rp ik B AR Y SIOE L, AT 283 UL 3k B S A AR SCE fire A gR g R B
FAEMEA R EILR, EAISAE O(TIAETER, 1SS AE O(TH)Ab sl % &
H—ERZENEFL OTY)LLRNHITSERI . AR T 2RI EIER B G
o DAEFRIX FIE B O(TY2) R, RN REHZE P R R . AT R R T
Rakhlin. Shridharan 1 Daskalakis &5 N2, EAT R B0 8 Sk b 7 N AT 2%

® 2014 FRERL

W H : Asymmetric LSH (ALSH) for sublinear time Maximum Inner Product Search (MIPS)
HSCRH : IRERVERHE O ARXTFR LSH (ALSH) e kKN AREE R (MIPS)
W3C/E#: Anshumali Shrivastava, Ping Li

Z 5847 : Department of Computer Science, Cornell University; Department of Statistics and

Biostatistics Department of Computer Science, Rutgers University

WICHhE:  https://arxiv.org/pdf/1405.5869.pdf

WA BATERH T 5B — Al UE A I IR R VI TS A5 30, TR B K N RRG 2R
(MIPS) o fH CRIA—ALI¥) ARRPE A EERIAE U FE S AT R Z o — A AR, I H.
N MIPS B M 7 R R R A il . BRI AR BURIE 75 (LSH) HEZEAS AL LAAR Uk
MIPS, HAEASCH, FATHE LSH HELEY @A VPRI RRIG A T7 58 FATTER: T — 4K
SERILEE, RIEESRSL A AN RRAS R 2 S5, $REB S R AR ) 1) B n] U A0 R 28 3 B b R A
VAT 2R 8o IXAN SR ) R B £ X MIPS [ 1 200 R M e A5 77 RO AT g . FRATTEE
FOLWI B G 9. P R 7 S S5 UME I IE T PR FRARAT R L LSH J7 AL, B3
R THHEE: () FSEEHLEGEE (SRP) M Gi) 3T L-2 Ju% p BaE 04 (L2LSH) ,
£ Netflix F1 Movielens (10M) %#i 4 b (300 H HEEAT 5 -

W H: A* Sampling
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WX AE#E: ChrisJ. Maddison, Daniel Tarlow, Tom Minka
% 5 Hifi: Dept. of Computer Science, University of Toronto; Microsoft Research
WCH k. https://arxiv.org/pdf/1411.0030.pdf

WSO ARSI AT R HUREAS 1 I AT LR AL O B AL i e AR I T A, A
SCRETR T URART RS L B2 3 A PR RAE B A e 2 ] _E DAL 1r L 27 VR A% a2 B AE 2
Gt FEh R — ANV, AR Z A Gumbel IR . ASCHEH T — RN Gumbel i
FERT ACRFESEHE, IX A —RhSe s A RAE S, e A ZOREZR Gumbel IR (1 5
KAE o ASSCHT T AR 0 IE AR PEATUS SRS [R], JF ANZeds EAER 18 FLiRAR SR 1 H @ N3
YR R AT ROt R T AR T

® 2013 LR

WX H: A Memory Frontier for Complex Synapses

O H - B2 RA L2 5

WC/E#: Subhaneil Lahiri, Surya Ganguli

% 5 ¥f7. Department of Applied Physics, Stanford University

W SCHbE: http://120.52.51.14/papers.NeurlPS.cc/paper/4872-a-memory-frontier-for-complex-
synapses.pdf

WO — A2 N DL ELAE AT VAR SR A A BB AR T 20 0T, 38 A o R s iz
KA PR EAIR, SR A BRI T2 75 51 @AM ERE R 7 BRI
73§ RS 2 ST RACAZ I D RE TR, 0K S it (B LS MM TR BV R A2 A
> T IR BEAN BT R GE o IR B T — NEAR G, RARE I 18127 O
TR, ASOTFR 7RI e B, [ B T A R Ak i) G5 K 2GRN AZ R 1 2 TR
KA, KEERMA 2T M. tbhh, fEUENXE BN, RO T — DT
A R RS AOMEZR, X B % SRS R 1) P RS T LY, AT fT 4k 1 SR A a5 A AN Thig 2
AR AR o

W3 H: Submodular Optimization with Submodular Cover and Submodular Knapsack

Constraints
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W AE#: Rishabh lyer, Jeff Bilmes
% 5 4. Department of Electrical Engineering, University of Washington

W ICHAE:  https://www.aminer.cn/pub/53e9ae5¢h7602d97038795fb/submodular-optimization-
with-submodular-cover-and-submodular-knapsack-constraints

WO JATHTFT T P BT EIILAL i) /MU TREEUE T AR (TR E
1) HFASE R BOR B KA TR R B2 PR UL IR (B ) iZR. Jdi1%2
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W3 E : Scalable Influence Estimation in Continuous-Time Diffusion Networks
SO H RS B3 B 2 R T R R i i

WX AE#: Nan Du, Le Song, Manuel Gomez-Rodriguez, Hongyuan Zha

2 5 %£: Georgia Institute of Technology; MPI for Intelligent Systems

B ICHIE:  https://www.aminer.cn/pub/53e9ad87b7602d970377ee23/scalable-influence-
estimation-in-continuous-time-diffusion-networks

WO AR ARG fURA — 2645 B, FRATTRE A T & 2 15 AT LAFE— > H AL R 5]
—HJIAPITT? T S [E]S AL EATS5 F I TR UR A A AT e 1 EK, BRI M i 1) AR
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FATHI LT LLR IVl o IR 2% rp A9 s SR . 15 A el P n = O(U/e?) BEHLAL I LAXS £
5~ O(nlel+n V) THEILZ 3] & HIFERE . AAE ST AEREM S5 KA 7792 FIE T BIRE I, JRATTHR H
IEIEPT R ORIR B — A 252 (1-1/e]) OPT-2Ce|sZmift) C 15 mifE, Hr OPT @i, XT
B BB RN S BREE 2R AT 1 S0 5 R B, 12 EE AT DURIAY R B H0H AN s, (A
FEA TS M0 3 R HE RS PR 5T 77 TR ORI T AR PRI SRR R, b 438757 i DU KR b 5
EAYIR

® 2012 R

107


https://www.aminer.cn/pub/53e9ae5cb7602d97038795fb/submodular-optimization-with-submodular-cover-and-submodular-knapsack-constraints
https://www.aminer.cn/pub/53e9ae5cb7602d97038795fb/submodular-optimization-with-submodular-cover-and-submodular-knapsack-constraints
https://www.aminer.cn/pub/53e9ad87b7602d970377ee23/scalable-influence-estimation-in-continuous-time-diffusion-networks
https://www.aminer.cn/pub/53e9ad87b7602d970377ee23/scalable-influence-estimation-in-continuous-time-diffusion-networks

| Armezmagss

# 3 H: No voodoo here! Learning discrete graphical models via inverse covariance

estimation

WO H sy E Al ) R T
W AE# . Po-Ling Loh, Martin Wainwright

% 5 Hifi: UC Berkeley, Department of Statistics

W 3 HhHE 2 https://www.aminer.cn/pub/5¢75518df56def97985c42b1/no-voodoo-here-learning-

discrete-graphical-models-via-inverse-covariance-estimation
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(1 — B B AR AL (R e 3 1, Rl AR IR A SO BB 45 R - fEILIERE T, ASTE
FE T TR AR R PRI 7 et 4 LA 0] VA B0 B S S SRR B 4 2R

W H: Discriminative Learning of Sum-Product Networks

HSCREE = AR R 285 0 ) 1) 27 =)

W AE#: Robert Gens, Pedro Domingos

% 5 ¥f7. Department of Computer Science and Engineering, University of Washington

WL http://papers.nips.cc/paper/4516-discriminative-learning-of-sum
-product-networks.pdf

WICAE: Sum-product 48 J&— Rkt (RER BESERE, R LU et B AR BEAT DRl . A
MW 24 ik, AHEH T HFA K SPN BIERR 7. fEARSCH, AT 75— Fhsl
XF SPN I FI AN ZREE, ST M Es B 5534 RN RE IR G A BREAR S, & . FRATTEER
B, B R 5 2 SPN 0 EL T AR FR A T IX 43P SPN FIZEAIBE V2, FF T —M A
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W E: Efficient Inference in Fully Connected CRFs with Gaussian Edge Potentials
G H . B S S AL 58 A TERE CRF A RHERE

WAE#: Philipp Krénenbihl, Vladlen Koltun

% 5 ¥ Computer Science Department, Stanford University

W CHE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-2011-
1998.pdf

WO T 2R E G SIS IR 2 Bl SR AR R B B R X b e X
HIARAFRENL T B RS XIS RN 5 BAT SR (o @ 1, (BB IR A KA
%, FFHRRVIFRmIEETHE . AT, BATEEAE R B INC AR E LE XN e ek
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RSB0 A CRE BRI s ROL AHE B 0%, b o i 3 me th i % i Vb 2 5 58
o FATHISLIRRIT, R R A EERLNE T 8 25 28 70 B bR L R I .

WICREHE : Priors Over Recurrent Continuous Time Processes
WG H e SRS TR R AR Se %

W AEE . Ardavan Saeedi, Alexandre Bouchard-Céie

% 5 ¥.i7. Department of Statistics, University of British Columbia

WCHihE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-2011-
2195.pdf

WIS ACHIN Gamma fREULFE (GEP) , X @& —/MRAYELN IR R 5
5. SIS ERUA (HGEP; Hierarchical GEP) 742 F T4 Hr 5 2% I [ F 471 (14 A7 P AR 2L
BT HGEP HUBLAL B R iV 2 AW S| I RIReE: SR R SEHEE, T At p X
T A, LLB R ] R Bk i Gibbs B8 . 7R IXEEm M2 5, AR 7 A
AVRLT MCMC J5iEAT Rt BEAT S5 SR HERE o A SOREA S AR AL I 15 1 22 R PR REALE Fr)
Tt AT RNA BEAL AR 1), AR I A4, A SR BLAR SRS R AL B 10 T 5 R
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WX H: Fast and Accurate K-means for Large Datasets
O H s R BIEE AR B s R K-means

W AEE . Michael Shindler, Alex Wong, Adam Meyerson
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% 5 ¥ufii. School of EECS, Oregon State University; Department of Computer Science, UCLA,
Google, Inc. Mountain View, CA

W ICHLAE:  http://120.52.51.15/papers.NeurlPS.cc/paper/4362-fast-and-accurate-k-means-for-
large-datasets.pdf
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® 2010 R

W H: Construction of dependent dirichlet Processes based on Poisson Processes
WG H e FETIHAA AR ) DDP #4

W C/E#: Dahua Lin, Eric Grimson, John Fisher

Z5547: CSAIL, MIT

WL https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-2010-
3901.pdf
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W H: A Theory of Multiclass Boosting

3L

&

H: %25 Boosting LR HH 16
WICAE: Indraneel Mukherje, Robert E Schapire
% 5 %7: Google; Princeton University

W OICHLILE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-2010-
3934.pdf
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® 2009 BT

WICEH: AnLP View of the M-Best MAP Problem
W CAE#E . Menachem Fromer, Amir Globerson
Z 5 #A7. School of Computer Science and Engineering, Hebrew University of Jerusalem

WICHiAE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-2009-
4089.pdf
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W H: Fast Subtree Kernels on Graphs

WG H B R T A

W E#: Nino Shervashidze, Karsten Borgwardt

Z 5 HA7: Interdepartmental Bioinformatics Group, Max Planck Institutes Tubingen

1 3C Hh Ak 2 https://www.aminer.cn/pub/53e9a7dch7602d9703118c82/fast-subtree-kernels-on-
graphs
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FAFRESZIRR REM )
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KB N: Michael Dormody, Guiyuan Han, Badrinath Nagarajan
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® Michael I. Jordan

% Research Inferests

@ Graphical Model Mixture Model @ Machine Learning
Hidden Markov Model @ Kernel Method
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Michael I. Jordan, [ =F¢ (EEEZRE %, FEEERTER. XEZRS5F2EF)
B, Mlgso1Z23), BN N TR RSN “MRER” 2 —, HERIRFENL = LI =E
AMP Lab BX4 ¥/, IEEE Fellow, ACM Fellow.

Michael I. Jordan &3¢ ERFA5, MMMRZEA R R EF LE R tFENREMG
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VAN I B S )3
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LM E RS ARG AEL (55 A HR Go 36 4% 5 55 A B L E o SR8 27 o1 sl i Bk
Yoshua Bengio, U327 =] 4T84 B8 Zoubin Ghahramani A2 Rij 1 ) 14 Ji B2 58 5 LA L5 N #S
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® Yann LeCun

laa Research Interests

@ Neural Network Feature Extraction @ Neural Net
Pattern Recognition @ Object Recognition
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® Geoffrey E. Hinton

laa Research Interests

@ Neural Network Boltzmann Machine @ Hidden Markov Model
Speech Recognition @ Unsupervised Learning
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® Yoshua Bengio

| Research Interests

@ Neural Network Hidden Markov Model @ Machine Learning
Artificial Neural Network @ Neural Net
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® Andrew Y. Ng

| Research Interests

@ Reinforcemen it Learnin g Supervised Learning @ Machine Learnin: g
Mobile Rebot @ Markov Decision Process
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AL IRFER )L HLAE A N REAITH NS 57 TH . 2010 4F, BT HHAR K 22 8%
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® JUrgen Schmidhuber

i Research Interests
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® Daphne Koller

&

| Research Interests

@ Bayesian Netwoark Probabilistic Model
O Arificial Intelligent Dynamic Bayesian Metwork
@ Gene Expression
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I H AL ER ORI T 500 2454, 2010 4F, MrEHARE RS EFOIIER
567 — PR A A, IR T W AR S A AR AL O LE 2R R I T

It % K15 1994 4F VBRI S0, HikE 42y 1996 fFA Rt 4y, 1998 4F g5 B AR
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|#w Research Interests

@ Language Model Information Retrieval © Semi Supervised Learning
Graphical Model @ Decision Tree

W_ —~

1938 1995 2000 2005 2010 2015

John D. Lafferty, 1986 T3 MMl ARG Al . AR Z A KA HE=, T
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127



PSR T
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® Peter L. Bartlett

s Research Interasts

& Lower Bound Meural Metwork @ Upper Bound © VcDimension

@ Vvalue Function
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® Michael Collins

|#a Research Interests

@ Natural Language Processing Speech Recognition
@ Conditional Random Field Perceptron Algorithm
@ Log Linear Model
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Michael Collins, 6 FE LR 22 THEHURFEHER, BT B ARE 5 A BRALES 521,
TG MGt HLE 27 1 7 i T S22 5Tk . 1998 FRAE 1% 477 Je oK 23R8 1 i 5AL
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® |an Goodfellow

|a Research Interests

@ Physical Computing Information Theory @ Matural Languages
Representation Learning @ User Interfaces
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® David Silver

|d Research Interests

@ Cost Function Mobile Robots @ Machine Learning Mobile Robot

@ Natural Environment
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BERF B A S e . 2011 4F, PU/RIRIRIGIEE 250 KRR 2, BE)a
BB TR A B KT, H BT — 4 B o il i) ARG P AR s Ak o SRR 27
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SR 5 P CARIARE 0 77 2057 >0 [ s AR LA, S8 3 T HUAR AT HoAth v SRR 5 B8 PR 7K P - Sillver
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® Zoubin Ghahramani

| Research Interests

@ Gaussian Process Hidden Markov Model @ Bayesian Method
Graphical Model @ Frobabilistic Model
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Centre for the Future of Intelligence) Il 22 AR AT, SIHr2E2)5 %P (St John's College Cambridge )
7
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SIMFHEFTBE (Microsoft Research Cambridge) « VocallQ (HERMIE) | S 7T AR HL A ]
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A N B4 B, 2016 4R, Al PO ML o ST A R B i 2 —

® David J.C. MacKay

|aa Research Interests

@ Meural Metwork Gaussian Process @ Error-correcting Code
Turbo Code @ Hidden Markov Model
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(%1, Dasher &R O, ] LARHEATILAIFEAR (38 5 BT 20 5 - flA 1995
FIIRAESIMFEWI L. H 2005 = LAK, heRe Bkl 22 i 18] Y - eS0T 10 A 3L #es. b
R 2GR IR R R R B 2l

1985 4 p {ih K E B EL AT sz Bl oz B —% %%, 1999 4Ri@f5 %4> Leonard
G.Abraham #i$3C¥% (5 R.J.McEliece —#2LL % J. - F.Cheng) , 2001 £E. 1999 4 IBM &1F
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® Christopher Bishop

|a Research Interests

@ Dopamine D1 Receptor @ Serotonin Body Weight

@ Energy Expenditure
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¥, SNSRIk L.

Chris fE/FRERSRGYB Aoy, R T BRSNS HRYHE A L2, Ik
R RRTETIHEIR. VIRRHE, Mo faGRA A 7, JEROY AEA BORN
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Mz . v B AMS ERFERIBIRAE 3#, 2008 4, MAR T EXNERARE
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® Tony Jebara

s Research Interests

@ Support Vector Maching Machine Learning @ Suppert Viector Machines
Hidden Markov Model @ Computer Science
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Tl ERSRT 100 Z 55 FATIFIGESC, 4% NIPS. ICML. UAIL, COLT. JMLR. CVPR. ICCV
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® Max Welling

|aa Research Interests

@ Gibbs Sampling Unsupervised Learning @ Mixture Model
Graphical Model @ Belief Propagation
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MIDL 5 F2 8 o Al 8 72 IMLR A1 IML H) g 425 A AR R, JFEAE A TS . JCGS A TPAMI
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522 ERMRFEE
® Kik
|#a Research Interests
@ Support Vector Machine Image Retrieval Neural Network
Learning Artificial Intelligence @ Feature Extraction
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A 23k v EREEBE B
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WUR I R R AL AR 75 2R L35 R4 22 . R FIE L %X Ronald Walts ZE7HE 2% & The
Australian Computer Journal (1995) 3 ([l @R MEHIS MDY (FECHO BIPFe “iX2
—WTE B A AR S EAE” o £ E % Harold S.Stone IAly, TRERETESLTH A kA
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@ Machine Learning Data Mining @ Ensemble Learning Face Recognition
@ Neural Network
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|#a Research Interests

@ Information Retrieval Learning To Rank @ Web Search
Machine Learning @ Data Mining
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@ Topic Model Conditional Random Field
Supervised Topic Model Information Extraction
@ Maximum Entropy
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@ Social Network Social Influence @ Semantic Web Data Mining
@ Predictive Model
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@ Learning To Rank Information Retrieval Search Engine
Loss Function @ Web Page
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O, EFREAT (fFRAZR) A CNTEEE) MgmZ, MECHAERITI &R 5.
i WWW. SIGIR. ICML. ACL. ICIP ZEFENKI =1 )N E PRSI PR R, &
E B Fr 5 I 22 (LR4IR) 2007-2009 4R HIEKG £, Al 2010 FFHEF 2 ) e 38 k&
HLE . G EAE WWW. SIGIR. KDD &5 [EBrax i B THEP 5 I 1 R e, IF52 3%
B4 KDD 2011 4E 5 (K4 AR 3 55 . MhZi8N R 2 kK2 (PCM 2010) FilH[E
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HREMEKRS (CCIR201D) MRSHFHEIM T . ik 28N G il FEMERE KA N 4
FrE WA bR R (HEFZ20) A (HLEs 22 20D HURER .

® ifflg

i |8 Research Interests

@ Word Aligner Language Model @ Log Linear Model
Machine Translation @ Translation Quality

«v/\/\

1990 1995 2000 2005 2010 2015 2018

Figh, L, AEEHERAT. TEPIROUREEISEIE. ARES AR, R
ARy BEHEAR PGS SEARZHE . LA E. BERESS T 27N,
CHTERE. SEELEHAEH 30 RIL, THRITANRGEAEE P HRE 2 —. &
R AL Uit FE B YIRS R T2 [ B 2 WO SCAE N I 2R IB ST 70 R

FiFIE T 2010 FIIANE B, 2013 FFE TN A R B . 2014 4F, g 2RV SR
ERIAZEHE, SFho 7 aEER. FIEESEH ™. 20173 H 22 H, HEEMHA
BAE AL ARG R (AIG) , fEr B EELEFH EEEN Al HRFE/HR (AIG) S
TN, [ TR Estaff iii. 2018 4, B4 E B m R A, TR iE— ok i E K
Wi ACL 212, R ANRICE AN TN TR & . 2019 42 3 H, (ALt m EH %
FHAMRAFER. 2019 4E 5 H, HEEME SRR STy E R EREA T,
[ At 4k SEEAE Al IR G R R (AIG) FIEERIFBIAIE R (TG) BTt N. 2019 4£ 9 H,
B CTO Lifgif HAT R F

® i ¥
|#a Research Interests
@ Image Retrieval Principal Component Analysis
@ Dimensionality Reduction Web Page
@ Manifold

\\,__
B oo 4

1988 1995 2000 2005 2010 2015 2019

T, WL RN BE % . 2005 AR7E 2 Nat KR A5 TH F LR =10 1
i, WRRE, AERERRM T B TEREES . 2007 AWK

TG KB O B CRN)  MLEs 2 AT SR .t S ITE S I BN Partha
Niyogi ##ZILIRITR A OR R FRRE FR E I E 3 — AN RIBSANE, A2 E Br Bk 13T
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P 1R 2 P o A4 BV T 0 AT o At 5 S T AT 9 5 5 A 2 1) 8 T B g P e e 2 B0
BN T AR R 51 B DS, B bR B 50T Ll iRRiE . EHERiT I
BE T X T EWIR A IS, IR IR, )l R T WA IH BT SO R A
TR FCBE AL R, I EAT AL BFEAR MR WEE mRi k. e RIERmE)E, 5
T AT P S %052 5 51 B . J R R AT A AT BRSREZE . ShA R T 52
IBSPHAEE BERTN, EARRIEH, W A5 5%, JaR, IR CEIRENY, 2017 4
8 QNN AR, T EANLE.
® UM

|#a Research Interests

@ Transfer Learning Different Domain Machine Learning
Unlabeled Data @ Web Page

-

2006 2008 2010 2012 2014 2016

WO, Bk T B IE RS, BUALER TNV TT AHE A, AR TR AR . RO
JHTE ACM K2R P et e g8 B S, Jef5 3R ACM [E bR K22 AR 72 7 BT s 28 T
X Tl 38 75 3 ¥k, 2005 4 4 H, VABNK SR ERERARIFHF[UFIEE . HEARB L
Z U E BRI 22 AR 25 NIPS. ICML. AAAIL. KDD 28I, F£3k13 PKDD 2007 fiff:2
AR, 2009 4F, WOCIHIGE R SE RG220, NBUE T, Je Rt 0 R S R IR IR
WER TREM . FAEHRAUGIT (T10) . 2013 4E 6 H, M NENEEE T /56 =, HITE
T 5. HATMEETEREIIEN . ERHUTE, AL RPN “ TR %3] 23k
T, PUERTEEEREDLZENY, EbK¥EAERF %% (ACM-ICPC) 7 ed %,
hE AR “ RCRANTERERIAEAR” — %2552 .

fih ¥ B BE RS T R E R K HINLER S S R G, 3R CH B R E TR ICR, AT E
FROEBFIER (BARHAE 3) o SRR TR E AR, AL R
LTS il TS, BEECHRESR T . AR SCZ K NIPS. ICML.
AAAI. KDD 2 [H prTiiZe 2 AR £k, 2007 4F & £ #118C Boosting for Transfer Learning 7£
IR % 2] Uil S5 B R SR 88 = IWLER = 0 DR A B E B m AR =R, W
FINTERATI R G, BTN T8 N LR GRS H BT 2, B L
B REH AR AL FH BASF T TR, 5 2 19 N RENE 52 BN LR RE R R 2L
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|w Research Interests

@ Medical Diagnosis Web Search Engine @ Support Vector Machine
Gradient Boosting @ Feature Selection

—/

2013 2014 2014 2015 2015 2016 2016

W, TEHEREIPEER, EAES.

W T VR A TR E R4 R 28 B A5 KBTS A B, BLRIR B 2 STAE TSI B 14
JS2H o

2009 FEAFF AL T AL H S T R K, 2015 AFEARAFTH R 2l Rl 5 TR A
2015 fF & 2018 K H AR /R KA FALA M L5 . R SGRikh E B e a7
A AR SCL RGR R A A T A 30— 252 2R R S E B DT 4R Y T —Fh 4
AT 45 B0 “ B EERE AR 4% 7 (DenseNet) , 2 HiE& T+ T HTAULE B iR AT
% e E .

HAI/E NIPS. ICML., CVPR ZEE PRI 22 M |EEE 2 M T3 R R F AW 30 &2
T 0 2016 4 W RAF4x 1 R B B E BREE I S R B 3L 2017 4F [ BRSO w T 231 CVPR
BAERSCH, 2018 EHEF N TR REAIET KFE SAIL Jeie R R N TR RE B AR B —%%
AL H AR

fih & AAAI 2018 = FEFZ: 51, 84T NeurlPS. ICML. CVPR. ICCV. ECCV. ICLR.
AAAI Z[H TR AR LA IMLR. TPAMIL TIP. TNNLS £ [F BT s fE A o

s Research Interests

@ Face Recoqgnition Pattern Recognition
@ Principal Component Analysis Feature Extraction
@ Minimum Description Length

2004 2005 2010 2015 2018

TALER, 1999 FESRIF R AL, 2002 FEFRTF IR A4 4r, 2005 4E3RAERTR
AL, BUNIERUORAE BRAER A B 8% -

KM ENLASZE IR, H = ZBOD TS ST, Rz GBI,
Z oy AR SE R BT 5 0 i LR BT R B I2 W R 5 R GRIIT K - H 2002 2 LK, £ PAMIL
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CVPR. ICML %5 EFRTIZSHFIAMA W ERRIR I 60 K, S 5HWE (WLEE ) L
FI) 2009 Kt “ 55T Boosting 5% Margin fi#ke” 2 2015 hix “ Z 73 Fa AL RIP HONLER 7 21 7
FHRE

M3R1555 11 Jm Meeting on Image Recognition and Understanding <8 5 316 3%, 2010
TF3R15 Pattern Recognition Letters BT % =51 A8 3% (2005-2010) , 2010 “EAJE ADs 10
to Watch, /& B 7 SR % 2L I A M 53 - 2012 43045 1 M E K A AR E R S5 T F 54,
WA NA . AF NIPS SR 2 Area Chair, AR 2 52 RHITIZ

%
® KKK
|ma Research Interests
@ Semi Supervised Learning Support Vector Machine
@ Learning Artificial Intelligence Machine Learning
@ Automation
1991 1995 2000 2005 2010 2015 2017

sk, 53, 1965 4FA, b N HREHAR S R E K E LR EERBAREN, I
R AN R B LA I, R AR S R4 E K R s al EAE, A3 R EE.
FENFEEUGAHE . 55408, BRI 5 N TR ST S0 7 A8 DL R R Tl 511
H1E. 1986 45 7 N TAbt REFHCE R, FEM Y2 L0, 1992 427 H ¥k TiEH#KR
ZPHEMLR, AWM, 1992 4F 7 HE 1994 4F 12 H, EEHEKE H L R AR,
1995 4 1 H—2000 £ 8 H, TEIEHFRFHAMLRITRIZAZ: 2000 £ 9 Hilg, fEHEFERKEH
AL REHIR; 2001 4R, ATiEHER A S0, 3T LAEAE E PRI R 230 E R R A
WG 100 55, Horb 35 E BRAUE YT Pattern Recognition. TNN. TKDE. IEEE Transaction
on Multimedia PA A B FRT5 2% 2538 IJCAL. AAAIL. NIPS. ICML. ECML. SIGIR. CVPR %,
ks A2 [ BrBUE A ) Pattern Recognition 4 %3 .

® il

|#a Research Interests

@ Solar Cell Stability @ First-principle Control System @ Sun
S A —
1992 1995 2000 2005 2010 2015 018
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NG, 55, BOTRECRIFRE & FE AT 5, IR T AL s R BR A ], ATW W & R
PR WO B K. R ERT T A T RS AR E 2% 5] . 2003 4FAE PG 22 38 K
SRR 5 R Rl ol AR Rl RAS T2 207, 2003 4 ISR 9 72 B o
FNGIH 2002 4ELLRAE CVPR. ICCV. SIGGRAPH. PAMI %510 4% 2% R £ W AT bk %2
AL 100 425, A 40 15 EH a5k E= bRt Fl.

2009 4E A& 745 A & 2 11118 3 Single Image Haze Removal Using Dark Channel Prior
W T E BRI RN SRR (CVPR) IS EE % (CVPR BestPaper) , iX/&
WINEE— IR 3RAF1%%; 2010 4, fbg e EREOFR IR O B TREPFE)  (MIT
Technology Review) 1Fik N “ 4Bk 35 % AR AN HF SR # 7 o 2012 £ 4 2014 4, flhiA
EHEERE RS B B (INRIA) 2 5 556 22 Bt Willow 2H. 2016 4, FhGIHT 4
[ B\ 554t Deep Residual Learning for Image Recognition F- k%45 1 E brit-H M 5H R
2= (CVPR) L3 (CVPR BestPaper) . 2016 £ 7 H, #GIIERINAY FAE &
JERFFE . WA BBt 2017 4F 8 H, Ab4EAE [E H 31k 2% (Chinese Association of
Automation, CAA) R A it E B4 mI BT, 2018 4E 5 H, 2018 45—t [H 5 & LiF & i1k
ATRINGN LA AR AR AL ) L U 15t Ao 2019 4F 1 H, FhEIHAE %
AT RN LR bt B AR K

[ }
3
HY

&

|a Research Interests

@ Feature Extraction Latent Dirichlet Allocation @ Least Squares
Anisotropic Diffusion @ Sparse Matrix

~&do

1992 1995 2000 2005 2010 2015 2018

MH R, AbRRAE BRH AR A L BN 5 B R BB M R SR 4%, FEHA
UL 2] BEEGR THEALE  ER AR BE ., 2000 T IE TR 3RAS
HAE 2247 2007 4F 23K Microsoft SPOT Award, 2015 4F ImageNet JCHURRL 5 7 51 5% 8

(ILSVRC) 5/ KuiH %, 2016 FIRE K HARBIEA N FEEETD. g CVPR
2014/2016. ICCV 2015. NIPS 2015 fr)45s 3 At AAAI 2016/2017. 1ICAI 2016 (1= 2087
ZE . Mt/ IEEE Transactions on Pattern Analysis And Machine Intelligence A1 International

Journal of Computer Vision )42 .
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5.3 NeurlPS +¥55|F&

2019 4 12 H, NeurlPS 2019 7 N5 K A IE B FMERE . 1E L7 ) Sl fy B 2
T02:, NeurlPS — BELAERIATRENT JJAHEL, B AR 57 TR 12—,
BT LR IR FE 2 SRS, NeurlPS AMYBCH T AR HHE, ol T T R i@ xR
&, M ANBOAEE AT L E ARSI N . AR AMiner U1 & 40t 44T,
NeurlIPS ] H5 18474 149, 10H {f 4 34641, £ N T2 e 7 Il 2 W HE4 28 — il X NeurIPS
IH4F (2009 £ 2019) BUR S5 FHE MG, AT T NeurlPS & 5] %%%# TOP100
BEER

% 5-2 NeurIPS (2009-2019) =5|%2 TOP100

E =) e AL SRRy
1 Ilya Sutskever OpenAl 67457
2 Geoffrey E. Hinton EZ eI 47482
3 Alex Krizhevsky Google 44218
4 Yoshua Bengio SRR K2 18714
5 Greg Corrado Google 17218
6 Jeffrey Dean Google 17218
7 Kai Chen Google 16139
8 Tomas Mikolov Facebook 15166
9 lan Goodfellow Apple 13480
10 Kaiming He Facebook Al 12605
11 Jian Sun e 53 12601
12 Aaron Courville SERFRI IR KA 12407
13 Ross B. Girshick Facebook Al 11495
14 Shaoging Ren Momenta 11093
15 Mehdi Mirza DeepMind 10713
16 Jean Pouget-Abadie Google 10618
17 Bing Xu b kN 10618
18 David Warde-Farley DeepMind 10618
19 Sherjil Ozair eI NN 10618
20 Quoc V. Le Google 10180
21 Oriol Vinyals DeepMind 9663
22 Andrew Y. Ng HrH AR K 2 6632
23 Andrew Zisserman HER A 5570
24 Koray Kavukcuoglu DeepMind 5223
25 Karen Simonyan DeepMind 4883
26 Ruslan Salakhutdinov R AI 4456
27 Antonio Torralba R B T 2B 4249
28 Ryan P. Adams EL N N 4116
29 Francis Bach FEEZEES AL 3350




N LB R M%)

30 Xi Chen AHLRF 3257
31 Honglak Lee Google Brain 3248
32 David M. Blei FHE ELIE K22 3191
33 Lukasz Kaiser Google Al 3146
34 Jason Yosinski Uber A\ T8 RESLEn = 3042
35 Hugo Larochelle Google Brain 2992
36 Jeff Clune Uber N TH eSS 2989
37 Tong Zhang PN 2889
38 Marc' Aurelio Ranzato Facebook Al 2844
39 Hod Lipson M A 2802
40 Pieter Abbeel BN R 247 5 ) 53 4% 2761
41 Jasper Snoek Google Brain 2734
42 Jakob Uszkoreit Google 2710
43 Wojciech Zaremba OpenAl 2669
44 Yann LeCun Facebook 2616
45 Tim Salimans OpenAl 2566
46 Pradeep D. Ravikumar K A 2541
47 Jason Weston Facebook 2539
48 Rob Fergus AN 2441
49 Michael 1. Jordan TP R ZE AR e R 43 82 2427
50 Samy Bengio Google 2354
51 Richard Socher Salesforce 2332
52 Eric Poe Xing ENAE YN 2303
53 Christopher D. Manning HiHAR K2 2248
54 Martin J. Wainwright HOPH R 24 S ) 234 2176
55 Aude Oliva 2 N e e e 2113
56 Jurgen Schmidhuber SR E TR 2082
57 Jianxiong Xiao AR ET O 2 LR R 2079
58 Rajat Monga Google 2052
59 Matthieu Devin Google 2052
60 Mark Z. Mao Google 2052
61 Andrew Senior AL LK 2 2B 2052
62 Paul A. Tucker JER 2RISR 2052
63 Ke Yang i NE2 2052
64 Bolei Zhou [l N 1914
65 Agata Lapedriza FEHE T M2 L H iR K 1914
66 Richard  Zemel 2 RF 1897
67 Nathan Srebro FH T REZINE 5K 1848
68 Vladlen Koltun Intel Labs 1829
69 Inderjit S. Dhillon 1 o 5 K5 BT A% 1826
70 Razvan Pascanu g REFRERIR K2 1811
71 Alexander J Smola V. Hy idh 1754
72 Benjamin Recht TR ZE AR TR 432 1719
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73 Antoine Bordes Facebook 1689
74 Nicolas Usunier Facebook 1631
75 Joshua B. Tenenbaum JPRA T 2B 1628
76 Kyunghyun Cho ALK 1626
77 Hao Su IR 2 S B 43 1 1589
78 Jure Leskovec HrHAE K 1569
79 Faruk Ahmed IR ZEAR e R 4342 1554
80 Vincent Dumoulin Google 1554
81 Jifeng Dai [EREE s 1508
82 Philipp Krahenbuhl IR RN 1503
83 Trevor Darrell BN R 247 5 ) 53 4% 1499
84 John Schulman OpenAl 1488
85 Yan Duan PIEWNSLETVNC AR T 1470
86 Chong Wang TR SR 1439
87 Volodymyr Mnih DeepMind 1428
88 Song Han R B 24 B 1427
89 William J. Dally I e N 1427
90 Prateek Jain A A B 1413
91 Stephen J. Wright B R K 1412
92 Sewoong Oh B I P R A K 1409
93 Xiaoou Tang B UK 1405
94 Dit-Yan Yeung BRI K2 1400
95 John Wright FHE ELIE K2 1374
96 Arvind Ganesh BRI B OR 2 B 0 AR 1374
97 Shankar Rao PRI TR 2A AR AL 1374
98 Yigang Peng [ER7kE 557 1374
99 Yi Ma TN R EAAR e R 73 4L 1374
100 Rein Houthooft IRTTR 1359

T ZAR R TOP10 & W/, Hr Geoffrey E. Hinton.

Goodfellow T\ L5t 4T T AdH, ATTAHER.

Yoshua Bengio. lan

® |lya Sutskever

B & Research Interests

@ Fixed Point Bolzmann Machine Belief Metwark
Probabilistic Model @ Long-term Dependencies

D

2006 2008 2010 2012 2014 2015

llya Sutskever, H HI4HAT OpenAl (& RS AR FE S ) Ui 7 JLITE Kot

ko fE BRI LS AlexNet S BI46 A . 45 Oriol Vinyals F1 Quoc Le —i2 & B T M
JF BRI P HI %% 2] J5i% . Sutskever /2 AlphaGo i1 TensorFlow (13 A & BN
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345 T 240 2 R ENUR: R AT BB 2 S A A 22 4. 2012 4RV,
Sutskever 7& i H AR K= EREE Andrew Ng i TN H I LG . SAEMEIRI 2462 K2, N
AN T R FRETRE 75 22 7] DNNResearch, 1% & IREIURTE 78 /NEL ) — AN 43 3 DY H RSy 1
DNNResearch, F4i# Sutskever 943k Brain FIWF 5 R ¥ 5K . fE4#K Brain H1, Sutskever 5
Oriol Vinyals A1 Quoc Le —i2 8% ' 42 51 1) > 5k, 2015 4, Sutskever 4 R4 HE
TR HOARVFRIE N 35 H LA 35 ZEIH# . 2015 I, MESITAH, MO AL
OpenAl B 7 AT i K: - Sutskever & NVIDIA NTECH 2018 1 Al Frontiers Conference 2018 [
F RV

® Alex Krizhevsky

i Research Interests

@ Meural Metworks Regularization Deep Leaming
Model Combination @ Bolizmann Machine

S

2009 2010 2012 2014 2016

Alex Krizhevsky, 4TS K TMEKX, £—RAIHEIRERK, DHAENTHE N
FER 2 S DT Fe il 42, JCH R —Fh 4y AlexNet IR FEBEFIZ /2% . Krizhevsky
{5 F At (] AlexNet 7E ImageNet Bk 3§ 2012 - s28 7 — AN BRI ) AR, XA))E 50
T RN SIS, FE BT AT N LR Re R . Krizhevsky Bt T 240 2 K%, A
Geoffrey E. Hinton #{4%. 7£ i3 2012 4] ImageNet kil T /5 AN A, Al At i) 5] Sk At AT T 1)
#18)~ 7 DNN Research Inc.3245 | &3k, A IVF 2 % T HLA 7 S AT AL 0E 118 S 2
N WN AT P

® Greg Corrado

i Research Interests

@ Unsupenised Learning Basis Vectar Machine Learning
Sparse Coding @ Training Set

-

2009 2010 2012 2014 2016 2018 2019

Greg Corrado J& 7+ HiCHfE 78 H O I TERHE 2, R 2 ORI IBA R IEC S B aa N, E 2
FHNLERE HEAERE AR gL &7 ) SUR CAE, KRR T NE G BR 1 3 27
FRBRFE 5 21 U0 IR . FEA AR, A3 ) T@id RankBrain il SmartReply £
PN TR R E A IR Frh, JRiERE TensorFlow il Word2vec 2578 801 i A4
ABTFRNAT A EMABIZAET, ARG AE 1BM AN E T AT ST AR B i 24540,
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fAE rEAR R 58 B T B AT LR BT 70 A Sl 78 SRR 27 S i T 3R
IR
® Jeffrey Dean

i Research Interests
@ Object Oriented Language Optimizing Compiler @ Search Engine

MNeural Metwaork @ Object Oriented
- —*
1983 1990 2000 2010 2019

Jeffrey Dean, & [EiHHHBFEZF A TR, fth H AT &2 Al 75T N fifEAE R
UK 2E3AT T UF EAUR S 2440, 1996 4E7E Craig Chambers [R148- 5 T 0 70 1 A X S g A%
B M0 1R 8 A AR P ARG AR . fhF 2009 4E N ik 55 B H 5% TREBE, % 2EBE R AL “ K
R AR RN RGN RLE S TRE” J5TH 10 TAE . AR, MBIl 7 A R 1
Gr)T S TeAT A AW RS R, VAR s BROHS 77 i SRR 4 25 Ao 2 A 2 S Al
Wit MBS T R . Gt HLAS IR & Al 3 T R TR, JR7E TR
BPHEENS S, EMASI A, g 7E DEC/Compaq 1T HIifF 75256 = M HAHT T
Hoo bR R REEHAUE BAR R T T AR

® Kai Chen

s Research Interests

@ Mobile Ad Hoc MNetwork Ad Hoc Metwork @ Semantic Unit
Model-based Design @ Wireless Network

1998 2000 2005 2010 2015 2019

Kai Chen (FR#%) , 2R IARIM, FZ0FFC07 M A FENLAS 7 2] IREES 5T R4S & 5%,
H AT SO T BT R F SRE 5 A B 1 B AL 5% 2T o BRIEAE 1990 At TE HE KT HAL
R ll, 1996-1998 4F A i TR R 2T ENLRL ATl 2004 4F TRV R A i 01
RFAFHENUR 2 A0

® Tomas Mikolov

s Research Interests

@ Language Model Speech Recognition
@ Recurrent Meural Network Computational Complexity
@ Decision Tree

e,

2007 2008 2010 2012 2014 2016 2018
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Tomas Mikolov & 5 v, () THEAURF? 5, T2 FNLE 7 > SU 0T 7T, H 12 Facebook
R — 40T 7R 2. Tomas Mikolov 7ERE 7 1 Fl H R TG 5 AL PR L 7 VF 2 ouik, B
AR T 35 44 I B RN T i word2vec . EAR R VEER TR RIS LR A1 247,
N T T38RI 5 R AT . 78 2014 SR\ Facebook 2 /i, Tomas Mikolov
TELREN SR SRFFIURRSE . RS AT Ui M 92 51 . Tomas Mikolov A4,
WA KRN TR e, NSRS AR, AT BRI T AT B SR A A A7 UK

® Kaiming He

s Research Interests

@ Computer Vision Vectors @ Encoding Computational Complexity
@ Image Matting

2009 2010 2012 2014 2016 2018 2019

Kaiming He ({a[{&8) , Facebook Al Research (FAIR) #F7if}%# 5. 2011 &, fa[{EiH
L TR SOR S 2 BRI =, ST NARERS . LS, AT E R ARk
SEPNAIFFERE TAE (MSRA)D o Al FRIRIF 58 %8 T S IR B 2 2 o A 3R45 1 2018 4F PAMI
FAERFFT G122, 2009 4E CVPR e fEi8 303, 2016 4 CVPR e fEiR 3. 2017 4F ICCV fefE
FAWIE, 2018 4 ECCV HAERICRELR, HKTHZEML (ResNets) HIIRCRL K
Scholar Metrics 2019 H1 B A 438 51 FH 5 2 912 3C. ResNet H |2 v R LA A R4 T
Zeke, WAL THLAS R IR, B ARG B IR AlphaGo FrIBFR L.
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PLE 2 R N BERT U R DN, BRI Bl X N TR BERI &2, BEEDLE:
R ST WIHE SR AR R e, KB AT+ 2, IEFERBANTE RN 5 B2
B filig. Rt FEST A EOVRE NG, HOTESCIB R RN . AR
IRl 2 SRR B 5 AR AE S AT Al AP R

6.1 HENRHR

6.1.1 SXEEN AR

(1) 020 f B4 FH L

U % 4 PP SRS 5% PR B2 020 i— R EE R TR, ARTITBEHLIL
BB AR 2 SO P TE R X T4 ARSI 25, WK 0 % P R A B P2
D e 5 A o AL BB SR8 R o O BB, T B LR 5
B B BE RO S, I T 7 5 S 9 2 s

BUAT 020 WA M0E W AR, 7 UM TR, e IR 75 2 AR AL 1
P FELAFE 0 25
(2) TRt T A5

TR ASSHARIE 3, 5 SRR 1 A A SSSB O T BE  UATI B H 7 A A
STRT 7 1, WSS AT 250 B4 A S 0 S A R 5 MO0 3 2 AT
FEA ST 9B, AP HTHEIT 2 00 T STRIRT AT A S B TR AT R
ARSI A S A B, T RIRAARILE BT S R AFEM N TEREL, MR
CES ST T
(3) i A%

H L A T T IO R R RO L BRI SR PR
R AT AR5 Y, SRR MR E, PTLLRIMAER . SRS, R
/7R R AR AR AT ], LUK BRI 17 405010 .

(1) 7 A AT

P LI SR TR S A T T R AT U, FTLAS

G TR A SO, 7 A A ORI
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fir AT 100 3 A4 REALA S LE NS IS RIS B N ) S O M sy LS, Bl i
M5Bl FEES P AE 8 RS 2SI B A mb AT

6.1.2 BIVIE xRN AiAH RS2 6l

(1 Bl i 73 A5 P

NTAHBFIRNIA G, HUm IR REE SR, -T2 8 RCR . YN & EA
Wi B2 T HE AT RCR A BRI TR N A2 AT G B Bt i « ENUIE G S rsl TS %
KodiE. BHLE, ATubHESNREIUAL. B, 287 GRIEE. HEE. WRE. %) |
AEPRTHIXEE BRI T2, B e il BB AR — BN (4 2 2 A ik 2 s HE & (i iX 28
BRI, IR EORGUE ) AR GOR R G IX 28 BT 22 IR 55 N 5%, 5 B LIz T BRI 2
2, REENUg % SRS RTT

W

LARF RN WiF 0l L2 2R S UVEN SR, Ay B0l B Sk sSe i U s i i e
Hr 5 1.
(2) BriRpA s BT

HOR G B KA ST &, SRR B P R AT AT R SR PO A% 35
ZNFIEIE, 1-TFA BRI J) . A B RENS SRR B A A 7%, RIA N T
B IR RIS, T AN ER AR IS InOLE, I—REA R EsE. X
T SRR ARSI 5 L 3 VPg  BESE T AT Y RENS RIS T 7 X T RS A IR S BR AR L
TR X SCREAT 73 R F i Y S 4R AR

Ty SRR SRR P A SR QIR SCAE AR — R I s PPg . BLE B SO EL A
R, FFREA R SRR ROR R — R e I EEh AL

(3)  HLFZEE L5 Ft

T ER AR KR T, RN RS REIRNTISZ —; AR, M
IR R R BB, WM. AR, S AL SENRAT 5. BRI R
HIME AR S, EE LR g0 H A — 0 52 b 0 LR R R X, i i o K s SR 1%
J&, EBNREE A T it AT i, 4R S HEEHIE O AT fE .

MR 1 55 R O PR SR R S ELIBEIR) 2 AR 1o B 50 £
6.1.3 BAHEN AHR LS

QDR o PRk VA K EPS NI =R vl
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b (5 B BRI R A JE, M sl AR sl IR L2 I 2 2T 5000 7o AER P A%
BRI, = ERME N ERG R . BEEILFR GIS hEE BHR AW 523855 X ,
LM ALER GIS shEE SRR EIF N . g S AT & 1F, Tl E AL
i E, e EME P ER, M HEE EE RS, T RGE .

i A BIE KBS BeR H ALBAE R, SRR I U SR IR i bt .

(2) HsCHbhb AR e A 3

Huhk R — N 4 S B AR, ERBIR T OB R ek . [ oot it dr
A ARNENE, At bl 2 1 (5 B AN BRI TP o S bk BEAT B AE AL R Ak
B, S bk i) 2 4B B AR AT ON T RE, AN TR s S R 7 55 B P29 4R
7 RN E R EMF R, A HEE IR

(3) HEZ AR mE

it F 0 AR S [ AR, A5 FRNED At 2 BEAOT, 2N e E Mg —
BRSSP LA, A LAREXT H SR BN EAL L S HEAL 2 RS AR IR 2K . nfef 78 73
A BUA B 5L, IRANIZHR 2 BT OR, SeR AU iR i, BRI A, X ARR
KK JEEREHE,

Xt TR 55 BATRGR BUR B 10 % P ot T LS SRR D E A S T AR S5
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UiE, HATEZFK MR T EM 422 P ESE Rt RS EE, BLAATREH.
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FEAE IR S 23 17 1) 0 2%, AR FH P U7 1) WA 2% (R0 R e > BT A T AH 2432 5 (K P R 48 AR 2 A
0 55 o G AR A P P 3 5 OxT P P AT RS HETE 4 RO T AR 22 LI R AN ELIBC ) il (K B
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bE, ST B AP IR S5 KA AR R 220 . — R T Be NS AW, (Ho2
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G i PP BOTERAE BRI AT A L (1 T IR 4R, b e g 7 2B BE K it > & TR . 4120
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PRI, A BRI I A I (AL AR VT R FH P 0 SEAT A MR ) SO 2B AT b, 1288 I
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SKhs b, WA BEENLE S SN TDLALET B Hlds s I Hah 2B, Hligk. i
My N ST WA AT R T AR ) N o SIS A AR B, 7R AL
AW, EEZANERRITEME &4 R BF R JaTi 1T, AR E R g
HHAEAFATILIN A -
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TERNZERERIZ BRI FMLas ST N A B 2 R A I PERAT 3l JTFE RS
A H5 AR, HiE. S FEETIMEH TERERR G, JETRSEBUORERI
MRS N EEATTAT M LA T (8 SR BT 4

6.2.1 &rrTI R

® JRVEAI

i FHLAS 22 ST REATIRVEAS NI, SESCR I s B IR e 7 B = DA 38 2y, AR )
FINGREER L% 2 ST RSEAT N 25, AT VERE S o R Jm AR, Tl ot S vh O R
s SARGURIAR b, XA I 2 p P RO TR 52 b T I RTALAS 5 ST R
FIEERARN, DIRAE T ], T CLE A8 JLEE A iE— 2 R J, AT It R 2R IR VEAT N
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5, BERTIAR QRO R FRIER AR, (Ha2, WERAS TR IS T AN i
%, BRI I AR H R A . BB LA STRAER], R TR AR 2 fay . IXEEHL a2
ARFE M AT 7 LG, met= AR, MaiRsE, Well#Todr, JHH KR
NEIARRKSERAE LR . A, ZEIEIE T DI RA K% A ] R, R 5%
MR ERUR T T A F R . BEAh, I B ARTE S ACEEOR, B R DA ) T
BTCE AL SR I P R 2R B 2 S ] e » IR R e, BOR H ATiE
AUEHER, (HATLUEE R, FEAARRER, EORREMS M AR HER ) e i 15 -

® IFTEH (Treasury) /& RAREE (CRM) i385 (Spot Transactions)

HPRFAEHE (CRM) FE/NERAT WSS A 20 S A, (EAEARAT A BT A U B 25
[ABA A E . UM B B SR s, s, IR #1525 (Swaps) iz Y]
A5 (Forwards) LA B EEILLTAT 5y (Spots) o £k A2 5y i BEAE 5 IR £47™ il (1) 5 4 A2
FEo BN TS AFAT N RERILRGER, X HRATRE LT — DT A A

® IR NAL NI 55 B2

IR HLER N AT CAE 0 55 i), R AN 55455, AT BABREAIT S, SRR #5051 2
WA B T A TS HL AR AL AT DB R % I oRIE Fe ol s e S, £5 T
Hil. —FKH4N Kasisto 12 7] FIIIARNLE Ns BEALBE AR 20 K, g Famsn . F2IK.
SCEATAG B, R LSS SR WA RIRIE. BRI . Ik
R ATIBR B, B BE SRR AE T ALK 0590,

® EMKIH

FERRGEIEL T —MEREAZ (COIND P&, & T EAM ARIES BBEECR, ik
T AEE SO PR B A I 1) . X 12,000 47347 FE RDAS SEPMSGEEAT N TR A
%224 360,000 LI o SRTMT, MLAS 5 21 SCVFAERLAE LA /NS P o AR A 2 R & [

® BNY Mello
A ML E R EMEATRITAES R b . XIEIHRET Y4 30 ik, sk
TRRIIGE TI2 B L.

® Privatbank

— R Gy AT, B SR 6 S R AL 2 ABhEE . Chatbots IR 1 — %
FERRRRERE, JFR N B HeErl,
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JEE R R B A A5 8 A 4 b AT A ol Ak s 4] BA Y Marko Kolanovic #11 Rajesh T.Krishnamachari
B NI AAT T 43 75 <5 R IR 55 SR 25 2 =) AR B B o A TR — i i o X A R i 44
CREAER ALEERG” , BEIARRE “HLAE IR e R SR ik, AR AR, Bl
A PR SAEARR N s B R R . i, A, 5 SR BT AT 2 1
DA IR . AIRANIKRE, AR Tk 2 T AE—— T Wi e A1 GDP 21X A 1) AL s
VRIEAEAR TS 5 BB SRS BRAGBR AN AR O, TR A (58 FH i 5t S A0 D7V (R 15058 2 T DA T I e
5 IHEENTRAT T TSE M AT 3.

6.2.2 BB

RHR A AME RS I BR AT Rl AEBLIPA B 3 R DL, AT BB 538, W
FILaRE . HENERRERBOHRIE IR EE 2, 15, FRAF O RS
2] TR R AR R TT 5o IR ECU (RETHEHIIHI0) CARa TR E a2,
17 78 73 A FL 8 27 21 56 BT FRAT: 55 245 45 50 B B2 o TR AE (A B A R4 A M TS R i
BEATRLS, AEULVPAE S B RATE O BT BRI X IEROL RIS, HIE, #
B B IR

TG BIRBRGIISATIN AL, MR RSB & R g PSR IR . 250001, 40
RAGEG BB RN, ARIIEFITRIERE. T8RN, SRR 2% 5
(V3 5 AN TR LA B T8 5 B o AR ISR 7 Oy AR I B A B v BT 1R X A
FETF 5 1075 30

£ H BB BIRG b, ML S FER — A T BUES5 R EE Y Bl E, DLSC T AT
RER AL . IXEAESSTT A AU TAESS: HARKN. HARRAI S, HbREhL, is
T o

BLas A S AT AT it o) 0 4 2% RSRAEIESIL . JRSREL iR S al = 55
%o ATUARMI ] —JpLas 2 S FER SN LB TR 5% Biltn, [RIRSERERS T Tk e
BB b U Bl 2 15 B
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Reinforcement Learning Framework

‘ OBSERVATIONS

System Environment

ACTIONS

6-1 BENEREMRA . ST

6.2.3 BEFETT

N T LI T RN TR BERIBL A > 1 ] eSO AR By DR AT M, FA I S B AR 5451
I HIXEE ST LA e B I L i iR A s A (B

® TR JE b B K I A% 1 L

P EE P IE (Pattern) RIVA N TE B RS H i EAG I — 5, BHFEAN IR
FEYIZRN A ReAr BB x 06, IR EE A o IXIRBCAR AT LIOAR = FRC 27 5K 1) G5 A i AT
b DX SRAT ) s A A VA T B

o FiAITIRMMZE NG AN RS (PTSD) AN % fE

IR ZEN QI 5 BT 5 1BM Watson SR N & GER TR, AR IR EE 2 &
A QI 5 R AT IR AT ZE N BEW 58 OO BIG YT « (I EE R, fATTH) 58 R MAE] 10%
EFHR] 73%. KRR N F SIS, 80% 1) EA QI 5 MRS IR NAEF 2 )5
—HENFERIRIT IR, SRIE R . 1E 300 ST E A A b, KA T A
Q05 Ja MRS -

® AN H ifn
PLE B EESr A A 7] MedyMatch F1 1BM Watson Health [F7E4EH AN T2 A8, @i
PP HAIL,  # BhEE B 22 = R B AR A ZOthia T R RRESL MG B . AL RGE IR PRI

%277 (clinical insight)  JREE2:3) . B BHRANLZS MK B shbric & i H i,  PAfEEE
ERAT

157



PSR T

O LB T AR B I )
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N TR IR AT DAL SE AR B PR A= (¥ - I, 35 B R gt o B (O D T I, T A 5 =
AIFER), AT BRI . 40, fE3 30 Scanadu ] doc.ai [ 4A1E & AbEAR Y Ao v il
o N R Fr R A AT AR S 08 A R, AT A T B AR A K I TR AT R . Nuance
Communication #EH 7 —FRABREANBI T (07 i, T ARERE DA 45 R OF AL BE R A FE A i 7L
5GSBS T R LIS 2 R, R TRE AT B30 20 (AR ) AL R R 2

o KRR SRS

FLCE, AT N A 7 TR 43l fIE 6], 7T DR 5 B A K2 W
IRYCHTIR IO, MRk T) 820, 1M ELECRMMERI BRI B . A T8 A 5 5T LU AL B o
A 2 AT BE AR ERAR RO T4 44 HOAE AT T « AR 60 B 3 B S8 54015
U RERAEAL, o B 56 R 20 - A KT Ak AR RS B M S AR, (A TR
e HIRE NI 172 AT T R ALHG 44T

® LM

T ReAHZ WosiE 1AL S 07 BdE TR = 34 (CT) L BLRSUME (MRD |
PR X B2 ANEMGR, VF 2R EA IR X S R RS B B HERAIS T, AT PT St 2
OB Ao SRS B DR R R 1) 3 — AR DT 1, (R TR T BT BAR 2 /N, BR IR IX 0
BORTTLMER Al B, BUECALPAEN, HHEE AN TR CkE LS h 21 X4%
S INTIE 1 B R A= 1 11 DA — A 25 A UG R DIV 7 17 B2 k98 - Startup Enlitic 1EAE
A PR BE 2 I SR CT EMG b i il 45715, B0 By — AN B A LA (45 S B = A 1
HERA 2 5 50%.

FENLERIIEY T, HABET (R EA R IEEZ iz W, 1697 2R A RE . Insilico
Medicine IE7E FHIREE S SISk T BTG ANATT J5i%, WA IRy ik . XSy ik
BN A BLRBEAIABATT B A AR R S

NTLEREZ PTLLREMIX LI TIEZE 3, REDVERE BT A &Y%, I LN BB E L,
IR LL )R REAT BT 5 R SRR AR ) 4 N DL LA R R 2 IR ZE AR e

o Hlas NiFAR
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AT DL I B SN R AR HE R oK B SEPs AR B AR 1Bt LR OK B FARHI Pk (5 Bk
AR T F AR F S b, AR U, N TR NS NBARN RV 4656 T 21%
(3 45% B e ] 731,

6.2.4 FEI

IDC F| 54 Ivano Ortis i 7 5 1AM A “ AN T BERHE 2ty 2] — A8 i AKCr
HRBOAZFERIF R, ROL/MH T ERREREFERKIAT . N TR AT DL
s BEMEAIHTIT AR BORE L, Zi& T a2 4070 A0 B R SO BRI, AT HEsh %
JURR”

ETNTERENPLEG T IRETT, IRE 5 BN TR R AL &8 > R Ay i oy 245 i o
KT R BUE, THEALATCLSE B An 7 it , MBdRat T4 2], SLRL H Em b
BN A RAEBIAE, A T 22 WA R g A o S 0 I e AR B e A TR 75 5K L T & AT
DAL AL 2 P AR B ) 2 45 R Ul — MR

Biln, Rl e T B3

® LTI T AR AR P AN SEAGE 1 )AL P el I

MRS s S SR B e B, HESEE K% B
o WERHLENAT LSS 5% S AT R REN . AR XIS E
o AR F AL BRI EetE A 2 S AR S M IR 55 R

o CPEEDH, SCEIEA R, SURATIESRE A, R SRS b A A it
TR, JERE B B EETIT S B A e

o ENMGIEE, HUEHIE . &S TEERE Mk

Rl A ge [, FAERITC 2T DI KRR B 27 38 5 Beli AT it . i HLBE
Hm s, WM, MBI CEE ) 2N TRETE, SRk
iR, HESIEA R BB TR SO S ARG A

TN AT RS BN TR REMPLES 22 > sm 1, .

o BRI LA ST 4 S IR SRR I 755K, P00 R f b 55 IRk 5% T 47
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o TN RGSARNSR AR ARIEE SR AR T El N AR
Jibq B fioh 5 4% i v A B R R BRs

o FEE T AT DA I HR DA S AR SN R, DL AR 90 I T PR RN 7R A A AR AR, AR
JE BEAT 73 AN BE N T AT R RSB . S EE AN R A

o RGHUEW OB T BN IS S, SRR AT, BeE R T A
eSS

o RHBCR ARG LI N R L BRI S5 08 7 i BT ERIRES

o SRS IEFESCHUR 2 BRAEAE 5 10 B Sk, FIan i B B AE I, e dh o RAR &
AR

o JE AN AT PR R AR R IE S B T 2 AN TR, ARE A A Bl AN e A R
RMAE PR EAE GEI b/ s B

2% H BRI — Wt st TR Z 611, Bl TR EERR A R R B Rs E M4 7
AR A, I

KB BEE I E B ERA NS L ER, 1k 5 FBEEMEREK T
19%. i F L A H RSG5 i A, B e A SRFRIRALE AL, (19SS R
N T 16%.

AR5 R S TS 2 o1 R I A 22— o FAt B 5 v A0 1 A5 AR B AR
REA S ARIEHIRAT AR K S Bt e AL HRvE Rl 3BT DU AR 5 45 SR

P A OCHRERBAT D) PLRSR B AT A5 3R I 0 s g —— n IE = g
AR 2R F—— A 450 FH 72 7 Hcdfs P R B A B AR 1) 31 R 5iR o LR 2245 8 20 M A
2011 FAhTE, EEFEATWALIL T 30% ~ 40% 1) 7E R T AL P R g K ——IX
IR AR R — E R R B AR S B . B AR H AT LR, AR R 2 AR
AR B R E A

PEARATIAR, S T E A 1B A 60% A KA 77 0.5% ~ 19% 11K .
Ho2, SCIX—WHERAAAEE RS, FIansk= 04 NAT Al A EEE LR -

R LR M TR BE T N LR REAIHL &% >) W] LS Bhi e s A F mT
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5 AN EITE R, BBV AR, gk Ak T DL 22 AR A7 2 A AT I £
S IVE PN S (C/T R

ORI, SXEEHAR I RAT TR M - SR AR RGN B A2 S8R, SRt
AR T — DR ELRESS o« LS 2 S A Ml 0 5 K SE R 2 St A o

G5, 2030 4, AFRIOVOKTRFUHIL (ERIE 40%. & Aol %
AKAEERE 19 F1 7, % Sk 4b 38 A ] Ecolab (2 HE42H1) I3 4% Azure il Dynamics CRM
Online 75 P4 1B F £ D A BR AL SEBL T HFEEIE

5 A ERE B AT TR RS HE N =7 & BENCER S FT KB, I i AL o I ATk
BT EER S A K E MR TT 5 AUE R, EREFEIRK. BRI MM IS E
JEA

ARG /T Dl AT — 2 2k, ARG A 2 LG > E i B >
AT SR TN PR AN SR o

BEAN, Hlas s 2 R HES) Tl B S LSl @I AL~ 2ok 7 21, FRRERS
FERRARACZE P R, BERARAE P A, TR AR R 34, AT =4 48 N2 M K £ I 1) oA A Bt
&AL,

6.3 MR B

6.3.1 ¥ BEFIEEARALIANA
o [HENSBFILTE

BN 3] =74 (Baidu Machine Learning, fij#% BML) 23T HEANE =G
=P, HIE RS ET B AR LS 2 ST 7 o TR B A S MR = PSR )
PEERTZ IR AR AT - B0 TR B0 ARSUE NS = 2 2 F 6 . BML E2 N T K3
WG 50 BdEiz . BAIZR. R R, PIAAGSESIE, R E AR N
H T, R, S E BN RS ATE BML Fo BML 2 HEEA R 24 LSRR
B AT WL 2 2 DT BRI R o AR T F 5 S8 BEIPLE ¥ 1505, ik
1138 7L A, F e DUESER se BN JE IR s Uty geit. IIZR. PRAG. T3
W RATRER RS SR .
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R A SRR AR P R AR i BRI 00N, AR ANE R TAE H AR, JLE
T IR —MRAE JUAS /N e dR € « BML B SR BERTVR IR 2 IR R, I
il DNN 2 Word2Vec I ZA 421 B HF, TR IIZR B CRRh 248 I B IR 45 Rk
AT, 5 (EHEAT TR L 27 ST IO I ZRad e DA e 45 SR IKT AT AL o

BML IENAH = AL 7 524 1 B o5 58 BRIEF A pe Aol (1 S B il 7L,
S B P KR A (e

® [THIKANAEITH

BT HL LR 2 2o B = M AERT L 2 MaxCompute (i ODPS) & F a2 b, HEHE
ARPE . B, BTN RTINS 2 G o BTE LS ) Sk T EEE
DTN AR SIS, FIBLER A ST P S 1 S fl 2 IR AR 5

HLAR 521 F 6 PAI3.0 HEH T ¥ BENERAY 1Yy, WER R, 58, T SmS%2
AT, BE R SRR [FIETISR TR A B N GRS A
SR E TR EANLES TN, PAL R GETTH 53T T 2m T4, @il e
ARAOAE 5512, IIZbEREIRTE 400%. PAI BIBARTA T IR % > 4q 1% 4% TAO (Tensor
Accelerator and Optimizer) , LU AL, ~F G40 177 20 2ok 2 Workload 5 )i 2 AE {411
AN vl IE= S T T

BbAh, FERPEZ IR A NS 5T, PAI 3.0 7] DASEILEAAE 55 3CHF BT worker Ik
WGk, F3CHF Sk K IE A T HSERE . PAI AL I/ DRIREME, SR 25 E
PREEHOL IR o AT HAR, BIVA ST A © GPU 7r I B IR . BE
BORSIHUEAE 1 2dha 3 s () AR, 6045 S 7 ek Be dfe S It 6 L 4RRLE GPU BRI H
AN GAF A ST B S Bl (0 B A SR X LA R s e

Ak, PAIB.O B R AT T KHULEI M4, SAFHLHISRIR T 40%, HFHERA 12
B, A G e B ] AU RS S r b 3 TR, A PAILO TG, ZHLEEF R E
FERTHEE NN 7 24, R T% TG, AEEERT, BRERSETHEMGMH T R
LT HEY . WS ER S 4, WE T DS A MRS, A2 T R
HANSHIRSG A b, FTHCT IR,

® B REBR LA

FREARML S22 ] (T1 Machine Learning, TI-ML) &5 TR 2 98T RS 7 10— 3k HL
BEEBME TG CRMXT S FERE. AE. Sk, BARMPEMEBRSETAE, 613
B TR A EE R XA 2 L RENS 7 (M A TR ISR PR AT . 9 BB K R 517
XFFAA VI AU E R LR EHE . BRG] B Z RS 5%
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o Tk

PG TV AR RN T, A HiRte R R T T ML G T ik
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SHEZRA A EpE AR P I R 238, v BEER AR AR E 1k mT DASRFRHE R I 2R 558

® Uizt

VST R R AT TR T CHLER ST HOR (N BHT P K BUR —— Al Prophet
AutoML & CRfE#Fx “AutoML 74" ) 5 AlProphet AutoCV “F-4& CRfaifk “AutoCV ~F
87 o PG U NTEEEHFE “SBIEsem” NG, il Al ST
W sk U B IUTE “ik ALMALY [ AutoML 32K, BBk “8IEsea” rt
BRG, N AP P AVE R A T 8 i e,

FPUTE AutoML - & 5 7 Bl 2 T 7 S K « 55 (0 SE S BROAAR, T2
PEAFAEA RS HE RS . AutoML 1 & A S T A IR FEAR 1 AL S TIHE, 4k A “ik
ATV . R R . BRI ZR, BN 408, TR ORESIS TAE, BRIl
WSS BTG AL TJT R SERC AL LT, K AL BITT AR S CL- 58 D S ARr 2 e 2 FA 0]

FIUEL AutoCV 1 & MIFR7K 1 55 DU S A1 Ailk 2 AR T IS 4T AR (TCOD
Ui B AR 7555 DNA, IR Ak B EF . s s s s i R . 48 T, 1%
MEUMERRE, Al — B RE N R 202 9 ML B RE, 297 20 AL X BIRAIE 60
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6.3.2 Hl2§%F JEE S eI I N

PLER A 212 5 N TR e — R 2URIA S AT, IXPIRIGE M B AR AR 1B ek is 2, A
ZHUERE VIR AT AT BEA T . FHiMg 1 E AT TRAIHL 557 > 24 7] B,

® i

WS 5% > T30 B g (14 2= 89 B AR 55, MAEZRT )5 2 Kindle A1 Echo B4, AN A2 .
PLE 2 I T 7 B0 (L™= i sE), IEHT Alexa 512, Alexa B REX & #% . L
i JHIM. W53 Rekognition. Vi ok AT RE . BeAh, %28 Rl T I 40 i
TSR HALY, GEd AWS SREHLE 2 SIS -

Amazon SageMaker & — i 58 = LE IS, WA BT RN SRS B 2 X DR A 2
WEAIENAR > (ML) B, SageMaker 582iHFR 1 HlLds 2 Il R rp A D PRI K &
TAE, AETFAK AR T AR AT BN AL .

B4t ML JFRGE—ARR. &5t SRR, 1 B RN T A T8
PLas 2 TARRRE, XibedE BhnsfE. &7 208 TRM TARRAEDHEAE i, B F
5y 1% » SageMaker £ fA T RA PR 7 I THLE 2 ST T A A0, X —xfEein 7] i,
PR A PR T A 3k B /0 P T A 8 A SRR ) B SE AR N 27

o

RSB ST KK T il B AST BB R AT A A . 7T
DL R 1)U % T ML TR, (ERTEUR OB R A B2 b S AR Re, H53)
30000 EANFCF G, BEEVRIRE TAEWE . EAIRIFR RS (WWDC) b, 5T
61 108 FF R 4 T RHTI 0158 2 STHRAE 42 Core ML 3, ML & A5 \E7E F-HL app.

Core ML 3 ¥ B Vit 9 % LHG Con-device) MLAE2ESTHRBLIILE, LIFREL i0S app )
ANEARIAS: . IR RO 26 4 A A ) W49 macOS _E37 Create ML app
B35, FIF ERRRIRI L 5 2558 app. THLAS S SO LAIL, BEJH) Core ML 3 AT
f’] Create ML app, BHAaBIEE. YIZRIERBENL AR ST,

HE B R
o WRBAAMEAL

Core ML HRRIBARZRE] app wv, H BHIRENRAE I rp 23R B0 GUR B FE A B RETh RE -
BUAE, XS R AT DB B B0 R Bt it AT SR, R AR AR BRI LR T
M AT
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LAE e 5 A HINLAS 5 ST AT LATE A Core ML 3 IR0 84T o W LM A B AT e
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o HRIEHENLE S TIRE

£ app TEIAETTEN LSS ST ThRE . RGN . PREZAIH 3R DA SCASIR
Al BB EEEA2E, DU GBI IR ] . HAh DR ARG IR S ARSI . SRR, 4%
TERG ARG H A B Fa A1 45 B v - 45 FH 37 Y Document Camera AP s AH LA A48 35 508

o YILRMTE NLP #i1Y

X EIRE & SCARBEAT o0, S HNESRA R udE, AR AR A PR X
ANHEZEFN Create ML KI5k AHRE 52 1) NLP #5781, IhAgdE Create ML SCASH AT A%
2. iR A & (WordEmbedding) « 1EERBACAH K. FTHTIEE 15 EIE,
RORHE . WA SCRIPE P i

o JEYF
FIFH %% E 10 Al S 008 3R 50 DL s 3% B Z M Th R, WiE %15 2 . streaming

confidence. TEFATIAMIAE FEIRE. VRET app AT LS I U 1] 5 P05 SR T B IR 32 1] A
o XEEDIREPLAE AT ] T Mac apptél.
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Ayasdi iz 172 DARPA CEE FE B st 7Ll H 4D S — XA A v, weA 1
HARRER AR HAZ BRI R 70 Al DA R 2 Bt I dn o o, TR e
BTG A IR 5 7, XA IO TER], BB ERAE . AERATNT
GRS 151 SR A8 73 # (Topological Data Analysis, TDA) . TDA #iA 2
DARPA 5 B i B B BRI 2 —, JE3RIG 1T 2 IR T

TDA JEFHh 2 AR B S0 AN A 0F FE R (AR  TDA $i8 A2 XX — S RHRE N
At m BRI B . A VIR RS, BT B — MR, XA
TR A = L. Symphony AyasdiAl 1) TDA JHERESE T T 2 N 520 . Gt R U5
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7 BBRE

SR AR T R4 (http://trend.aminer.cn) ] LIET AMiner #id 2 125 W& SCHIEURE it
ITRNIZH, WMEAES . E & YE% R mH B E T AT . Hldsss>igt—
M2 8URAE SCER WIHBERIR. it @i, hodr. BUERIRE RIS R
TE N ARkt dr,  WF 70 R A2 B T1/4518 Journal of Machine Learning Research.
Machine Learning. International Conference on Machine Learning. Conference and Workshop

on Neural Information Processing Systems i/t 20 £ {1 3 .
® HIRiEH

BARBEF T E PR SREHS IR TEARKEI, BT H TR i, v
A BIAIT 78N 53 B AR TSR T 70 D SEABIOIR  DRad AR T 7 R Al v 2 o el L PR rhg S Bty
TR — MR, SRR ZAREELENINE, 5420 8RB IR, &
A 2 IR H RS PR iy B AT AT HE P o I B AR 35 03 B T DL A B 24 i 2 A0 ) o
FT %@ Topl0 & : Neural Network. Machine Learning. Deep Neural Networks. Deep Learning.
Support Vector Machine. Reinforcement Learning. Feature Selection. Deci Tree. Data Mining.

Artificial Neural Network.

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
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ZARGE 2ATE T B MS] A GURAHER 1830, 5IRTERT AR ST T

1. W 3CAr@: Scikit-learn: Machine Learning in Python
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WX AE# . Fabian Pedregosa, Gaé Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand

Thirion, Olivier Grisel, Mathieu Blondel, Peter Prettenhofer, Ron Weiss, Vincent Dubourg

5l & 13600

2. W@ Natural Language Processing (Almost) from Scratch

1 AE# : Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu,

Pavel Kuksa

SIHE: 4094

3. W3CHrE: Ensemble methods in machine learning
WX /E#: T.G Dietrich
S E: 4624
4, W XARE: Manifold Regularization: A Geometric Framework for Learning from Labeled and

Unlabeled Examples

WIAE#: Mikhail Belkin, Partha Niyogi, Vikas Sindhwani

5l H&: 2857

5. W3R8 Support Vector Machine Active Learning with Application sto Text Classification

W AEZE: Thomas G. Dietterich
5| . 2428
o [FHXEEHA

H ZOEH T an T B PR Bk i Ron — AN ESR, HSERERIR % A S 1t
TUAME, 5 HEZER SRR RIEMC, &S0 T I e PR AT AT HE . T
1o 5K H M AT LU 2 BOATLAR 25 1 U ST H0EE Topl0 (B 5K 737302 . United States.

China. United Kingdom. Canada. France. Germany. India. Japan. Australia. ltaly.
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University. Carnegie Mellon University. University of California. Google. Princeton University.
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8 HiER

AT AR A 1 HLAR S S WU A T B, A B RS B A ACE A T LA
E PR, RO RS A T .

8.1 FiFHHE

1) WREES IHEZE Pytorch
https://github.com/pytorch/pytorch

2) VRPEZ: S HESL Tensorflow
https://github.com/tensorflow/tensorflow

3) ML~ scikit-learn
https://github.com/scikit-learn/scikit-learn

4) ERE T MBS T F AT 1) Transformer &
https://github.com/huggingface/transformers
5) HARTES AP TV 5% spaCy
https://github.com/explosion/spaCy

6) HARIE S A Toolkit NLTK
https://github.com/nltk/nltk

7) BHARIEF AL AR Gensim
https://github.com/RaRe-Technologies/gensim
8) KI5 NetworkX
https://github.com/networkx/networkx

9) XGBoost
https://github.com/dmic/xgboost

10) ¥RPEZ*#>] FastAl

https://github.com/fastai/fastai
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8.2 TIIZk

1) Glove
https://nlp.stanford.edu/projects/glove/

2) FastText

https://fasttext.cc/

3) MUSE
https://github.com/facebookresearch/MUSE
4) ELMo

https://allennlp.org/elmo

5) BERT
https://github.com/google-research/bert

6) XLNet
https://github.com/zihangdai/xInet

7) XLM
https://github.com/facebookresearch/XLM
8) OpenAl-GPT2
https://github.com/openai/gpt-2-output-dataset
9) ResNet, VGG
https://keras.io/applications/

100> YOLOwv2

https://github.com/experiencor/keras-yolo2

8.3 iR#E

1) stanford cs231n ML
http://cs231n.stanford.edu/

2) FastAl ML
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| Armiezmisses
https://www.fast.ai/2018/09/26/ml-launch/

3) OpenAl RL

https://gym.openai.com/

4) stanford cs234 RL
https://web.stanford.edu/class/cs234/index.html

5) CMU 10701 ML
https://www.cs.cmu.edu/~Iwehbe/10701_S19/

6) CMU 11747 NN4NLP
http://www.phontron.com/class/nn4nlp2019/description.html
7) Coursera ML
https://www.coursera.org/learn/machine-learning

8) edX

https://www.edx.org/course/machine-learning

9) udacity
https://www.udacity.com/course/intro-to-machine-learning-nanodegree--nd229
10) deeplearning.ai

https://www.coursera.org/specializations/deep-learning

8.4 BiERE

1) [CV] ImageNet

http://www.image-net.org/

2) [CV] CoCo

http://cocodataset.org/

3) [CV] PASCAL VOC
http://host.robots.ox.ac.uk/pascal/VVOC/index.html

4) MNIST
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http://yann.lecun.com/exdb/mnist/

5) [NLP] GLUE
https://gluebenchmark.com/

6) [NLP] XNLI
https://github.com/facebookresearch/XNLI
7) [Recommendation] MovieLens
https://grouplens.org/datasets/movielens/
8) [NLP] WikiText
https://blog.einstein.ai/the-wikitext-long-term-dependency-language-modeling-dataset/
9) [NLP] SQUAD
https://rajpurkar.github.io/SQuUAD-explorer/
10) [CV] CIFAR

https://www.cs.toronto.edu/~kriz/cifar.html

8.5 HLE&F IR

AAR A AT IR AR ST AU = RIS, 2R ARG, S5 A RN
EIEROREERE AL 5 21 \GREM, VEANEERE TIC R https://www.aminer.cn/data T % J5i 46
Bl % T A 3 M EAR RIS SORAEN R BR M, B vT LAgE— 25 58 38 , WOl st # P4 I,
BATEMRIEARIE 328 10 S 45t W 7. Machine learning ) — 24> 25614% Machine learning
theory. Learning paradigms L /% Machine learning approaches, ‘&1 1 Z1R# BRI :

o The curse of dimensionality
o Structural risk minimization
o Empirical risk minimization (ERM)
o Regret bounds
o Generalization error
o Inductive bias
o Complexity
o Generalization bounds
Model evaluation and selection-o o Variance
o VC-dimension
o Inductive inference
o Probably approximately correct (PAC)
o Online learning theory
o Cross-validation
o Meodel selection
o No free lunch theorem
o Hypothesis testing

Machine learning theory o o Hyperparameter optimization

o Batch learning

o Online learning settings

o Learning from demeonstrations

o Learning from critiques

o Learning from implicit feedback
o Active learning settings

o Semi-supervised learning settings

Model Setting o

o Overfitting
Model fitting o o Underfitting
o Optimization method
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AT HLE

Supervised learning.o

Unsupervised learing o

. Re'\ngjrcement learning-o
Learning paradigms o

Adversarial learning o

Multi-task learning-o
Online machine learning o

Ensemble methods o
Spectral methads o
Discriminative Model-o
Generative Model o

representation learning o

Supervised learning by regression o

Supervised learning by classification o

Graphical models.o

Clustering.o

Machine learning approaches o
Markov decision processes o

Multi-arm bandits o

Neural netwarks o

Ensemble metheds o

Feature selection o

Bio-inspired approaches o

© Learning To Rank . .

o Supervised learning by classification
o0 Supervised learning by regression
o Structured outputs

o Cost-sensitive learning

o Clustering

o Mixture modeling

o Topic modeling

o Source separafion

o Motif discovery

o Dimensionality reduction
o manifold learning

o Reward technique

© Multi-arm bandits

o Markov decision processes

o Gittins Index .

o Sequential decision making

o Inverse reinforcement learning

o ﬁ/{)pr_enticeship learning .

o Multi-agent reinforcement learning
o Robot Control, |

o Trajectory Optimization

o Transfer learning .
o Lifelong machine learning
0 Learning under covariate shift

o Boosting
© Bagging

o Ba{resi@n concept learning
o beta-binomial model
o Dirichlet-multinomial model

o Sparse coding
o dictionary learning

o Linear regression

© Logistic regression

o K-nearest neighbors

o Decision tree classifier

o Kernel methods

© Gaussian models

o Logical and relational learning
o Factorization methods

o Rule learning

o Instance-based learning

o Directed graphical model (Bayes nets)

o Mixture models

o Undirected graphical model (Markov random fields)
© Learning in progabilistic graphical models

@ structure learning

o Inference

o Dirichlet process mixture models
© Gaussian processes

o Affinity propagation

o Spectral clustering

@ Hierarchical clustering

o K-means clustering

o Canopy Clustering Algorithm

o stochastic block model

o Density-based spatial clustering of applications with noise

o Bellman equation

o Discounted reward

o Average reward

o Model-based method

o Model-free method

o Semi-Markov decision problems

o Stochastic games

o Hierarchical Markov decision process

o Factored Markov Decision Process

© Partially-observable Markov decision processes

o K-armed bandit

o Contextual bandits

o Upper-Confidence-Bound action selection
o Gradient bandit algorithm

o Backpropagation (BP)

© Perceptron

o Feedforward neural network
© Deep learning

@ Boosting
@ Bagging
o Stacking

o Akaike information criterion
o Bonferroni correction

o False discovery rate

o Familywise error rate

© Multiple correlation

o Rank correlation

o Stepwise regression

o Artificial life

o Evolvable hardware

o Genetic algorithms

© Genetic programming

o Evolutionary robotics

o Generative and developmental approaches

B 8-1 AR S =HAAK
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