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1 SRFIHRE
11 B R

21 BRI, AR R GPU IR 55 88 0FATTHE . K&l . IR
ISR O FERORIFESN N, NI A 4R HE N BRI ARG KE R I AR
TRRERAR. AT, FEE R MR LA ANZ PR, Jef s e gkt .
2R AR RS AR, N LRGSO LA % 0 T [ BHRE SRS S
TN LR BENE NG SN ACRI NS S, 55 7 mm i L N TR BEIR 55 RS &
gt ARG AR IHSh RER i, Re N DR REVE RSB aI 77, AN G H B (1
RFEHLIE

B4, NIERER RN EREFFAAEER N, NLE B ZRE 54
BRAEMTEREES), AT R&AETTIKT, sk e kg, FEER
BUE LR YA - 8 N R RE AT DARFE R de , b e K 015 2 Bt AT b 2,
AT EE R, R AR IRIATT R, AT IFERE I K. A
TR e AT DA R B A AR R AU DROE 29D BRI B L 4R R AR AT A AR AL
FEH K. =R AN LUREE TR AER, PLHEAENEI IR N - REwT L
T DB AR REIMRRI R . PURAEN TR BERIREN T, P asr s
SRV EES, A TEGR ¢/ R-BE-HE - - s A R i
T HIRM SRS B BRI, AEFFANE P ML 8] SRR R AT EAg , B 7l A
Wrim I, 5 AL S A O A S B ERE, PR BT KR, HE
) | 2 GHRARE RN .

N TR Re AT 58 VY RS, Bty 1% O s AT, FEIZ A1 38 G sk — M E K
ARG E R . JEEN TR e U A Jg AT HRe L %S, nAese Mk
JEEL, FTERMAA % RN FEE; FN, HEEENE, REANL
BRER PG, 5 LG EON EM AR B LIS —E 28 . N TR R T
AEAT B SR RERE LB SR B, S A% R Al A mT RE DR b SR, T i
I = RS e (R DR, BERHLE TN EE, IreEk, REBUFREEEMA
THEBERI A, M4k G 2 TR, Sida 5l N TEEER K. 2015 4,
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CE S5 B G TR AERE “ HE+” A7Eh e S ) Mifi, $RH “ N TR RelE
NE SR 1AMz — 7 5 2016 4, 7E (HRAFMHS KRS =AH
FRIRINEE (FEZ) ) i« SR IURN TR RER AR+ 2017 4, A
THEREANT IR, JRHAESI RN KB AN T8 B SR 257 IR FE
2018 4F, AR FAEBUN TAERE th R KT R R, - sy —
RN T AR 5 2019 4F, U0V 35 F R A AR SRR i &
FBHERESUOFRREEYHE, U BCED T OST IR TR RERI SR 2 Hr R
ERA iR TR o BAT, EZ2BERERMRNIES T, TRR¥FRE R
A g, RIETEN T B E bR AT 3B A IR, EH N TR & R
TEEMNMG, REANTHENRECHNREE.

RE AN TR G R BB E AT N TR B RAH IS e a2 5.
HE N T e 2#4> (Chinese Association for Artificial Intelligence, CAAI) AT
1981 4, 22 [ 5% IS B 1 20y M A 3 [ 8 Be R BOR Gt — 1) E X 42
HATHA 48 M iU, W45 40 NE R A/ 8 M TAER RS, Bk TR #E
Bl HEOR G, B AT 55 fe 1A 44 B e b A R AR FIAR IR 7 71l i 2R
WHFt B NAMARAR . B K FREE  BHES T AR I AN HERE
FARVE . FARE W RV 5 R G S et R E R R A R, N
ERWAEFRKIE. thaiid. SCUHRTE . 2 RER IV s R E AR RS .
BHERABIR 2 5K %4 (AMiner) 2006 4 2k, Sid+ZEREER
J&, QR 23 (LRSS L340, Mol 1 4xek 220 MEZABIX . 800 £
JIMSL P Vi, AEFEVT IR R 1100 J3IK. AMiner T & B 3145% 2017 S L5t F
FHEORA AR, 20138 fE P E N TR R 2B ARORBEE — 454 . AMiner ¥ &
C&RkS TR BEBHN . BRREREEZR . IERREBURIN, DS
W B, PR, SRS . N T GE FAR L5 ek & 1 o A
K& o BIZE L H BHlE L R R ik N TR RE R R ¥ ) &, WAEJFRNE [
TN TR ReRL KR .



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

GmiImEE

1.2 mib BRRS 7%

AR HiE R A FIR B B S TR L B 5T S . KITT AMiner -
6 IR0 TR S BORTZ IR R A AR R Bt i iy [ IR, imid R [RIPFR
A R R EAZ DR BB A R 13, gk 13 S N L RE R 3 A0
AT E R, B PSS IR THENLE . HARE S AR, i
YOI THENLETE S ZEABOR . AW E. HLEE A B SR rIAL.
Hdzdi . (FRAR GRS IR U S & SR NG DL N 28 I R 1,
WG HEH T VIR DL LSRN S (e

AMiner 7 G H#ERE 1 4 WUBACERVE IR, IF L 5T 4T, $2901X
SEHA T2 B0 10 4RI 3C, BRE T h-index HE44 BT 2000 f%53, R - 2
JE o FATRG X ez IR UL B2 BAE B ) T B3 2] 1 2 A&, of
FERSAI S AR T I R R A o A s[RI, JRATTE— 2B Geit o i 1% sk
B EAI LB h-index 23T S Dl X T FEIAE 24 U ) A A 1 0 3t 4T 1 $2 90
o, MRS RSO EE AT R, RAEE B B S A E X,
14 vt o [ 5 % 1) 5 R R S s L

et B G BOX LI/ 2 R R B R AR SR AR, WIS R I #
LTI BORBAT IR BE L, BRI m 530, AR, SOF LR IARE
TAR . FREHTVR I SR TE ), IR AR T T i, RRILBOFIT FURR . i
AT N TR R SC RUIEY) JRE B I A B S FH A S AR R R R T E
H

=3
1‘\[})_‘?1 o

i3

C

T, N TR REIEAAERR A . B AN T8 RE U A RHA SR BT TR b
KA R, B SR+ AR A (I Te) EEHTUE 7 HLIE, e T P e i B £
XA R, BOR TN B3 P i A A N LR RER R R B R B AIE
AR N LR AE 13 DA A GO0 LA 5 N AT 1423004, A
SR HE N LR BRI AR R F ESHAE ] LR 5% FR 25 N L3 REATIS
FEARMEE S RIEPIL . NAEOL AR V8 SO i3 LB 3 30 o 5t Je AT PR

.
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2.1 MBEIWE

PLERE ] O o 1 A5 I T, (H 2 MHLER 2 S IS e 2R RIHL 3
IR N 2 T IE AR . FENL AR ST R R P A, AR AL
75 (5738 s LA 5 ST R Rl 1 EK IR wai

M 1642 4F Pascal & BHHFHETHHEAL, 2 1949 4 Donald Hebb & H 15 A7
PR — 2 ) L R A R AR 22 T BT R AE AR, HR 2R 5 Hl 28 22 ) IBAR A

RN

o

Fl b, 1950 AR R AL T B R MR ST & gl O S L8 27 2] IR
F| 7 1952 4E, IBM (W7 « ZE2/K (Arthur Samuel, #72 “HLEsaI 27 )
BEAE T — AT LA ) PE BB RR P - B R S WS B 7 10 7 o7 SR T e
B, FHRARm O T . BBURFIX MR FRAT 20 485 R, B I
[ HIHERS, 2P MO Z RSOk . BRI XA R T DA “PLas
BN, RGN RS RIS 5] X . IFAE 1956 4 IE A
7 “HLERT 27 RS Ry “HLAS 7 SR AR AN BT R (] R AT S A 1)
THULR, RTINS I e — AR .

XFALER - ST HRAT LA AT AT, 4 “ R B 2R
Tom Mitchell WM HLES 2% 2 € e 3T RATSS T AERERE & P, AR it 5l
AL T EUL P e IR E SR E M HKTE, MM EIEF A
5 E 2] XUEE HERLLE R R R, (HORBEE LS 2 ) T RRRIRA, il
IR I TA) (AR SE, AL s > I R AT AN S AE AN WT AR AL o TR DN 2 311 45005
MRLAR)™, KA 3k, {8l 7 gt “Hlas > X—MaH
TE XA AR5 o

WK, HLEs2>] (Machine Learning, % faiFxy ML) [IALEE R 40 F1E %
Jee A 5 B I A R R T i e TR R A R, e R N TR R
(Artificial Intelligence, ¥ fiFKA AD By—ANEE A, A TR B G
ZHIEAESZYE (DataMining, 7 fEi# A DM) FIA1HR & L (Knowledge Discovery

4
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in Database, ¥ fii#ky KDD) SHUARAE X o Jy T 547 BB AT X 70 N T g
(Artificial Intelligence) « HL#8 2% >J (Machine Leaning) 42 4 ( Data Mining)
% 2 15 51] (Pattern Recognition) 4t i1 ( Statistics) « #1411 5 (Neuro Computing)
¥4 2 (Databases) « A1 R I (KDD) SFMES:, RR& il HAZ G R W T B R

2-1 HLERF IRXHRHPIR
PLERA S i — 11 208 SRk, 3 iRt geitaa. @i, Moot
FEE R ERRFL 1SR BT T ENUE B B S BAER 22 2117 0,
CAEREUHT 1 AR B e, B LA A I RIR A 2 A Wress B S kRe . 2
REAE AT LU [ ) 53R

Machine Learning

Unsupervised Feature extraction Machine learning Grouping of objects
algorithm
NE X
5L _ % @B A
£ Supervised T 3 RS
c P il A Ty
|,._“f J ' e =l le Predictive model

Annotated data ’

2-2 EBRFIEKRIE

uﬂ‘
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22 NBRFEIEXRAE

® I IY]

1950 ¢, [« FREE 1 ER MR E TR SR fE. ERMB0A
N, R —a PR 5 AT 1E Gl AR B T AR LA
S3, WaRXEIEHEARGE. KRS E R RS NME R W] “ 8%
MIpLE:” &Rl HER .

1952, IBM Rl « ZESURIT A RIBBURE 7 o AR 1 3 % 48 et Y
PLERTCIEB R AR W, RN B E AR ST R, b alig 1« “PLEs
27 KR, FRREE SO “RTLAERMETTSENLARE /71 T8 75 i 20 AR T T4
ijzn .

® i I

M 60 FEAH 2 70 FAAK, Hladivss: I R AP AR LT-Ab TR . ik
FARHIF TR A2 T BALAE BRI, AR AN AR B S e i 3 1 AR K i
o BRI IS i (Winston) [ 45 4477 2] S ge Al b » 28 (Hayes Roth)
SERHE TR AN T I R BT ECCRIBE R, H AR S M, T HoRRE
PN BRI o T4 28 000 265 25 ST AL DR 2 12 SR B4 1 A i 12 1) TR 8 S 1 e A\ KR

® kI Y]

AR 1981 fERIRI AN 25 S n) ALk (BP) Bkr FATR 2 2 BRIHLAL
Ao EBAR BP BIEFAE 1970 FRt & LL “ HAM K AR (reverse mode of
automatic differentiation) ” &gk 1, HERILN A HIEAENH], JHFHE
F4R BP FIEAIRIE A 2% SRR R 3R . A7 T IR B AR, PP 2% 1
WRFE SR T o 7E 1985-1986 4, #Z MLEHIE 7 N AHLRSEH 1 BP Skl
N 2 SRR (MLP) I3RS, BONJE RIRE S HA . 5 — MR
Hr, BZEAE 1986 (R 1 —MaRH A4 BOpLAS 5 2 B, JATHR Z N st ”,
HHEARR U 1D3 5k, 1B ID3 FkdR kLG, A X DR R 1V 2 ot
(40 1D4. [ . CART 5i%55) , X EEHE 2 ST RE ERAE L a2 2] Uk
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Bl <
® AU

SCREFTEANL (SVM) 1 H LR ALEE 2 2 U i) o5 — R E R, FERAIE
H R K IR B O b 7 R S HIE 45 AL . I8 — BT TR) AL 2% 2% ST B A 4y R pR 4 I 4%
(Neural Network, NN F1 SVM PR, $R1f1, £ 2000 547 4 fE 1 i i sR 3
TRARENLG, SVM EYEZ LLRTHT NN SR IAE S5 315 17 B8 4 1O 00CR « Ik 4h,
SVM AHXT T~ NN 3B BEFH BT 56 T- I R Ak 72 Az B 25 1 A% bR 80 R S5 60
PRI SVM AT EUAAN[R] B 278k o oK g HE Sl B 10 R0 S B et

® RN

PR 2B ST A4 42 # Hinton 7E 2006 E42H 1 #1444 Deep Learning
SV, AR ZE IR e )RR &, 1) SCREIR BALR Hi Pk . 2006 4F, Hinton
fi )%= 4E Salakhutdinov ZETRAR AR T (Science) bFAKE T —RXE, JFE T
TR 2 STAE 2R B b ARV - 2015 46, o4l N T8 BEME-S 32t 60 F 4R,
LeCun. Bengio 1 Hinton #EH 1 ¥REES: ST BB 278 o VRFE 2 2] v DLk AR Se 4 A
ZAEHE B T R 2] B 2 R R B R R, R ETTE V2 T
TR T R BeGE o R I I, AR EUR S TR RN 2 I RS T B
ERSCERIRME, BSEbRR A Otz il kN TR AR R — S Ere AR

23 WMBEILHE L

WA 5% > SE A DLAS AN R bR e R 34T 038 o EE A% s 8 £ (x, O)BIANIAD,
BLES 5 S A AT LAy MR PR R AR R VAR R s 42 I8 2 STUE I AN ], A% 52 2
AT ULy NG RE ARG 5

H—RBORUL, BATEALENAFEA SR UL 5 B UL 50T A F], FHLEs
FAHE N LK

® [iF22>] (Supervised Learning)

B S B AR A AR, WL i T 48 O RE AR A 0 R 2 S
AN RALE > 0 B bRl @A RRRE x FIFR%E y Z ARG R f (X, 0)EL
p(yx, 6), FF HINZRE NG FEREG IR, I AXBH G IR 2. R
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I 2019 N\ TR RER R

PEAREIBRI AR, SORT DR DAy 2 288 i JURT []  f] R 2 i 2 T R —
FEZRVURTE 7] (B, g g — M A S E. Fig. REEER, R
J5 FUWTIE A 2 5SS s J5 3 T TN 5 — o A oot 2 1) i 5t CREZE (1))

FE A P 3 — 1 XN B~F 25 B v o RATTORHE 202 BB Y A2 s T B >, &
RN A SR ENLAE . WM S JEA . ka5 (k-Nearest
Neighbors, kKNN) . k% (Decision Trees) . #MZ DI (Naive Bayesian)

o MBI G B R -

' Input Raw Data '
Trai

." A Qe ’_’
R
7 :"‘. _— E— —t (§
..:x- ..“.: _..‘. _}

( Algorithm ) ( Processing )

2-3 WEFIINELRE

® Ui~ (Unsupervised Learning, UL)

PRIRE 22 ST, ol B o T W B 2 SE I A AR 1, KR AR ALE
i A rh— M S B I s, BREA R

WL TE I B A ) SRR MR 3 gmhY (sparse auto-encoder)  FE A4
#T (Principal Component Analysis, PCA) . K-Means 5% (K #J{£5#7%) . DBSCAN

#y%: (Density-Based Spatial Clustering of Applications with Noise) . #x K25

1% (Expectation-Maximization algorithm, EM) %%,
M T B 5 2RI DA B ) AT BA73 D oIk 0 b+ R SS [n] RBURT 48 52 24 i

FIR TP IE AR RIS [F) S 2 8] [R) I H A o AE TR 0 A b )72 3
RLFT e AR A SRR A B 0 2\ IR S &, IBARZOM SIS E
AT A AR SR B2 E

RN BT AU FEARR] 7 — A% Ccluster) o 5028 mEAE, &

R TSI A FIITEI],  E AR GREE th 35T 0 HIRR 2% .
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YEREL) ek AL B S, SRR BE 4 B R DRAIEAS E A B IR R
AR IESEIONERRF IR B 715, AT LUB B L) BOR » Rt F2 1 ik
FEIR AR R T o R AESR U R Bdls M sy 4R P e M SR LE R o | D RN 0 2 1k
73 3 W SR A A RIS U 5 s

AR MBS 22 ST SRS BRSRE AN B PR -

Input Raw Data Algonthm
’“{; «Unknown Output $
*No Training Data Set #
" ‘z o ?-Ys
m,
4-."\ _
”-'73‘:.-. i A
Rkt -"; ‘
.._.o..:. -‘

Interpretation Processing ‘M

2-4 JEIEEF INEARRIE
AT LU T 2 B0 BTG T IS5, JE B ST s AR o
(Supervisor) {17l T FEL R — i~ SRt o ST A B 51 R L, 7 P
*— B FRAR I 3. | T4 LR — B AR SRR AR K

Supervised learning Unsupervised learning
efteiars
b4
X
£ o x >< Xy 5
o 0 o 0 O
O [®)] o O
ottty O
—_— " "

2-5 — AR B F SRIEEE F I3t

® EISEE23] (Semi-Supervised Learning)

B S R B A 2] S B SIS A — M STk R I o —
FRCEL S0 B ) R B K, (B A AR e /D B DR 25 8 A R R HEAR B2 1
TGO, WERRIIgEAT — B 73 A BRI, A — 8 2R 1. 518 PTa R4
Kl FORERUAH LG, A8 IR I ZRASE B AE I GRINE R DASE 9 AER, 10 HAl 2Rl
FEAR . LR PR A e B 2 21 07 SR EiE 2] (Transductive learning) ATJH 4

%21 (Inductive learning) -
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EHES 2] (Transductive learning) : A FRic R 2 NS s, XN
ATV MAR SR AT 2. X B R EE R, XERZH 7R EHE T R RHE
(feature) T FIFRZE (label) , Al LI A& —Fl b o () 7 12

H452% >3] (Inductive learning) : A bR2E HIRE AN 2 MR 4E

MBS ST SRR AR WA 26 P

| AAA
A Ahap®
— N 1 - Initial 2 - Classifying 4‘ A
A -
labelled A °) — classifier unlabe.led data v-vlth ey 24 o 3 Rle't';:“ the
data o o optimization the trained classifier A A classitier
A" oo = (e.g., CSP+LDA) to label them #

9o

O ]
o
Many é
unlabeled 08%3
Data O(%W
(acquired during use) o

B 2-6 $HEBFINEXRE

BRSSP ) AR M ) 2 TR X ) ) AR 27 2R

o .o.o o.: o.:.. "
o go AA ¢ :e;o > . .."..
LR o
@ © AA ® e, A".'"
LX) °
o] A s et A,
o0 o
Labeled Data Labeled and Unlabeled Data
(a) (b)
e} “" . .n.o o o. . o.:.. e
o | A A 0 0% \ oo " A
O | A P o O \ A o0 ° o0
o ( Ce °°\ b4
®] ® | A (0] .:O. A..: b
[ A : O.. . ° L X ]
R Cussitcason piane oo \ e
Supervised Learning Semi-Supervised Learning

(c) (d)

2-7 WEFI . FHEFIMNELREF N A

ABIEE, 27 (@) 1, 06 HEIERE G AR RS
27 () th, SREHNARTIRRERIR . 1 27 (o SR Y IS R
MARHHT A TRTRE ST 2-7 () R AT ARASHy, 0 R AR
0, T2 2B ST O T U O S B I TEAR TR AR ST
B,

10
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® HfL2~>] (Reinforcement Learning, RL)

SR S MBI 2] SRS G N AR S IR R TR, BEA R P
A Agent [FFEAMT R HBE S ECA S IE R LR (RIS 5), B4 Agent LUG =4
XANMT RN A 2N aE . Agent 1 B A5 2 7E RS B HCIR A R I 5t S g DA
IR AT 2 B R K

SR SE I AENLES NSRRI N o fE SRR RE 5, s N imid /s
A3 G R S AT T S 5 e o o FERRBRIE X, R DO e Rk
—REMEIE, AR B Agent ERI H IR 25 B B o S A0 KPR AT 24 iy
Rz R B o

FEERH - R BRI > ) Agent, HAESREHIERE, fE—
DA AN IHER B REIHE NI 58, BA S T R 2 S H GBS I IR w45 3
—OERRED (B o XA, Agent AT BNV A B ERAS AN
W, AT BN R A N A

&

internal state reward
p &

l environment

action § |
—_—

N -
learning rate o
inverse temperature p
discount rate ¢

observation
B 2-8 BIFESIMEAS SRR
N TH P B o Bl S SRR R AT T4
® i fk[HIH

NSRS, BATH —dHimAZRE 0o HTHEmBEE (y) . ALK
R AR R AR R AR, HLasE I B s 2RI & .

11
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™ L]

¥ . b = zlope of regression line
- L]
] distance from tha lina 1o a
. * typical data point

| = "erar bebtwaszn tha hina
and this v walug)

X
2-9 BUREMLTH x My (B

FELRPERAY, AR OO MiHAE (y) ZEFKRERNy=ax+b
7R o DRI, ZRVERDE M) B bRkt R ¥ a f b fH. X, a R EZKMRE,
bR ELMER. FRERTEEER x Ay, 2otk EE0 H s Rz
PN NN

® /RE[RIHM (CART)
CART fEihFM i — A2 i =, 1 1D3, C4.5 @bk, LTI
bagging. boosting M LAl . CART mJFF43 2 5iElH .

CART JETELL 8 fi NBEALAE 7 X S AF N HBEHL L = y IR o A, b
ID3 1 CA.5 [ HSEM T AR 2, ID3 Fil C4.5 A sl IR M T L 2 LI, &
AN R B X %Y SRR A BB R T E , LR AR08 20 9 AR, T4,
B, AL E TN 3 X 1 CART BB e Heb o — X, PIBss S
FHERUE Y “27 MR o X BUEN “=7 , A3 BUERN “&R7 o XFE
) e SR S I UT o B ANRRAE, KN A R A BRAS G, JREIX
BB T EFRINREAR AT, WA AR R NG5 R IR SR T i L AR R 0 A

#r

® [HMLARM (Random Forest)

BEHLARARTE 102 B F 2 AR SERE REAR HEAT YN 55 T — A 7y 2588 . &8
B2 RS )7 AE I HLIH AR A0 2000 b A AR A R 28 0 PR AR T E
BERLAR bR —Fh R E H 5 T LS 2% o) S, R S H0Re, tmTLh
TERZHUE O N AFRNRIF AR« BEVLARM R I IR —, BRIV BART
5, BEWTH T 2028 taeH T RA .

12
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plaEs]
R NN aF K APSUR L TE
L NSRZFRERAG] FEASD IAH0 M SRR ERH

2. W ONFFERCH m, F T SRR AN PR A R b m Rz /)
T M.

3. NN ASINZRHIB] CBEAS) m DA TR 5 20, BORE NI, Al
255 (HI bootstrap HUFE) , JFFIARIMBIFIABE] (FEAS MBS, PR ZE.

4. X TR AL BENLEEE mANRAIE, RS _ERENTT S oE AR A T
IXEERFIERE ) . ARFEIX m ANRFIE, THRH RN 70807 3

5. FEIRWER = Se BRI A 2 BY B, XA AT REAE 58— BRIE W BPR 0 2R 48 m
BERAD .

— A BE IR SR R B W R

Random Forest Simplified

Instance
Random Forest O] i
/// / \\
- v ~a

= > & <
é » FAL 74N W

Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B

[l\daioﬁty-\»’oting } |
Final-Class |
2-10 —MERMMHIARE LR RE

BENLARMREL B T T 1 0 SR EE IR, I BB U 2 (S 4R & NI 4 1)
frH, XEE —Fh A 1 B Bagging JEAR .

® Ui

W RHEE A 2R (y = 0 801 R, Hd 1 RIS i
In s FEFRMF AR S RERT, B A S I8 Lo AE TN 2 A BAN 0
AIRISEBIC N 1) o B PLH A 8 A A AR R Han 44 19, FRONIZ AR AL h(x) =1
[ (1+e*) , ER—1 SIEihL.
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FEZRR BT, a2 DL ] IR U B . O IZ R — R,
B A AE O-1 VG . S Cy B Jd I e x B, 3 F 0 ek 25 h(x)
=1/ (1+e™) KA. M5 M — D EMEREFIZBEREAN —Jun k.

The Logistic Function, Alr)  ——

2-11 1B R Al Lk E
AW T R R RIS B, RN ER Yy =1 (=) ;s x B E
Al PR AR S, Bl R ~F . B AR, & 5 0R B0 B0 52 1 & Fh sz 41
1) x [E¥H A 0 B 1 e . W BRI BE 0.5 CH/KFERE) , NPRK i
JEE o F

bO +blx

e
P = horim

p(x) \ _
log(l_p(x)) =bo + b1x

IR A1V ) H A (8 T SRR R AR B AR K bo A1 by (4EL, DTSSR
KPR A R B R Z B/ Mo 1K 88 SR EOE A S R TH RIS

® fhE UM (Naive Bayesian)
FZR DU ik 2 25T DU307 58 P 55 R AE 2% AR ST AR B IR 73 28 07 ¥ o AR DL
Wy R T — AR AERE: 45 E H AN J& Y AR B2 A hoT.
I PL BB R IR HE, FRATIRNIE:
P(Category | Document) = P(Document | Category ) * P(Category) / P(Document)
FhER DU AT 5 RSB ) 3Eal b, RIE R R AR, T
HPRFE FOREAS & T A BN, BRI R 2.
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gz -

ot T2 IR 53 28000, SRARAE LIS EH LA SR 2528500 B M, A
B, BRI 2 2R TN 2. TSR R A T

(1) x={au, az,..., amy N KI, A ai A x B — DML ETE
(2) AHANES C={y1 y2, ..., yn}

(3) T P(yalx), P(y2lx), ..., P(ynlx)

(4) 115 P(ywlx) = max{P(y1|x)

® kT4l (KNND

KNN (k-Nearest Neighbor) 4% o JBAR R 40 B — AN FEARTERFAE 25 6] FH 1 k A
BAHSREA P R 2R T — A0, WHZFEA R T 124380, FFRA
AN EREA B RFAE o S TTVRAERA E 73 2SO AR B R ) — A e J LA
A BRI R 5 o FEA BT R B2 51 KNN 7 VEFE MR v siene, RS/ B
FABREAA G HIT KNN J7 3% 2258 J B BRI SRIT REAS, T AN FEH0 7128
S PR 7 VKA 7 T B 2R 1, PRl ot 3 SR 38 10 28 X e S AL S I e R AR B U
KNIN 77 V285 oAl 5 12 B hidi

KNN FEAM AT A T4 28, i ] LA T EDE o B — DM REAR T kAN R
AR, Kok LA (1 & 1 (T E IR A 2 A AR, vl A R REAR N B . W
B KNN Sk, kST AN R N R o 2R Ah

A -

" (Class B

°
X, *x e

® / /

k=3 /@
k=86 ®
-
X

2-12 kNN BA T B8R f)

faT ke, KNN T LLE G A4 —HEUR a8 RTE 70 KR, X524 —4
BRI, WA R 2R B AR ROREEE, SRR BRI 2R
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Pasaa i) k A, BRIXJUA B T8, SR RAERMN Z 850, 4
EE A/ e

® AdaBoost

Adaptive Boosting BiFi A AdaBoost, A& % Fl 2 BVEAMIREL S . BR—FREAR
Sk, HAZ O AR AT F — MRV R 40 2588 (590 2888 , AREHX
BE S5 KA G R, M — AR B 2 o0 KA (R KA . HAEA G =2 idE
i AR H R ARSI, EARYE R O R 2 AR AR 43 R 55 IR, LA
Lo EORBEAR I FBGHERA 2, SR i BRI BUE - R 8 o BUE T a4
B R IE N FARAT G, RIEB RIS R0 5 R8s ah Gk, 1ERNREN
R R o

AdaBoost & & B H%. BT RHEE 2R BE . M E AL
JEE, E TR TR I, O S AN R U O TR
sEKHI R A2 4%, AdaBoost f ] 172 s, Bk, BN “Adaptive
Boosting” . JEIIEACHSINTE S ) 4%, AdaBoost G T — MR S ds . — AN
5957 1 d Bk b, Jf HAEEIIBL &, 1F %S f—4% B R 2 AR Y 1]
Bl fFEIRER, =N gy KA E eI E .

Training Data Training Data classified with adaboost model

Classification eror versus number of weak classifiers
04

03 “
02 Wﬂ\

01 M e

Test Data classified with adaboost model
4

2-13 AdaBoost #{T

AdaBoost 4 )T 55 MU (1040 K S Rt N sRAr K8 b 0 PR ik T
AdaBoost [T, H T 8 5 T EARIARZE — NSO oeBl T . XAV
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A E—N55997 548 A boosting 414 . 55 70 A AE—4E B b 22l 25 F- 3R B
RELIR) IR S K B8 0 55 9 2 . boosting ZH A4 AR R 20 2888, S id /254028,
BEA TR IR E . Rk, B8 T AR 58 2R EY, T RAT NEL
B— " omarRas.

H AT, % Adaboost KB FT LA K B R Z B rh T 70 3K, A I 4
HI Y — S E [m] A 5] B 8 FH . Adaboost 251 B R T W, L2
PR 2R AR R RIS AR in] A [ 1 R e AR I 2R AR
BEAT 52
o K-WJEHFE (K-Means)

K- 2 & 4 RRE, R IARRE R kAL . IRA A3
B 0 R R B L 38 LA 5 o AT, 3X AN R YR I A B 1R o O T AR R R 7
WU, FIFH 2T O RIS skt — SO, FER SO 28 3T B FR IR —
AN

-
» | e
x .
|
| | . %
x .."
(a) (b) (c)
- < :o' :-
» & _..r.' . ..,::‘
¢ .
- o
- -.' .

(d) (e) (f)

& 2-14 K-HEEZEER

K-S E—AE LRI “x” RoRFEEFL, HRERR IR

a) JRunHHEE
b) FEHLAIAR LR
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c) (c-Hk-BMEEA 2 Rir =K

FEBRFIER R BN ZRFE B P YR 2 — N el I R 0y, &
Wi F% 5h 21 43 Bl 25 e 0 s B3R B A7 B

cel

AFER L

® CHFFHENL (SVMD

YHEIAEAL (Support Vector Machine, SVM) & — 24 B 2% >] (supervised
learning) 7 2\ B¥E HEAT o028 (binary classification) )] X £k P4y 25 88
(generalized linear classifier) , 310 542 X 2% SRR AR SR Ak 1) 5 K32 B R S T
(maximum-margin hyperplane) . FEAEBMZ: KAEGLSG FET8E BR
NICFEIRIE (Support Vector) ), FHIXEE S H — AT (FOMIRSERD 815
SRR BNZCT I BE B oK. BT R 1) SVM R AL 4

O CUIGREAR LT AR, SRR B, 25T N 4 S

s

& HIZREE AL Z AR AT 20, TR B KAk, 5 2] — AN R S )
=L

& IR LNEATT 3, R B T AR R R A R, 5 3] — R
PESCRE [ R

FEGP R T, ARZINEA ZAME, W N EADR, AL 73
LN ARG 2H 24> 1 SVM BEAR AR AR AL 2 18] _E 4R 2 e 1) 70
BT AN ZRER IR AR IR RO, SVM BLETHEL ORI 70 2 DR B X

IRl R malEE, R 2R, Wt EALR.

Class A . Class A
* g Class B * % @ Class B
Bl k% X 5| K %
> * * A = * ‘A
A A A A A A A
A / A A A~ A
\'5. rt Vect
X-Axis X-Ax

2-15 SVM BRR
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nags
FERBOREMEAN T 7y [r) R, B R DO 51 AN R 3, Ty b s ok 1 e e
[ N RRIZ SR, TR S i 1 ARSIk 70 2K i L. R o, 38 A% s 2
ISIN, REERTEAN T o0 BB S 31— A A R RFIE S (R Y, A B AR R Il S
A AR 70 R B TR

© o
o ° o} — Decision surface
o o L
oo Il-.: °
m
oo m"E gm® kernel
(=] .l mEm ©
®e e ®EE o —_—
° EE B
) 0.:..- © o
°° ° e 02 0020 90
© L0 0078 e 00‘9 © 07 08
o © 0%08 oo o 0% —
o © S 000009~
o® 8 9%9,%
Ooc hdd \KO,.O

2-16 SVM B94%ER 35

® )\ T &Mz ANN (Artificial Neural Network)

NI AR % ANN CArtificial Neural Network ) 2 FH oK £ 40 B8 0 1 B 4H Al
HIARLR . HOERAE BB RS B — LT SRR I 2847 R, EAT
A X IFATE BACH ) R A o LR AR R oy DANEIR A0 T« AR ) 0 i 4
ZARM, HUNEES, EIFEMEgE CLYMEITT) ol & ok 4
X L PIREEE S ME S, A MRS iR 4, XS ARl
B N . SRR R T B s

neuron cell body

axon of @
previous axon Ve
neuron f f
/ neuron cell body (-

uxon dendrites of

tips ~ Mext neuron

synapse J S electrical
; signal

dendrites

B 2-17 #HENENEFITRE
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NTHEMEE T T8N R RN B . B2 B SRR “ A
AR T BT, i RN 2E T (perceptron) o AN ML 22 ] TR
e R ) — AR TR R . B R A R B PR

Xq
X5
—_—> hwlb(x)
X3
+1

2-18 RRHIM

B R AR R R Al (max-pooling) SFH AR, #E M Z5HE N
TR EIIP B M2 R VF 2 “MZRTn” BREE kR, IXHE,
A “Hhg e A U A “Ria e N . ST N A2
HALN =15

gt (Architecture) & #+5 5E 1 W& ) AB B RSN L R .

HnhekE (Activity Rule) SRR Iy 28 9 25 5 B B — AR I [R] RUEE 3 )
SRR, R SO o R MR 3 H At e 22 T TR SR O B 2 B UN R -

F RN (Learning Rule) #55E 1 4% o BBCER f ] [t A I ) $E 1E 1 1 %2

IR N TR 28 SR 0 T B TR

output layer

input layer

hidden layer

2-19 HRIEG N TR MLELEH)
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L]
NP 2 BAT AN SEARFAL: AR AFRIRTE. ARH e AR

NI M2 B s i AP E, FERIE=AT51H: BRA A% K
A BARAT 1 D e AR A vk S R L Y B

/i

BRIZ S S IEE 10 RNl a7 S U R Je s R — N3, i T ILE S, =

R ##% (Geoffrey Hinton. Yann Lecun. Yoshua Bengio) It FEIZKER¥ ., R

22 SRR R v LB P 31 1958 4F [ /EENHL (Perceptron) o 1943 44125 [ 25 5l

c H B4R (J5 H NeuroScience) , 1958 M 7L\ AL EE2E SR Frank & BH T

JREINL, IR — I #G# . 5ok Marvin Minsky (N T2 8 KIfD A1 Seymour

Papert & LR AINLHIGRIG: A BEALEE 5 ol Rl BR A HE AL L, DA SR ARAE T 5
BEJIAS JE DUAR B R A28 IR 2 1A [ R . A A4 20 DX 245 TR F 9 3 N 125 s 1

BT 30 RSP R S . AR, EEA 4 KR FEINKE .

Capsule Nets(2017)

e AlexNet(2012) = iming e (HHR)
& ® MSHR = FP\IP
ster viaion

BPNN/MLP(1986)

Perceptrun{ 1958)

| arsis
“ | LeNet/cnN(1998) = JRH ResNet (2016)
. . MRS i)
_7l /K‘ y . e : - / T~
N Y i 5 DenseNet (2017)

T,
T
< AR | e Lot v el
itron(1980) | B - —
[cm\ volteion 4 pooling)

GoogLeNet (2015)

;;;;;;;;;;

______ .  AutoEncoder(1989/2006) VAE(2013)
nopt eld Network(1982) H Denosing Autoencoder(2008)
[recurrent & feedback] RBM(1986/2006) m *TTTTTTC
variational ¥
- trcocer _ﬁ Decoser Inference U { o
. MRAL ... B I
RNN in Speech s v Yy of erd
RNN/LSTM(1997) Recognition(2013) GM(ZGMJ ¥ al learning
_— | seack
PRSP EITS &'y Deep Belief e ﬁ e i —
i 7 Nets(2006) .m . =1}
F &) [[J WGAN(2017)
PCEAN(2017) .
i n Goodfellow
Neural Probabilistic word2vec(2013) msie e
Language Model(2003) doep adversarial 1 o
. - o SeqGAN(2017)
T Seqg2Seq(2014) LeakGAN(2018)
feemmmmmeonnnmns - - ; cter CHN(2015)
{ sel( atunnon(zul?l
schmidnuber | AR 1
Deep Q- L
learning(2013) DDPG(2015) —* A3C(2016)
)
i e e AlphaGo(2016)
o’ » KESca o e
- - Double DON(2015) I Wl
' B-oen ce Dueling Net(2016) ¥ == B o gipha zero(2017)
: : v W i’
a £

B 2-20 REFIFEMFIAETENEEHRE
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F—NREIKS (LEEEAXED DI EN BN F o XAk
gk AT LLE I3 1979 4, Fukushima #2Hi A Neocognitron. ZWF 74 H T
EHUNTRAL B A . 1986 4 Hinton $i H i S [ & 3 Il 2k MLP CZ R thAT JLAN3KE
BT Z TR T IR AL R AL BR AR Ze 14 2% 2] (¥ ) /. 1998 4, LA Yann
LeCun JNEMBFFN S T —A-EERERME ML LeNet-5 DL T 5%
o WAEEEAT Yann LeCun HIXAMEFAE BRI 45 Ik, B L SEAE 24 H
T SVM FRGER AT, X Leph 22 N2 1T VE IR A 51T 2 . HAIEE
PR 0 28 S 2 B KT 2 RS2, 2012 4F Hinton 4111 AlexNet (—/~iit
FET5H CNNDTE ImageNet b ULECRAR 35 5ud, 1K 51 & 1 IR FE 27 2T I #448]  AlexNet
EAL S CNN FIEERE Fin F 7 ReLU. Dropout 253575, I HIMWZE IS K, Xt
B sk giiE AR R A, BROVBRAE M AR, # 2 KR, FriEkH
LT VGG. Googlenet ¥, 2016 4, FHEIHHEMNAN TR FATIEHTEZ
R I IMNBRERIERE, $R RN %% ResNet. ResNet H KHIIN T MR, 2%
RAMRKIETE . — DRI B R LR R T 221 /24 ) CVPR Best Paper 1135
P2 ) DenseNet.o  fE TH G HL AL G 0TI HO4RE S AR S5 H B 1 &M 1o 1 A 1Y
(Mask-RCNN-&5) , X HAR——Ar44. 2017 47, Hinton tA R 4% 6 FiAL Go s
25 WL IR ATAE — 2 BRI, DA FE HY Capsule Net, % fRBS58 1R R 1, (H H AT
£ CIFAR 585 FAUR — M, IX AR IE 75 B AR SRR K JE o

BRI (FEERSEXIED DA F o 5000 AR s Y 2 2
TR BEA 22040 P(X, y)o HLESF I TNEAE U — B R — AN W B
ML, AT AR IR 2% [0 AR SO ZY — LR 512 %7 . Hinton 7E 2006 4R
I J T 32 IR B R 282 0L (RBM, —A> 19 tit2d 80 4R A2 3T i
BRI e BB AD) Wort | —AMHLER 5 ST B A i Y, I Bk HLE S 1 h Deep
Belief Network, {#iHi% =% 358 wake-sleep 7V IIZE, 4IRS i) 25 5 H:
TR A A AAERITERZ, IERRIET RBM A Hinton 58 A IR
IRFERESE, DRI IX 9 v] DA (0 FE 2 =) i) — AN I3 . Auto-Encoder 2 EAMEAD
80 44X Hinton gl #2 th AR AL, J5 ok BEE THELRE ) I HE P BB S 5 & < Bengio
S N AR M T Denoise Auto-Encoder, = ZEEF X A A AT BEAEAE M i /. Max
Welling (It /2 38 73 AR A AL 1) v T 28 N5 SRAT A I 2 )1 25— M —
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naesy
JRREAS R R IR, T AR HERT, JF B 5 K5 ER Auto-Encoder A £
1%, ¥EHFR A Variational Auto-Encoder. A% m] DLE I B&AR & 10 40 A Kk, £
i 5 1 ) Decoder 26 B 44 BUFEAS o A 0 i GAN(Generative Adversarial
Network) /& 2014 FH2 W (R E KB, B — NI I 4 51 & 0 A2 Bl 2 a3k 470t
PRI AE Y, XA IR IR AR, A HEMHMEMNL G BNt
KEARRIMZR AT, BRUCBATAH S T A R . 5ok 51k KB R A AT 5T
fF%: DCGAN & — M M UF [ 45 B X 25 S 30, WGAN A2 38 3o 48 7R s bz
PRES B JEOR Y USRS B B 0 AT R AR B B AR, AR SR AR E
PGGAN 221 KM 45, AERuE E A

FEENRREKS (EEEE XD ZFIIERR. BRI A KR
AAEH, MR LAFTE AW FT, B 1A FRR A i e S 2R RHER HMM
LS o ) B ASER ep (1) S A B AL AR Y. CREF #2 AR SO 7 IR . BfgE 7
2 kR T, 1982 fE 4R H T Hopfield Network, BJZE#28 /&% dofin N 7 3 1
W 2% () L AH . 1997 4F Jirgen Schmidhuber & B T KA HHICIZME AL LSTM (Long-
Short Term Memory) , X & — > HEEE U TAE. 298, B IELLF 51 #4245 5
TS B2 RIFEMIE /2 2013 4F Hinton ZH4# H RNN (505 &850 1 T8, ks
JiiE e R SR M7, 53— AN R KSRAS7 Yoshua Bengio 7£ SVM
TR JHER 7 — P e TR 2 2 (115 S AL CHARUIN L% 2182 SVM
A CRF IR F) , JG2K Google #2H ) word2vec (2013) 4 — L & A& 4% 1) /8.
1, REE MRS T — R AU S, T 51 R IR 7 T E G 5ok,
FENLBS B ZAE S g BBl 7 LA RNN 3R seq2seq #EAL, il —
Encoder #12—) 1 I35 {7 B s il n) & i Decoder 4% 4 H 75 213X 5] 17 1)
PSR, JERIZDT R R BN = P (Attention) FHEE G, HRKTE T
R RO RE I SE PR BOR o FEJa R, RSO H AR5 9 B47 ) CNIN AR
IR ZIEFAES WA AR, 1 E N2 HAFEE D> . Self-attention PR bl
SR —Fh b A 2[RI 2% P& 8] — Fp 41 JR A1 4 R 45 B, Google A — iR IRA 4 1
Y “attention is all you need” JEFET- Attention )7 51 4 AR R4k n) i . 249K
2019 “F ACL L[FFEA 51— a4 iX — W LR i 1 Rl
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PR RIS (EERDR (U X 380 R 3R~ o X A8t 44 11 24 )& Deep
Mind, &5 H ) David Silver & —EF 7 RL BEE . Q-learning 21R A 4
[Ff£ 4t RL 53%, Deep Q-learning ¥4 J5 k¥ Q HR A M ZEANE, i 7 — 4T
TERHAESS . SR XN EF 2 idn s, , IR HBORARAE Nature L.
Double Dueling *f XM E BT T — 8y &, FE & Q-Learning HIA 5 Hri ¢
I - DeepMind () HAth T £ 4n DDPG.A3C tAE%H 4, ‘e i1/2& 3% T Policy Gradient
FRRZE W 2% 255 AR R . KA AlphaGo, BILSZEEA T RL 570
HEGZF RIS R BT . Deep Mind J5 R H T H—H AlphaGo HEZ2
I F 2B SR E B Tk 18 592 Alpha Zero.

N DGR L 2 ST WIAN RN 5 T HEAT 70 S RS o A7 L5 77 g3 m] BEAH il = o . —
g, ANSEEE I T IR W

2.4.1 EFREMLE

Go
in 5
de
H - Ccapsule Nets(2017)
i i 4 ’.71"-» y -
I\ | BN (RS
| i ) ‘ =
| | Y pcommect 1291
i G i e roer oo [
_28 b U deep tearning \ Alexet (2012)

‘

» tron(1958 .

»er'cep ron( ) Q. N LeNe :/cun(wss)
@ -

All_ir. CONN

3
sssssssssssss
S17TL50 0 omeom e
790/3%7 /'
Networ]
39
e At_tan:inn(?nl?
<

NasNet(2017)

2-21 ERHEZMENERHR
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M
GRME N R R, 5T LUB IS 1962 4, Hubel A1 Wiesel X i K ik
HEIRLOE R G RO AT . 1980 4, — AN H AR ZU4E B = (Kunihiko Fukushima)
et T MM EERE . WL Z A S5k . fEIX AN, Yann Lecun #4
BP B2 H BX AN 2 W 2 S5 I 25k b, s T ARSI & I 25 (R 4 TE

FCSRE I CNN ORI AELE, i BN R R e o BRI 7E B 132 35
WA E 7 Z BIAES B — @R, H T — R SEBR TS5 T R BA
SVM. Boosting 5754, Hib—BEHAT ARG . HE 2012 4,
ImageNet B {5 15 51l k28 71, Hinton 2H. i) AlexNet 5 N\ T 4= 37 i34 2 45 # A1 Dropout
Jii%, — N4 error rate A\ 25%FEARE] 1 15%, IXHUAE 1 IR 4k . AlexNet
AIRZEH, REWARIRAERTNE . o F LR R A AN TR R R BA
S FBEFHA. Yann LeCun fiALH LeNet 45 H4 JFRZE G R A BGEER: W
TE IS — VAR IR AN L B 8 R A A, 1RSSR 15T, BiRer 2
PNy i)

Il AlexNet ) 848, LeCun 2H 2013 4F#¢ H —> DropConnect, # error rate
FEARE] 7 11%. 110 NUS #ZI7K B R HY T —> FZL ) Network in Network(NIND
J7ids NIN [ A8 AR R CNN S5 I T 4> 1*1 conv /=, NIN [N H]
WAFE] 7 2014 4 Imagine 75— M ——E1E R 7% . Network in Network
ISR T RZEA CNN S5 R B4 ) RRRENHT . Ik, #3224 Inception Al
VGG 1E 2014 FHEMEIIRE] 1 20 R4, EHBIRBIE error rate GE/NEET)
o RIEFFE S 6.7%, 18 NZARE ) 5.1%. 2015 4, MSRA F{E/0H. {718
B NGNS N, 22303 identity MIAZIEAME N2 HHEH ResNet. iz & #11
Identity #1HH N RORHA 20, BT CNN RERESIRILE] 152 2. 1202 245, error
rate HPF 3 T 3.6%. JEoK, ResNeXt, Residual-Attention, DenseNet, SENet 5t
&Aook, & HE 5 N7 Group convolution, Attention, Dense connection,
channelwise-attention 45, %% ImageNet I errorrate [£3] | 2.2%, KA AL
MERE . BAE, BTl ERtpamiss, Wagis sk NRrKF. 1 —4
Peli——EHGA I T, R e, PNEIEEAL TR SRR R-CNN, fast
R-CNN 253853 Hofl 5 342 1 region proposal, #RJ5H CNN 2532 75 /& object
(¥1J53%, $2H T faster R-CNN. Faster R-CNN ) 3 2 STk /& 18 FH AT S R34 1)
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[¥] CNN feature, A3 feature ANX AT LALTRZ &l 2, 3& AT BAFH SRR B A #A7
B MHUEY, CNN K feature dEHAH, A& T RERMEE, 7T LLRR FRA
AFEEAES o ZABH — N FIEEERNT MAP HEIfE T, fERMN 4 4,
ImageNet E{EAI 1 MAP GEERERET) MBI 0.22 1K E] T fe 201 0.73. fi[fd
HH J5 RIS HEH T Mask R-CNN, B4 faster R-CNN 3Ll 77— Mask Head, &
B RAEUIZR 8 ] Mask Head, A5 B AT AL [H] 556 1K) CNN feature 1, 3K
37 HERARE R, Hitk, Mask R-CNN f32] 7 5 iF 45 R . f8II7E 2009 4F
A 3l DA — AN ] B 21 5 25 /15459 3] 7 CVPR Best Paper, 1E TR b A0k
PR, AR E A T ResNet fil Faster R-CNN i K6, BELEEEE 7 %4
THEAAL L #527 > GER o

1R, CNN S5 RO 2k, 1R 2 250 FRAR AE B0 1 R A RE AN B 1T
FRATIEE T Hh42 %> 7% NasNet (Neural Architecture Search Network)
K H 2 H Reinforcement Learning 3 & — MBI E N4 454 . Nas & H il
CV F— LT M), FTLAE ST AT 45, DG ES R EIEHE
NS GERE TR DA TFHL , 2 B i BRI — AN EE R R 7 .
AR e (2019 4F 4 H) URE T —im R 30, & RIS Random A& R 19 45 12
gty (R B R AT Random 738D , AR BURARR A IRLE, B2
PRAER IR 2 . Random 1 Nas W8 /& EL K IE B I8 B, IX A 1R 1 — B HIWF AT 1.

BRAIZM 2 CNN R 5K 7 HARSUR R 2 &%, . FIH CNN,
AlphaGo MM T 2=t Fr, Temk 7 BB R AR A (1 AlphaGo JL8fn A\ 2K F e
KA REF 7D o J5KFIH T ResNet #1 Faster-RCNN [ B8, —4 5 1) Master
W5 T A NRERE T ERXCHIRZ SR IHIEES Al &4
BEFHA KT B I A& T LA TOEATUR %, #R21E
Al FRIRERRYE T .

2.4.2 AutoEncoder

AutoEncoder [ A B AR R A2 4R MMOE B 24 21, st fEREAR 1 fan
N TR B g ol 8 T 4% 1 i N\ R i o o A B b 2 A B 2 30 B N FE AR 1 R OR
(encoding) . 53] AutoEncoder A7 222 Flid TMibi . £l =4 2 B80T
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HE MR, WA %M AutoEncoder 1] LLEHIE] 80 £ BPNN
A MLP LU 24 Hinton #4544 RBM. JGRE] 1 2000 4F LA i R4 AE A ) W 5
™ Hinton ) RBM [ . A 2000 LA, BEFE #2245 PRI % ES,  AutoEncoder
WAF RN POE A, HA A LALR: Mk AutoEncoder. %5 & AutoEncoder.
% AutoEncoder. 7% 43 AutoEncoder. i # 1 3E & 2 45 & 5 Pt B AR B Bt

AutoEncoder.

Ir? ,,,,,, ”‘__,._r- M e
ok PercTétron(lQSS)

Deep Belief
Nets (2006)

n odel

\e«@\'f
.

Variational
AutoEncoder (2013)

=

3
S LE
i\

Sparse
e AutoEncoder (2007)

Dennoising
AutoEncoder (2011)

Convolutional

utoEncoder (2011)
.

Contractive Bisrele)
AutoEncoder (2011) s s ii oo Bar
’ - d ! LSTM
i\ AutoEncoder (2015)
Robust 3
AutoEncoder (2014) “‘

beta-VAE (2017)
infoTVAE (2017)

-'g factorVAE (2018) adversarial
= AutoEncoder (2016)

IDSIA

2-22 Auto-Encoder FYEEHE

Wi AutoEncoder 7E % >J 4 NAE AR 27 B IR W] LL 2% 2] B AR XS L B0 1t Y
FoRGEEH, IX7E Overcomplete AutoEncoder Cit2% 73 3m4iRr) ikt
NEE, RFMEAYEFEHTIEAR K21 Andrew Ng FIZ245F /R (1) Yoshua Bengio
Pz . BARTT R AL JFR 1451 25 B 25 b on — AP A R AL R TE AT, i 4
AT AR ST

Denoising AutoEncoder [#4% 0> B A8l /2 52 =1 Encoder B &M, AT ERiZ
BT BERY overfitting. — N MARAERA P IMARYLEE S (FLUIBEYLE 0 —L&
BN, B BENEA ALY marked) , IXLESIARJEORAE BERT S5 AU b
B2 B—ANIpEs 24 & RN B8, e B s & #ohom b
eEncoder ] Jacobian 7 %% . Jacobian yu HF] LAik57 =) BRI RFIE RS BE BA Z Rt
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= 25t Jurgen Schmidhuber #2 H T 2 TG AN 25 1¥) AutoEncoder DA K J5
K1) LSTM AutoEncoder. Max Welling 2& T-7% 7 BUAR$2 H 4% 73 AutoEncoder J77%
VAE, X2 —A B AR SR« S5 R 2 0 E B XA TAE BT 79
Ji&, fHE info-VAE. beta-VAE Al factorVAE %, it A% lan Goodfellow
e NBREH R DU AR B AR B Y Adversarial AutoEncoder, WEUTE T AR 3 (I RR -
XA H e 2 A B AE 2] A —E RN, BR 7 BT AR, s nT Bt B
THT 8% Fsh 7572 stacking kK .

2.4.3 fRIAHZMLE RNN

--» Perceptron(1958)

Hopfield Network(1982)
[recurrent & feedback]

|

X R
1 o5 SN

oronto e
woeofewe... Neural Probabilistic (k '
Language Model(2003) o
= i
book

LSTH(1997)

Deepwalk (2014)

RNN based language
o Network embedding

model (2010) TR,

3 Tl =] e

et ol
o S 9842Seq word2vec (2013)
(2014.9.10)

dnube:
i |attention seq2seq GRU & seq2seq : I
: (2014.9.1) (2014,6.3) aloveR(201e)
e 2 > count-based word
g V embedding
' a context2vec(2016)
n ver
Go peni
Kalchbrenne:

“show attend and e a1 contextualized embedding

tell”(2015)
r
[convolutiol e deepmind \
= deeplearnin g \
\ i
Conv Seq2seq (2017) Transformer == -
Facebook -

(2017)
Google AI

ByteNet (2016) Nal

ELMo(2018)
dynamic embedding

ResNet (2016)

OpenAI GPT(2018)
pretraining

2-23 fEIFRZMLE RNN HEEH#E

1982 4F, FEE MM TSP 5K John Hopfield & W T —Ff s 2 & 45t
22 4% Hopfield Network, JHRAFVLLE A AL I B 3%/ e 51 RNN (4T . 86
8, H—ALEs 4 > 782} Michael 1. Jordan % X7 Recurrent [IHE::, $2 H Jordan
Network. 1990 4, & EINENRlF 5K Jeffrey L. EIman %t Jordan Network #E47 1 fdj
1, FF KA BP HRHAT ISR, (B 1 W45 i 5 AL 2 B H T A RNN
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s
AR, (HEEE RNN BFEEE W2 (Gradient Vanishing) A6 HEYE (Gradient
Exploding) (@8, INZRAEW W, NAERZR. B3 1997 45, it A TH
ReE 7T BT Y 4T Jurgen Schmidhuber $2 H K45 #1id 12 (LSTMD , LSTM AT
P B0 SR HLHIR RZE R T 5 RNN YR @ [RIFEAE 1997 47, Mike
Schuster 2 X i RNN £i%4 (Bidirectional RNN) o 3 P F 8 ko ek 7 5 3
RNN 4544, #i% 7 RNN IR FYER, 527 5 @B R R 3358 T 5Ll thit
RNN EIRTE— S8/ 5 @A 55 R T AHTACR, HlE TR IEEAE R,
JREE U — BB KK RE .

2010 4%, Tomas Mikolov %} Bengio %6 A% ] feedforward Neural network
language model (NNLM)# AT T ozt , $&H 727 RNN FiE S84 (RNN LMD,
TR H RS BOIMES ., RIESET TIRAREEE . 72 6IERS - Tomas Mikolov
F 2013 E2H T K4 S word2vec, 5 NNLM & RNNLM R [H], word2vec
(1) B AR AN L T AR S ALY, 1T 2 W frT R FH 1 5 AR A 2 S A B (118 Ak
o] & (distributed representation) ," 244X distributed representation & 5. Z R A
T Hinton 1986 F ] T-Af. word2vec 5| & ¥R %% SI4E H SR 15 5 AL BRI TR ],
Btk 2z ANE R KT knowledge representation, network representation 25 i1t 4t .

A—J T, 2014 4 Bengio P\ 5 Google JL-FFIF#EH T seq2seq 2844, ¥
RNN HTHLEsHHPE. it £ A, Bengio IR\ IR HERZ /1 Attention HLHI, X
seq2seq ZERHEAT L . H AL 3BT A T E A B AL 3B (NMT) AL,
NMT AU REfE R, 17 HBCRZE @ S v HL A BB O] . B0 R rIp LS
PFERGLPHCR 728 RERIEOR . BRItk 2 4b, Attention MLt 472 H]
TR TIRE S 2] & MES .

PR, AHICAIIERAT A — e S M J|, 2017 4F, Facebook A T.%9fgsCis
FIR IR T BRI P45 1) seq2seq 2444, 4 RNN B 4y A7 [ 142 87 H) CNN,
FEFE BRI RIS IR R 7 BRI 2k RS . A A, Google $2H Transformer
Bk, fEH Self-Attention /RE A 1) RNN J2 CNN, BEiE—3B % T B & At
JE . fEIRRRS S J7TH, Allen N LR RW 5T HT 2018 FFHEH R SUAHKG IR R %
21771 ELMo, FIHXLA LSTM 5 & BAD0 A BT 1 538, 22 I R ) 1) &
FoR, 166 1~ NLP AE5% LHUS T 527t . OpenAl FIBATE L e F 52 H T 2R A
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GPT, i LSTM ###7y Transformer SRl Zkih S B8, fENH 2 BARMESRS, 5
2R S A R M ERFIE I 5 SN, GPT ELE7E I 2075 3 1035 5 AR i G
— 28 I Softmax 1E RS =, ARG BRI BT, (E£2 WES E GPT
WA T SEEF I RUR

AAZJE, Google &t BERT #7, Kt GPT A it 5. i) 7 5 1 2 ¥ Jig 9 0L
1B S MM (Masked Language Model) , F7E Il 257 5| A\ T sentence prediction /£
%o BERT BRLFE 11 MES T HUS 1 HRIEFIIRCR, RIS SIHE NLP G —
AN EFER A TAE. BERT HMTE arXiv bR R LISRIRAS 1 F 78 50 A0 Tl A %
KINE, AR RITIT TIRZ A6 NLP MG S &, BERmI T —K
AT “BERT” MFIZ: (pre-trained) %Y, 5] N BERT F XA E K A&
ST A B XLNet, W4 2 BERT JIZ577 20 H A7) RoBERTa A
SpanBERT, i&A &G 24155 LA FIIRZE18 (Knowledge Distillation) 51t BERT
[*) MT-DNN %5, XEHiff, 384 KK FRA BERTology.

2.4.4 MEBFRRF I SEMHEME (GNN)

XA J7 H ST AT LUE 3 2 Hinton 44 1986 [F) Distributed Representation,
J& >k Stanford (1) Andrew Ng =246 2 74~ Neural Tensor Network, 4S5 sl /& 48 40
R AR RN IR 2] — 2R tensor HLHIRAY, HZ&—A smart My fE. J&
>k Facebook [ Antonie Bordes 2 1 TransE /& —> milestone [ T4, &1
B = UG R T RARE ST, XA NLP ORI B A g — AN B
F, JEMIES T —RHMTAE, BH TransH. TransR. TransA. TransG.

MFEIRF ) A B K%, Neural Language Model &5 T B FISC A [ R R, &
X FRR A EAR R ) — > H RS, SRR BRI MRS X, AR
FH )4 22 W 48 KA 2% =] . RNN based language model /&% RNN i#4T %R
>, BFRREE T 15 S BB RS . (HIXANBY BB 78 B R 7 #E A KR
K, R HNREE S I JGR R, TRIXEFIRANE LR . 2013 £F Tomas
Mikolov 1 Jeff Dean 25 A\ fif word2vec, FJLAUE 545 T “ R, HFl. AR« IF
JE IR R BOUER A R KRS . ILAE word2vec &R 1 75
25 M7 . JGmEMY BBIRE£, 40 pharagraph2vec. doc2vec, context2vec. LLE
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PLEE% 2
TIRHA — B, “2vec” B 7 IATINA 7. SOkt g2 ELMo.
OpenAl ] GPT F14+3K [ BERT.

Andrew Ng
Stanford Univ ¥ Antoine Bordes
Machine learning Facebook
oo i

o A Deep learning
----------- o b .

e N e T :

° . —_— v

. Structured Embedding Y i

TransH(2014)
- » TransR(2015)

neural tensor TransA(2015) =
Transg(2013) TransG(2016)

Distributed (2011)
representation(1986) e

network(2013)

n
.

shu
ive al
3 AT C Deep 1 9
Geoffery Hinton Neural Probabilistic RNN based language _ o —_—
University of Toronto Language Model(2003) model(2010) ¥ e e Sy
Deep Teatning 4 = (W B EE

word2Vec(2013) context2vec(2016)
* ELMo(2018)

{ Doc2vec (2014
‘ g : & ) openAI GPT(2018)
< BERT (2018)

> (
7 ‘k 9
Tomas Mikolov

=7

Google -> Facebook
Bryan Perozzi NLP . "
Stony Brook University —>g00gie =-=======-=-=-=cncmcmo--@i 8 "o %

Data Mining » —_— s
Deepwalk (2014) O ANC Jian Tang H
-....oG0raph Neural Networks LINE (2015) Node2vec(2016) University of Montreal |
(2005,2009) . Data Mining !
: NetMF(2018) _
.o g NetSMF(2019)
- X H
AN — = " (LXK )ele--—4
R~ . e S S !
5) & : S .
Graph Covolutional Networks = H H
(2014) GCN for semi-supervised graphSAGE H
A e . $ H i
: cxas:;:;l;:tw“ I":;:l:‘;'e i-Graph Attention Networki
. : self-attention H

\ // (2017)

iNeural Message Passing(2017) !
: i
! H

¥
\
Yann Lecun "
ew York University P
DR 4 Jure Leskovec
Stanford Universi ty ty
Data Mining

B 2-24 WMERRF I SEHEMENEELR

TRF M A — MK A R B M4 58 -, 7 NLP 45U Structured
Embedding. TransE &858 51 2 (¥ 218 & H RS MG S, TMZ e a5
A F g 5 . Bryan (& Stony Brook K241, BUTE £ T4 @02 H DeepWalk,
XA R A word2vee R & T — 8, ST e B, IR SCEIRS T4
- KDD [ fER SCAE R KDD B e 30, ARPRIXAS TR 5] 7 KEX
7, JianTang (JFIEK. B3k, ILAEZ T Bengio Hik) 8 A T WEY e, HriH
a1 Jure Leskovec fif T THI M #E3Z M4 (1) “ =B ” 4 & node2vec, J& ki B4
7 —ANEARAEN, IR IX LS AR VR A T ARAE A — AR R R, DR TR
H 7 A NetMF B5EI% BUR & Y+ KN 2% 1 SEEL NetSMF. - ProNE 72 73
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—ANMERIEMR, HEER S RSO EREE . 27 AR E R, AN E R
PR N2 ESIN T — ARG RE AR BIRERE, RRPEE TR

IR IR ) 2% 3R 2 o0 8 2 1) 2 B R 4 BB s i, K7 182 Graph
Neural Network, #-7& Siena K%/ Marco %5 A\ 7E 2005 1 2009 FE4& Hiff, {H
YA SRR K RTE. 53K Yann Lecun 42 H i) Graph Convolutional Networks,
A Kipf & Welling % A$2 H 1) semi-supervised ] GCN. X — R 51 [{IHF 70 A5
572 Neural Message Passing, 7EsiT gl REIF. HriHAER Jure HHEH T
GraphSage, #|FH NMP fiifk 7581, #&m 1AL, JF H3CFF inductive learning,
PGk Yoshua A THIBA LA H T Graph Attention Network, #E— 4t 17 K%
MG . Bl M4 R AR #y, /AT S e #F R E 2 = K E 3k Hinton. Yoshua
A Yann IR 1. FEARRE THEIE S RTHE DTN AL

2.4.5 1858 3]

00

Deep Mind f1/& —ZK 9& B A TARE A 7], 38— /0502 > 5 s K i A
Ao QISZ T 2010 47, 2014 4% Google Wil . Bilas APEHELL TS T 50, B
UETIE AR, 18 B E A RS MR ZMUOCIM LT, 19 DIFAGE ST,
i 2 F L W) Bt . DeepMind T 2014 EJ1457T & AlphaGO. K& F AlphaGO
PR SE . 2015 4F 10 H, AlphaGO 5:1 #t&; 2016 4£ 3 H, AlphaGo 4 : 1 Z=tit
fi; 2017 45 H, AlphaGO 3:0 f3; 2017 4 10 H 19 H, AlphaGo Zero k%
£ Nature, JEBRMNEIFL, HIXZE, 40 R@EEHrERA. 2018 412 H 7
H, AlphaZero %%k % T Science, AlphaZero {#Fi 5 AlphaGo Zero Z{Ll{H 5 —
FEMERI B, FEAMMOR 2 SO I HTHE T, K 502\ R A £ 3 ML 5 [ s
k. 2018 £ 12 A, Deep Mind 2> &) #EH AlphaFold, R DARR$E & R 7 41 i 2 A
JREE . 2019 4F 1 H 25 H, Deep Mind /A & AlphaStar, £ ¢ 24+ % 11) LA 10:
1IRE NIV IT SR . 73— AR IR, TTRERE 4 102 Open Al A#], iX
#& Hinton F)=4E llya Sutskever (AlexNet &I AN) GBI AF . 2019 4 4 H,
Open Al #EiH five dota2, 2-0 ik Dota2 ) TI8 7 Z ik EA OG.

FERFFE J5% 1 Deep Q-Network (DQN) I FH 22 28 5 Q 1H HEAT BR B UL,
HHFIH T experience replay #1 fixed target network f5E& ik DQN a] LAY $h, 7E
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Atari A DRk F# A8 T AN 27K F . Double DQN J& 1% J& % =] il A ] double Q-
learning, ‘BN BSOS DR T DQN H max #RAEHT R bias. FHE
%, Dueling DQN ¥ Q-network %)/ I~ action-dependent I action-independent #
ANy, MIHEE T DQN. DON &4 Value FIMIEEEAL, greedy IR 2 B
KA, Categorical DQN FAR A& B 24 Value 4 A 31T #2455 . Noise
DQN 7E M 25 s in 1 g, ATTTiE 2 exploration FI2( 5% . DQN B4 JEH £ 118
FHRRAS, rainbow %4 T 25 DQN fi A< . Ape-X M Rainbow ] T.1f /h & 3l Replay
IR et TR Re e B K, #dK Prioritised Replay Buffer, {#H 360
A~ actor 4> AN ZR, L rainbow BEER, HEELT.

Atari, AlphaGo/AlphaGo Zero, , \ /T ®
AlphaZero, [ © DeepMind ﬁ \ |
AlphaFold,

AlphaStar

Double DQ&‘ e '8 deterministic policy gradients
e / - RS F f o (DPG)
= i P
=T T Teew
prioritized replay
deep DPG (DDPG)

- Duelling DQN Alot ...

o

@ CategoricalDQ

noise DQN

nJIE ' B \isﬁ
p
\ I IJANE X. WANG

Meire Fortunato

asynchronous advantage actor-critic
(A3C)

/

A2C

B 2-25 #BFIMEEHR

Deterministic policy gradients (DPG) ¥ policy gradients 5% F BEHLH policy
S i€ P policy. Deep DPG i [ #4228 Ko = 4k state, 2454 1 DQN
A1 DPG 1 actor critic 575 . A3C &£ #Lf¥) policy gradient 7774, 7] LLF£4T multiple
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agent K114k, JHF B EHSE. A2C /& A3C KIfEE . #fietE policy fiiA, [FI2D
55 T A o o 1 % S s

2.4.6 4 IR

DBM(2009)

Dcc_‘m«(zrns;

e EWEY ) —wasrigeona X\

409 PGGAN(2017)
e e B b e -
/ AN ANrh * -
o i, LIS B .
# c:@ ﬁ mu ¥ L. AL - AL
Gur i ImprovedGAN(2016) \/ J

T R e 1T ANM £ PACGAN(2016) BYgGAN(2018)

\ 3 BEERER WGAN(2017)
o Zaaaa :
.

2-26 ERITIME I EEHE

GAN 5 JLAE K& e dE# b, iX 1% Yoshua Bengio 3K75 1K R E K 5T#k 2 —
P Gu i) A A B BTN S MR 0 A P(X, y) o B B3R 22201 (RBM) IXAMK
RUH SR —/MET Re R AIAY, 1986 FEMRHERL A, Hinton 7E 2006 4 I fi% &
FEHRAEA— AN ERE AL, HoK HHES 1A Deep Belief Network, {1 HiE =
3k wake-sleep 1) 75 Il %

AutoEncoder th & _EAMHAE 80 4248 Hinton s H2 H AR AY,  Bbis BTl 5 g
JIME D EF 5 L5 & . Bengio %5 A\ X4 T Denoise AutoEncoder. Max welling
N HMZE NG — M — ZFER R, | TATH 725N, JFH
B Jr K A3 ER AutoEncoder 7 2%, #Fx A Variational AutoEncoder. 57 fHa] DA
T I FEAR B ) AR, 40d ST decoder X458 BLHEAE BUREAS o

TEAE SR 5T, Fealn — N R B R e X B A U 4% (GAND , AT LA
P LA B K A BB L 2014 4F lan Goodfellow 7E NIPS &% T & #]1 GAN

34



REMELARS "€RFNRE" | REESHER. FiK. EEZEARRS!

naesy
NE, BIIAECEAENT I A ARG E AR ) e ? — A5
PR IX AR R B AR OUTE, KRB AR R B 8, iR RS . &
B —HE, 2T GAN B SNV E, RIS HE GAN HIYIZRE—
S E, XL EHAGIE 772 K. ATRUE H, GAN HIKBIA lan Goodfellow
Fe /DR R T M ARIERTEAR, WL 7E Andrew Ng T, 18 1o mlt B 21 524
FI/R YoshuaBengio FF 1 . fth 5 4M&H —A>F Il Aaron Courville. KEIEL
W RZRES (Deep Learning) , 1EEmi/& lan Goodfellow At A 18+ 5 .
fin2 85 FE N, KK GAN 7E 2014 4, 29, &% —4H4 30, GAN X/ TLIEHL
Goodfellow 772k TR Z 5%, hin 17 “Exf# MIT under 35 %7 1. Goodfellow
BV 5 25 T Google Brain, Ji5>k X k%] Open Al, kAl Google, ILLELE:
AR H B S UH A 5T, kbR EIAEM A 34 % . 534h, GAN J2 lan
Goodfellow 7EZERERI/R B R R TAE . KEMIESFEERIR S TIRES =B
3k, HA i Bengio, 7EE R E W _EEHREI T, i) =tk z — 2 GAN.
AN TR 73 )2 90 AEAR A SUME R B A 00 AEARHITE S . GAN HI LA
YisE Bengio AURIEZ— 1, HEa] LIt HBh i =R R

FANERTUANE %1 GAN (19 k2, B4 cycleGAN Fl vid2vid. %4 NIPS
VIR 22 Y, JEAIAAE vid2vid BLG 7 R4, 5 7SS demo, FEH 51 AR

2.4.7 R

ZIRNAENLA 7 2 — D EE S, MRE A RERZ DR, &
PENLSE PR b AN B REHLES o L 2t hr 4N 7 I 37y, IR s REE 21— HER NS PSS o
LR R IXA B, B IB AR I AN 2 — M 525K Thompson 7
1933 SEFEHIT o Ath I SE AT 98 UE T 25 (1 = S A BE N LOUE S 30 AT L5536 1) 37
XA 70 B 245 R IR T 25 (K8 — 28 AT AS 21 o At AR RIE B 15 72 S35 gt
WAEZSZGR, DT 4598 N R, ISR 1 — S SR A . A
K&, KPR IS RA IR Z AL, FEUn @ ORGP . Fir LELRIPAE, SEE FDA
KR B 22 FEATLOUE S 496 s HTX b B R B 10 22 8 22 JR LT i, 0 9R R R il
. AIAET F, B PEHUSE R SERr e A2 48 MR 7 T R B HAR 2
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Wiliam R, Thompson I
Pathologist "
\ 2 A
\ &’
N ’
) v erta
R ring
£ vari
£ Alberta

Petep’ Auer

Thompson sulk‘npling:
For clinic ekxperiment

design(1933) UCB1(2002) |
: - >
[—] = =g i 2logt Generalized linear bandit(2010)
== a € argmax flie-1 +4 [ A P’
(] i ! A=) B[R] Ar] = p(m'y,6.)

Real Bandit In Las Vegas

ilﬁ 13
I

[ =]—]--] Epsilcn—gre"‘edy(l”ﬂ)
.

'hompson sampling for linear

g\!“\
® Tirs bandititheory(2013)

- "lg

2~ 2
) d
ek TR O(_ T 1+6)

; € o -
MAB: Animal &
Experiment(1955) LinUCB: Improved [

— LinUCB on Yahoo! Algorithm(2010

1’_5;3 il on Yahoo gorithm( ) “~

News (2010)

(Xi,0) = argmax (z,6) ,
(2.0)€DexCis

Thompson Sampling:
Bayesian regret bound for
many models(2014)

BAH. XFAER AR, ¥R
TR ANE R B Y credit %45 E . IAERUBAE sutton 441 o L& sk 5 > T3 T
K, BIIAZA Reinforcement Learning 51 Tifiik, Bl fig 7 ix /AN,

Peter Auer X TAEAMY -4 17 UCB Sy Fe s, 3EE 73 4 1 Epsilon-
greedy HIBRICTE T . 1XHR CE M BIRIEOR, IR RZ BRI HEOR R, 1R1E
13— . RRABISSCE MG R WIS T PIT 2 . Frederick Mosteller 2 15 4t
THFRBIEAN, 20 LG F R BB HE N MATSE R RUR, FE RS
HSERI e NP AR SR, AR —MEZE R . PrEMBAIE T — A2
PR ERE R S50 . 28R, i 1 o0 T Ao i 022 JR HLATSES: . Li Lihong J2 i
1 02 ik . A 7E Yahoo! news L[¥) LinUCB [ TAER B WWW I, 1X5E
N CESRAS T KE I, 51 BT AhE R X H >k Thompson sampling X 4™
WA IHRTE, BT — SSRGS, LS R # U 8] Thompson
sampling CRIREF . XS S0 R AE NIPS2011 b, tH3R13 T REIE. JERAH
fHERAE I A SR ER3E, 4T Thompson sampling 762k PR |- () 3810 Ll 7 AR ok
7 . et Russo iX s 5 & . AR AT LA F), A\ Thompson 1933 4E ] Thompson sampling,
#| 2010 FJE XN VE RS A AR, XA RIS R IR AR . MR,

KR LR AR I T #E L fa 5, AT 2011 4 SBT3 Ry L4, Bl at
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pass o
oo XSG ANRPZE LS R B S ST FE AR — NRE T, BRI RS B SO,
LI . BT R RN A S B S, (HZ RN HWR . FEEARG
T B MUE 2 G ) SO FEALENE R, I TR E AT 20, 521X Russo.

2.5 NFAEAR

® EERANA A

P P IR R S WU E AT DL, T RETSAE A 0 A
XFEg OGN EEL, R EOAHLER 5 2T U 4 Bk A 1 DL -

(77
) S
12) ZAS 8 »
= O .
© = 5 i :
= @ A@}@ - o A 7] -~ e =
) - T4 I e 05 .
\j é’ = E\OJ 3’ w7 0 = = (20]
'S @ & @ / - & 2 }\ )
e , A )
o
enan Ny P 1)
ser L (25 ]
'55#\ ) ":u';‘m: anoor
na . -—’1? A .
- w-\r"
o JLL’ :
O D
& 2-28 HlBFIMGLIKFE D
iy AR 27 24 A R LAG) b PR 7 AT 2], PP B BRIR R o B AR

Fro iz E T BUE 56 FE A9 N A e R R 5T B 32 B AR AR PRI 2 B
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Hlas = 3] S H B h-index 0 A s B FT7R, Koy 223 i) h-index #7E 20 LA
I, HoA h-index 7£ 20-30 XM ABUR 2, 47 584 N, /il 28.8%, /MT 20 IX
EEIPA-Ve 5 PEE A N
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SEARETZ, A1 10 A E R R BRI EMEINE 45, ES HE SRR
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REMEZFRATEEND, HaAnkfE. oh, RTRERE, AT A%
HEARRZE B, MAHRK, ©iF5 AMiner 4 H K R, SE B X
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2.6.1 EPRTHFE

® Michael I. Jordan

|#a Research Interests

@ Graphical Model Mixture Model @ Machine Learning
Hidden Markov Model @ Kernel Method

0 A

1957 1970 1980 1990 2000 2010 2018

Michael I. Jordan, EE =% (CEEFRFI¥RE. KEER TER. £EZR
S5l Bid, Mlasdzw)k, #E AN TR “BExX” 22—, HT
FI R 2N #5272 21 5256 = AMP Lab B¢& 1L, IEEE Fellow, ACM Fellow.

Michael 1. Jordan J&3& EA}2 5K, MM KRBT TR R HEHL
BEAMGTE RAH AL, LA 2) Gt A M TR RERE A . 2 b 2 ) 40
WIS ZE N2 —, FFHAE 2016 4% Semantic Scholar (R}2£3R) A A F i

SO S LR ER o AR AMiner $FAMLAR S S fe i G 112 3

fih T~ 1985 4FIRAF N FIAR JE MRS 2 H B 43 R Tl L 547 o B 1988 4% 1998
%, Michael I. Jordan fE#R BE T 7 Be 4%, AHOAI TS 07 M ELFE 1t Siit
L WA DU AEYIR . AR, AR SR AR A AE DL E S H o B
BERERAL, 57505 Bk, it R RS, BRES LA, {5 hEmg
T AL 22 A I R S b R 2] STUS I AUEL Yoshua Bengio, DU 2027 21 45
1 BLEL Zoubin Ghahramani A2 HiT F1 5 1 8 B 58 S A S5 AR FLTT T 22

fih G SRAT A 2T, AE 2016 F3RAF NCAIl B 7T 52k (IICAI Research
Excellence Award) , 2015 £33 7 David E. Rumelhart 3%, J7£ 2009 E3K15 T
ACM / AAAI Allen Newell %2, 2004 43545 ICML 2 ER 0%, RN, fid
AAAI. ACM. ASA. CSS. IEEE. IMS. ISBA 1 SIAM 5.
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® Yann LeCun

lba Research Interests

@ Neural Network Feature Extraction @ Neural Net
Pattern Recognition @ Cbject Recognition

Qo -0

1985 1990 2000 2010 2018

Yann LeCun, AN TLHEGEAIH = KBEIANZ —, BN “HBRMK LR .

Yann LeCun J&35[E TRERefit, Facebook N T AeWf A Belet, Lk
Sliver #4%, [RIFEFIRT R} EAR 0, BRI R, HERE L,
PAR 7 TRETHENLR o Al DU SRR M2 (CNND 37622 = AR R A T
SNV 7 T ) AR 4, JF BB A1aE A .

RIS RS N K (Pierre et Marie Curie) KA ENLRNF 42447,
1987 4E & 1988 4E, £ L% K2 Geoffrey Hinton 256 == (118 + 5 HF 70 51 . b T
2003 FEIIANA LK, Z ) e AEE MR ) NEC BF 78 B ki B AR B . £E 2012 4F,
b B T LIRS RL 2 oL, FRPAT 3T 2013 4F i, b 44T @y Facebook
NI GERT T, JFARERAE A ARG IR #d% . 2015-2016 <, fihrE L2
2 T B (i P A

® Geoffrey Hinton

|} Research Interests

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

>’

1971 1980 1990 2000 2010 2017

Geoffrey Hinton, A T8 fgdis = KBIH N2 —, PN “PiaM gz,

RIS RAH .

Geoffrey Hinton JE % B i1 H B K, L2402 KETH RS R BT,
ZAe 2 KF &%t (Vector Institute) & & RF#iA . N TR = RKERANZ —
Yann LeCun DL & #F3CR i 58 RH2% 2K Hugo LaRochelle #i2 HiH +j5 .
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fib ¥ 1975 FaR1FE T EBRA N LR GETT AL 20, fhae Mg 2 mt st
E

2013 47, D A FRFF AT 400 AL ATRA , H 40 28 X 2 77 N B8 55 5 82 0 F4]
W IR ) INIAGAREAE BT A S LA B AR A BRI
Backpropagation (S [mjf&4%) HIERNFH RPN 28 SR FE S >

Geoffrey Hinton 3k15i#% 2 3210, 2016 “F3kfF NEC C&C Award, IEEE/RSE
James Clerk Maxwell Medal; 2014 4F3k#53 IEEE Frank Rosenblatt Medal; 2013 4F
$£43 Doctorat honorifique, University of Sherbrooke; 2012 4, 3ff3 " hnE KELER
# (Killam Prizes, 47 “INERIE VURR” ZFRIE K A2 o 2011 35145
TR TR A L R Ay, 2005 AFEARAT JICATL LRI 78 210

® Yoshua Bengio

laa Research Interests

@ Neural Network Hidden Markov Model @ Machine Learning
) Artificial Neural Network @ Neural Net

1988 1990 1995 2000 2005 2010 2015 2017

Yoshua Bengio, MNERIFENESZK, 5 Geoffrey Hinton. Yann LeCun —
A2, WA N TR A = KB . MRS MILA FI%dE, 76 h e %E ok 100 ft
FHURIZE ], Yoshua Bengio /45 K # A 31 F i —A>. ABZE N T2 2 Al
BRI 2] J7 S 7 R DTk

Yoshua Bengio - 1991 “E3R1F N EE R Z 5 /R Kt EABHEIR 2 A0L, T2 RR
BB AN DURSES E A L5 . B 1993 4F DUKRAIAT S RFFI R R FB#%
AR AR 512 %% R AR MRS 7 =445, @it 500 R4 (h-index
4 125, g 135000 RGIHD  ECE S HERE 2], BIMEMLE, #Ry
SIEVE, BB AL o )4, HA, Deep Learning 21T GAN 242
lan Goodfellow %5 A\ & 2 I TR BE % 2] i34 LR
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fibA NS K ZRGE T RS R 2 —, o (BUE AR HLasS ) fip
22 R THABA T B 322w . H 2000 42, ARTESTTH: o) Bk s T i Kt
FLER, H 2006 A NSERC T35, H 2005 LAk, b2 s K s gt
FATREWE AL, H 2014 FFLLK, fh— B TR ). fl& NEURIPS %4
SWEHESMA, /2 NEURIPS IRFE RS, MILFEAL T 14 F1)5¥
ST 2, R FEH T FT E RS SRR S b H AT GEREE T s LR
PN AR, JF HAFE G T IR S FISRAE S I IR AR R R, s 4 2 A
Rz AU, 20520, A2 e R a0 S BE DU R G WL 5 21 i B A Bk
RS

2016 £ 10 H, YoshuaBengio B4 6572 7 Element Al, X & —ZF AL T Z4F)
IRIANE 2%, B8N TR R (AD BTSN SERR I ML B A« 2017 4
5 H, Bengio EARME I SRR R (172 AL 22 7] Botler Al $HAT SR BE B ]
fih e 2017 SEFEHYE e 2 AL T KRG E, IEREF P, 2 CIFAR &
Rt ge LI IL [EEE T AR AR 2] vl Ak, Ahid /2 MILA (ZERFRIR
KA )RR A1 AR A .

YoshuaBengio i1 “A neural probabilistic language model ” 161 T #1 £ <%
“& language model (& SRR K56 . ZIC BRI . B R T 2GR %
FTHEMEMH NLP (HARES A HXE.

® Andrew Y.Ng (Z L)

laa Research Interests

@ Reinforcement Learning Supervised Learning @ Machine Learning
IVlobile Robot @ Markov Decision Process
1982 1990 2000 2010 2017

Andrew Y. Ng iz 514 B 316 /& fth fir TF & BN T p 2% il i W E — A
YouTube #LAI, H 32522 VRNIIREE R 5 T3 A . 1X A S5 D N T e AUl
T — 0.
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Andrew Y. Ng T 2002 3K 1 N K240 se R0 AR IO I 247, FF X AR
FRUG/ERTIHAR K& TAE. A2 HT ST/ 481 Michael | Jordan B35 1. fth) 322
BRATIRAENLAS 52 20 L TR 2% 20 HLAs N N A BRI TH SO 3 55 75 T - 2010 41,
FHE BT AR K22 237 10 Andrew Y. Ng WA ST & A XLab——iXANHILE
JeJa NI R TN B IR EME TR A2 00H, Andrew Y. Ng TIAJ&
THUG “ArCRMG” BUH . 2014 425 H, REGEIMAEE, H4EH AR E R
%, HsTAFEMFRBERATT TAE, JGHZ BaiduBrain v1%l. 2017 4 10 7, R&
ik AT Woebot A FIFHMEEFK, %A AHA K IFE LRI A

Andrew Y. Ng 14 FE R, MRFTT RN A W s WA — M
YouTube #AI, H 3257 2 VRIIMRLE R 0 T A A . IX A S 491 D N 13 AR
Tr g —

fth 2007 53545 T 7% 2 ( Sloan Fellowship), 2008 £ \.i%“ the MIT Technology
Review TR35” , Bl (A H TRHZ ALY J% EVFE H 1R B 35 1274, BAK
HEHLUEYEY (Computers and Thought Award) , F£7E 2013 FE Ak (Time) 24:&
EEAREREAARE /I 100 A2 —, Horpdt 16 fr B A b tijg “it 5L
AR BRI .

At IAE f 0 0 B PR 2 > A AE 2013 AR RTHEAT 128 T2E AR K, 1 Deep
Learning with COTS HPC Systems ( Adam Coates,Brody Huval, Tao Wang,David
J.Wu,Bryan Catanzaro and Andrew Y.Ng & A7E ICML 2013 =% ) . Parsing with
Compositional Vector Grammars 55, fR T~ 1 , A4 & A ——211%& Al fir 2 Machine
Learning Yearning - 2018 4F ki, %51 [m] B H PR NHLES 7 ) Mok, &
A ENLAR 5 2 LR A I ) — LS A4 T, ME NI R AR T ), $2TH 0T K
EVE S
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@ Jirgen Schmidhuber

s Research Interests

@ Reinforcement Learning Neural Networks @ Unsupervised Learning
Support Vector Machines @ Neural Nets

1989 1995 2000 2005 2010 2015

Jirgen Schmidhuber 4 T8, £+ N TR e = (IDSIA) FIBER E
£, & LSTM 1) KW BRES ) T03, BERRAIE T PP 4 M 4% 2 22 . Schmidhuber
AR NBISLI 2 7] Nnaisense 1E Ly ET AN TR AR ARBT K MbHT, AMbIFRMHEELE
NKREW SN E, IEAELER e T MUKl T B B s

i [ - AL RLE S Jurgen Schmidhuber 7E#E52 95 [F] ( TIR) R RR, T
S EE KSR 10 i A ) R ABA P A LART G 48 R —— 1 J P A BRS¢ ]
BRLINET— AR VY 2y 2 — o FHOX — 3, A LR RE T RELE 2050 4E it A
KA. NLARERKIEH MBI A, BV RIBIE.

® Zoubin Ghahramani

s Research Interests

@ Gaussian Process Hidden Markov Model @ Bayesian Method
Graphical Model @ Probabilistic Model

1989 1995 2000 2005 2010 2016

Zoubin Ghahramani, J&8IMr K25 B TR, 915 T H KL 30 A5
N A RIHLER 2 2N, R4S T Uber-Al S256 = (U T RHF R o fh s 4EAE 3
] % B s L= 40F 78 BTy 22 B R AJE 58 A CAlan Turing Institute) f 846 81HF 34F,
BR SRR SR G F 0 (Leverhulme Centre for the Future of Intelligence) ElJ%# AR
FAE, SIMFEL BT (StJohn's College Cambridge) Fit:.

M AE 5 A7 9 JE TR 2 ST EAURHA A RO R, 1995 AE ARRAE B T2 e
PG L2y, R KA )G B AR AR F N T e

45



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

I 2019 N L& Re K Rtk
SRR T EM AR TG At 2 —, B CMU HL#S 22 2130 T 20 i
10 £,

(CRE R IR RS ISR 2 A w1 2= 2 I TINY - VTE I QNI A SN e SF 5
RI%. fhRFR T 250 ZRIWIC, 3Kk7F 38000 £44513C (h 484 84) . ¥ TAER
#|7 EPSRC. DARPA. . %8k Infosys. Facebook. YV i, FX Concepts.
NTT FHH At — 28 T & AR AR 1) B B ANFE I .

2013 4, fh3RA3 1 75 JiSEouiA K, H TR W ST H A Geit . ik
FHAE IR ST 52 e ( Microsoft Research Cambridge) « Vocal IQ (il 3 SRl )
SN Mot A% B A &) (Cambridge Capital Management) « Echobox. Informetis. Opera
Solutions F1IHAh JLE A B LA o AR HEAR IS —Le 40 HR S5, FHARAL A% 5 2] i
F HEE PR I E RS TS : AISTATS (2005 4E)  ICML (2007 4F 2011 4F)
ANIPS (2013 4. 2014 ££) . 2015 4, filgiifi h B oL, 2016 4, i
WV IBLAR 7 > el K e B )78 22—

® David J.C. MacKay

| Research Interests

@ Neural Network Gaussian Process @ Emor-correcting Code
Turbo Code @ Hidden Markov Model
4 1 r 19289 1995 2000 2005 2010 2013

David J.C. MacKay, AESIHF KSR SCHEAT SEI =Y B R B R 2 H8, B
NEIMFR S TRER AR, RPN RASAL AR B T Bt )

1967 4 4 H 22 H A T2 FE R R it ve . R4 R /R332 R A AR
SN =B AE G, T 1991 EAEININEE TR e il 1 TH AL R4t

R VA

At B % BB 5 ) S AR S R I A 3 ) 70 S DL A 7R, A A 22 X 2% 1)
WERTTE, DAL AR I B A o
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fitfEdLAs > L {5 S ESANEE R 507 1 B AEE br B =g k4, bt
15 Dasher ()M, Dasher & —Fh# 0, AT LLRAL AT HLAFEAT (i = AT
AL IS o AN 1995 SFETHIGEBIF AL . H 2005 LR, kR 1)
o 6D T U677 T 0 A G o ARt R R I (L B 3 200 51

1985 ¥ Wi K [H bRy s BAKIL sz zh o M, —4F3¢, 1999 fFilfE
4> Leonard G.Abraham #2130 ¥ (5 R.J.McEliece —#2PA % J. - F.Cheng) , 2001
1999 4 IBM S EIk AL, 2009 4E ik W BHAT T e 1: . 2R e, 2010
FHEEARTREM RS, 2013 F3RME RV .

® Christopher Bishop

|a Research Interests

@ Dopamine D1 Receptor @ Serotonin Body Weight

@ Energy Expenditure

1960 1870 1820 1920 2000 2010 2015

ChristopherBishop, X SIMIEFTRTH AR 5T R ML EEAT, & T HR%E
TFENURL 2, SRR SR B+ .

Chris 725 K 3R Lo i, FE8 T 0K 3R T i B 2
SR, SRR T RS TR T 850 MR 2, X A T 3,
IRy AEA HOR BRSO R 5T N BEJS, B TR 5
URRS SISO R, 70T R S RIS T s o B 9 /ML

So AR ARz 5l - RORLER 5 ) BRI ERE . (e I 2 s iR )
(1995) Al (HEzCIRASHLAEET)  (2006) o MBS THLAE % I E T EHL
R B BT AR A S A |12 B o 58 FLBTR A 5REERINR(E 53, 2008
o, MR R T B R R S YR, 1825 4F I  RVERL B RIS, HEE K
HAL G .

{1 T 2004 4F243% 2 58 TAEReP+, 2007 4F 4k 52 T 8 2 K ¥4k, 2017
MR B R FL A
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® Tony Jebara

lbw Research Interests
@ Support Vector Machine Iachine Learning Support Vector Machines
) Hidden Markov Model @ Computer Science

v

g /N "4

1996 2000 2005 2010 2015

FHEEE R AT SRR 2 R B A%, AHME T R 2 HL 85 ST SRR = M TN

FEF T W AT ENURF A MG A8 SRS, FERLSE o7 ST AN 2 A
S5 7 TH AR

fib T 2002 FRAF R B Lo i L oe . Abdis 3 EHE ELEAL 8 2 2] Sk &
(Columbia Machine Learning Laboratory) , %3256 % FR 78 5 1 SEALRFE M St
TR, JPRGHEEE - IHESE, JRR B TRESE . M2 I R AN SO
Tony Jebara ©. 2 £1)37. 7 f0.45 Sense Networks. Agolo. Ninoh il Bookt 7£ A K JLE
HIGIAR], I ARG IR DS o AAE 2 W Bl A T R T 100 £ 55 A
ATVFR S, & NIPS . ICML. UAI, COLT. JMLR. CVPR. ICCV #1 AISTAT.
e (HLasse>d: PR EARD) —PBRIVEE, tRAMSE 5 SN 4 A4 2
T MEIFE R A BN .

2004 4, Tony Jebara K15 1 H Kk} S o HRME I . /R S 7228 26 @
WL ) E bR il PR RSO3, 7E58 20 JEmLAs 5% o [ brax i 1 3R19m tE
FARSCHL, JRAE 2001 FEHAFE AR A S AR H TR YL . Jebara A 7 4
7EHAL . (ABC, BBC, New York One, TechTV Z5) FIAAREEAR (ALK,
AL, BB, MIET, IEEE MG LML, (4t RIS
2008 E T BILHIM AN Z —. Jebara B (HLEs2SIWF5) 226/ (Hl3s
2300 iR ARl . 2007 4EE 2011 4F, Jebara fEAL 2824 > Bl 3:4%, 2010
2 2012 FFAF IEEE BB MIHL a8 B A 55 I 322w . 2006 4F, fin 5 A\FLR Q)
ST NYAS HLEEE 2 22, I MBI e — BT A I 2 4R 28 BT A
Tony Jebara IS4H4E 1 2014 56 31 JmHlas ¥ I EH bR (ACML) I H EJE .
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® Max Welling

|aa Research Interests

@ Gibbs Sampling Unsupervised Learning @ Mixture Model
Graphical Model @ Belief Propagation

———

AN AR 1995 2000 2005 2010 2015
\ \ P - !

Max Welling, Fi#rRsPFREEIN “BEFCLE ", I KA B (UCD
THEIBHE S G 2 80, I Rm Rt 7T (CIFARD BIBTFT I, Scyfer BV Bk
RPN

I3, B AR M T 2%k (Caltech) (1998-2000) . JIH K2 I& AW 4
# (UCL) (2000-2001) F1Z 4% K2 (U.Toronto) (2001-2003) HAEI#H 15
1998 4, fihfEis DU/RISRIGH E RIGHIR 48 T T35 7 L5400,

Max Welling M 2011 4% 2015 E4HAT IEEE TPAMI fE] 5% . fth 1 2015 LA
SKAHAT NIPS JEG M F o 0l (FENLES 2 ) A s K 22180, 43 JildH
fF 2013 1 2014 4EFE NIPS [R5 Al 325 . 2009 4F, il 2 AISTATS #
2016 4E ECCV (I H £, 2018 4E MIDL [#)& F k. Al /£ IMLR A1 IML )
YT B SATER, FRIEATEML S JCGS Al TPAMI FUEI Lg% . At AR
Facebook. FfEFZ. NSF. NIH. NWO 1 ONR-MURI 3k75 7 £ Wi# B, H— 15
& 2005 FE17 NSF Bk % B o i /& 2010 5= ECCV Koenderink 32113815 # . Welling
QLS R € R 2 T e NI D e g s A (TS I G LR R Y IR e X B
= (AMLAB) , FFIL[FSIT EHd A F] 1 UVA IR 2 315080 % (QUVA) Filfé it
A UVA IRE S 2] 92805 (DELTAD
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262 ERARFEE
® kil
|4 Research Interests
@ Support Vector Machine Image Retrieval Neural Network
Learning Artificial Intelligence @ Feature Extraction
‘ t -
1983 1990 2000 2010 2018

SRER, HEEFERE L, FRERATEIRE SRR R, HERFAAL

HRET T BE K

SRERT 1958 fEERNV TR R BB &R, A& E St A shizhl Lk
Bk A . 1995 SRt ik R E AR B

b RN B s I 5 RGN T, 1979 SEIT IR THREANLRF 5 BRI A .
MENTREEHER . NI m s, BESk, mmAN R EERH 7T AT
B b iR oy AR e S vl 2B NS PR Y S R VNS e il S R B A PVARE E S

W7,

Ao N R B )R A T B AR L SR BURIER R EAAE, $R T )
JESRMEATE 2 (B BEAE, MR T A [FRLRE 22 (8] (R« e AT 2 Tal A e . SRk
AT AR R . AR A B3R M Ge TR R AR R, BT A TR Ty
IR A FERE R S, 3 T A S8 i H BB IR AT k. B3R 1A
B PEARER . SEVESERE . BT I S ST R . 15 I SN Ak 1 Rl
BES. HEBESIIRRELE T 6.

SRBRCRT [ 301 R 2 A 1 ] N e e BN TR BE ORI P08 S R O SR 3K Ty
T FA) B 5K

FEAARMIEFE L) 32 ZE DTk B2 1m0 J= SR AR ) 7 2 ) B, S AR s
%, RGUBER AR R VORI AR TE . B2 AFZIREEZ
A5 S RAEEALHI S AR B oG R o A2 EIRPR LA F, fhdt— b
TG R R A RS, BT M 22 [ 5 9% BL R I T 50 SRR R R e a] A &l
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AR, MORBAR Tk, RAEENRMHNE. HEE (rERmgEid
SR AT g T e N TR e BT 7 R I RR, HBESCRT 1992 4E i
Elsevier Science Publishers B.V.(Nortn-Holland) H4 fiit,  H S i3k Bl 58 K 1)
R RAAL TS AR FE RS54 . KR LK Ronald Walts 7ETTHEHLAE The
Australian Computer Journal (1995) X ([l RAAEEIE LMY  (FESCHO HITE
W IR IR E A AU S EAE” o SEE 3 Harold S.Stone AA,
SRESEE ST R R I REE T TAE, £ “ sl JLE T E 25 R B R = X
HIoTEk” R AT EBOR BRI R ATHERE 77

fbAE E AL R RIRTC 100 25, FH oS0 L AT CRDEDR AR B KN )
LD AL (N Rie KN D) 25

fib T 1994 452435 45 B 17 I SR 22 B A 8 e L 1995 4524k g o LB B
Bt 2010 44 R KA T 1 AR A5, 2015 4F 1 A 31 H, 3KER3R
75 2014 CCF & & i ¥

it = IR B RIAR 5 RS E R R S A R AR
£ A5 BRI BEOREBE AR A EAT; HE B SR8 N L lZ AR
AR B fedril b R @ EAE CHEHLAR) Bl EmEOR “863”7
THRIE RNl N 2L XA B TR RO 2 A B &5 TF RN AR R &
FAEs

|#s Research Interests

@ Machine Learning Data Mining @ Ensemble Learning Face Recognition
@ Neural Network
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I SR AT, MBS SEEZIRT AU (LAMDA) ik, ¥ ARZEIS
LR, MR RENLEGEERREK (G .

Jil AT 2000 3RS R A EALE S HOR R 2447, 2001 41 A
R RATH, 2002 4F 3 H #E A& AL NI #0452, 2003 4F, 7EAh 29 %5 it 345 [E K
ANHEHERFIES, FEEHIEANEER .

i 2006 FNEHE HIL A #H IS A%, 2012 £241% IEEE Fellow 1
IAPR Fellow ([H FriE iR 5224451 ), 2013 4E243% ACM Distinguished Scientist
(ACM AHEEZD A ETHENLY 2 (CCP) ad:, A RKE R E A 41k
ACM 7R H R K23 . 2007 -0 @ B 5L R 5028 5 o1 5 B0 42 S0 a0 78 o
(LAMDA) , 2010 4 11 H RS HBOR [F 2 55 R 900 55 55 | H4F, 2013 4F
5 MEHHEALRE EAE

2016 4, fil 41k AAAI Fellow (R AN T8 fe2E 2 , BT E Kb —fr,
A2 G RN (A PHE — SR SR BR 2 AR 7 5 I HLA P — 78 v [ R Bl B ASHA L 2 Ao
(1) AAAI Fellow. 2016 4F 11 H, ik EREE(RHI22 1 (AAAS Fellow) .
2016 4 12 H, ik ACM Fellow, By — A i ER B UG 45 58 2202 1) ACM

Fellow.,

2017 4E 2 H, 2% N T B eI 22 AR 21 AAAL 2019 FE PR L2 1,
Tz A E 1980 A ROL LSRR E A N T . W IR ERRZANE K
fFERE .

HAE AAAI Fellow, IEEE Fellow, IAPR Fellow, ACM Fellow 1 AAAS Fellow,
JE SO EBR B 5 N TR GRS B B2 “ KT 7 Fellow 2 N — A

BEAl, ARIEAEAE UCAI BEFPR A 1%, &b B A E AR IR A 22

JERTENFANTRRE . HLas: ) Bz S nt 7 T, hEh
PLEREINTTHEE (BLEs22]) .
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|ms Research Interests

@ Information Retrieval Learning To Rank @ Web Search
Machine Learning @ Data Mining

1995 2000 2005 2010 2015 2018

R, AERURE FRURF AR AAER -

BT QAR TR T TRER, T 1008 45 0 AR
SERLRREIL 0. M AEE A NEC AT th S SR B, BT Febi e
SRS TR IR AR A T -9 3 (. BUES H sk
N TR E LT

A RIBEFE7 [ RS B AR . BRIE 5B, GuitpLas s > KR 2 3. Ak
—EIFRRAEAR R ARG, 8 O =8 AR L 2, R DI brag AR SBR[
Preg RS T BRI B R AR, IE 42 BURBEEE LA .

by HH ) = AR EE F e A N BB 2012 4F H AR Ge it 22 S TR
fih kT 120 T AR, A SIGIR. WWW. WSDM. ACL. EMNLP.
ICML. NeurlPS. SIGKDD. AAAI. IJCAI Z£ 52 [E Prex i L& 45 CL. NLE.
JMLR. TOIS. IRJ. IPM. TKDE. TWEB. TIST. A/l =6 e sl 1
SIGKDD'08 ffEM 183 ¥, SIGIR'08 feff:2EA 30, ACL'12 k2= B
2.

fine ACM ZRHEFFE K . Mt FIREFE AIRS-2008 272 2> 1,
SIGIR-2008 Poster & Demo Z i1 2> F:J#, KDD-2009 E 4%+ /%, EMNLP-2009 43
I8 FJ% , ACM Transaction on Asian Language Information Processing &l 3 4, Journal

of Computer Science and Technology 4mZ%% .
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laa Research Interests
@ Topic Model Conditional Random Field
Supervised Topic Model Information Extraction

@ Maximum Entropy

2001 2005 2010 2015 2018

K IFHERFHNERE REBIR, HREHAR S KRG E K E AL =/ :14E,
R AR RE S E M IR AR . 2013 4F, ik IEEE Intelligent Systems 1) “ N T4 fg
10 K#HiA2” (AI's 10 to Watch) -

RZET 2009 FIRFFER AV FHE L2207, EENFEPLER I

M AE [ b B AT 5 SR RFEARW L 80 &5, IR T ZhuSuan, —A
T DU yR B 2 > COUn S 5y B FR 2 I &5 &) B GPU &, AT RLTE
TensorFlow _1% H

fih 2 AAAI 2019, NeurlPS 2018, ICML 2018, UAI 2018, 1JCAI 2018 [f][X
RS, EEEPRYIT] IEEE TPAMI A1 Artificial Intelligence 4w Zs. [E PR
ICML 2014 Hh[XEES EE . L2 ICML. NEURIPS 25 [H Brax i3 (R4 3 i .

1T~ 2006 4 PE AR 2, 2009 5 NI R A JEHEFE K2 Innovation Fellow;
HETHENL SR R SO RIS (2009) ;5 JEHERS: 221 FEAREEFLUERIA
L (2012) 5 FEIFEVSSFFERF K (2013) 5 IEEE Intelligent Systems 7%
HEVFER “ADls 10to Watch” (2013) 5 EIZALF HF Rl =GR 1538 (2013)
[FAE3RAS . P EFENLECG 2 (CCR) MUK “CCF HHFRIFEK” % 2014 4,
i IRAHE H-MSRA BAIF 70 S50 2 MUK (K B FEBIMESZ ;. 2015 423k 454 [E 75 42 T
RNA TR RIS R, F4EIRE] T “CVICSE A4 2, 2017 48, il pies B2
T52FE TR35 HEiky “HeilkE” Z—-
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|aa Research Interests

@ Face Recognition Feature Extraction
@ Learning Artificial Intelligence Image Classification
@ Frincipal Component Analysis

.

: . 1981 1980 2000 2010 2017

BIK G, HTNE E SRS B2z . 360 RIS N TR Rt 7t b b K
BA=MER CTAUR” TR

FE TR N HEN G . ZERAE DA RN RIS S #ig .

fAEAR Z B AR LIRS 1A T A RBARR S, HhRmEEsI 2 5
R AihiE 2014 £E. 2015 41 2016 4= ISI 44 = 5 51 H IR 78 2 o Bk et 1%
ST HBA LIRS T 10 SN 58 S K A% 03 3% Pascal VOC 1 ImageNet
R (ILSVRC) e FEFRES AL, 10 Rk fE (A B30, i
P BAIE % 3R 152 ARSI T 2 ACM MM B8 S0 . Btk AR SR B g
VST AN

K B BB R T “ Network in Network”  (NIN) P28 589 IRAZ% O 1x1
BRUEIT R LT v B AL IR 5 ST RS (bR A, 7E 22 AR AR Tk 5t
R, HBAR LS WIK GoogleNet. 7% 7 M4 (ResNet) 254571 i .

® i

|#a Research Interests

@ Data Mining Machine Learning @ Transfer Learning
Case Base Reasoning @ Collaborative Filtering

/

1995 2000 2005 2010 2016

r‘\.
\

M, FIRE RS I TR R 2%, (HEVIRSE I TR R AT, K
BRI PR K . IEEE Fellow, IAPR Fellow, AAAS Fellow, ACM 78 Rl 457,
KDD A& & .
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WpoE T 1989 31T 5 B2 KA ENURL A 22, 2 J5 BE 1995 45, T

I RIS T KE T HNRAT B BRI S B0 . F R B T UL A8 5 2]

HARFZ98 A E B0 AR Ao N L R 7T [ bt KA A, 73R SR L

A G T AR RS A TR, OB T E N TR AR CAD IR R

(KDD) R E#E T EE L FMHESEH . 124 ik, #uRc kK KiE 400 55T
N TR AR 298 7 e 3C, 51 i 20000 .

2009 4E, fhfilg& 7 ACM TI# Transactions on Intelligent Systems and
Technology (TIST) JHEE JE 1. 2012 45 2015 4E, HUFHEINIE 5 F+S25
FANE AR 2015 4F, EFEBREOOAHENS TR REAE; 2016 45, £
TR 61 R BRI T T

finftt oA . 2013 4 7 H By EE A TR B (AAAD Bit, &
B AIIRREE N, 25 3T 2016 4E 5 241k AAAI PUTERSZE R,
MR A N IR AAAL R AIIZE, R4, (T ACM a2 48 5 /) 45
(KDD China) FJ# . 2017 4 8 Hfth 241k 0y E s N T Gk a2 (UCAI, Efx
N L REATUIS ) ST % 7 10 T 2% [ P i) B S 25 305, 25— 4E4F 1JCAI FiZ
REMIEAFRER

laa Rasearch Interests

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

——l— | .

2013 2014 2014 2015 2015 2016 2016

H, PRI AR, W,

T E SR AP 22 s B AR et SO S, DURGIR A ST
HLALSE 1 BN o

2009 EARRHEMY T AL MR K, 2015 ERIFE R AR R 2 5 T
REfE 2247, 2015 £ 2018 S EBER /R KA RALAR L5 . K3
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ik b E 3 s E 2T 218 S RL SR E R R B 10— 1%k
W EE TSR T — M f G 2 N 45 40 ) AR R G R N 4%
(DenseNet) , & 7 HRAYLE B iR BT 55 R R .

HHTZE NIPS, ICML, CVPR 5 [EPrTIZ 21 A IEEE ZMITIHEH KR
AR 30 Rk - 2016 4F 1 KA 4= [H 5 e 5 L BREZ IR “F R85 2017 4 [H bRt
P T 251 CVPR FeAE e 3. 2018 7N T8 REQIH K38 SAIL %
BN R N T R B AR — S AR S AR

fihj& AAAI 2018 = FE 723 5, $84F NeurlPS.ICML.CVPR.ICCV.ECCV.
ICLR. AAAI Z[EH Fr2 AR <10 IMLR. TPAMI. TIP. TNNLS 2% [E r BH ) 5 f
Ao

® i

|w Research Interests

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

e

1992 1995 2000 2005 2010 2015 2018

MR, AERUR S Rl A BRGS0 5 8 RE A0 0 B R S 00 = 30
FEHF RN B RN, BB BE .

1993 4FE TR R F IR 222 207, 1996 4F T- b mt KPR H 22 i -+ 2447,
1998 F-T F kPR TR 2F 3R 22447, 2000 4E T b5 K 2E 3R 15 P 24t A 2
7o

2007 £ 3k Microsoft SPOT Award, 2015 4F ImageNet K UAAR 55 1K i) 75 58

(ILSVRC) 5t/ TiH i 4, 2016 F3RE XK HREBI AR N HFERE LS T,
fih & CVPR 2014/2016.1CCV 2015.NIPS 2015 f#j4%i3sk 3 i f1 AAAI 2016/2017.

IJCAI 2016 HIEHBAERFZ 0. flith & IEEE Transactions on Pattern Analysis And

Machine Intelligence A1 International Journal of Computer Vision f%sZs.
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® T

| Research Interests

@ Face Recognition Pattern Recognition
@ Frincipal Component Analysis Feature Extraction
@ Minimum Description Length

<;;-.F_ —

2004 2005 2010 2015 2018

I

FATE, 1999 FEIRIER R E AL, 2002 AERTE LR AR 247, 2005
FEIRIE R E 0. BN AL R K S BR AR AR B 8% .

KIPMFHLES A SIAHSCHE T, H AT EZ B8O T8 ) 2R #e, Rz ALE
W, ZoRAFEN RS 0 LR RIS HR S R R .

E 2002 4ELLSK, 7FE PAMI. CVPR. ICML % [E FrI5Z% 8T A F 21 k3%
WX 60 &k, HSH5RE (Mlasr> HERH) 2009 it “5%F Boosting 5%
Margin fifERe” K 2015 it “Z 5 BRFAVRITIALAR 2421 7 MG,

MIRA955 11 i Meeting on Image Recognition and Understanding 2> i £
X #, 2010 FE55 1S Pattern Recognition Letters AT &% & 51 16 3 2£(2005-2010),
2010 ik AT’s 10 to Watch, J& B M IR IZRIPILIMAE . 2012 SE3R1F 5 Jm
E R AR RSN FFEESE, Bt iHEAA . £ NIPS ERE22 Area
Chair, LA Z 5 FARBITIHZ .

L/
® kKK
|#a Research Interests
@ Semi Supervised Learning Support Vector Machine
@ Learning Artificial Intelligence Machine Learning

@ Automation

- NS —

1991 1985 2000 2005 2010 2015 2017

SREOK, 55, 1965 E4E, b N, BRERR S ARG E K E R SR = AR5
REG, BERFHIMCRAEE . LA, BEHEARS RS EFRE S E
HIEAE, B REE.
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TEMNEFERGAAFE., F54F0., BRM 5 N TE e S iF S 74
PLE AN T S E1E

1986 £ 7 H ML FAb st KB R, R 2242247, 1992 42 7 H Bl
FEERKFANE R, A0

1992 £ 7 H—1994 4 12 A, fEiERRFHINMRIEHIN; 1995 4F 1 H—
2000 % 8 H, fEiEMHERFEHMLRTEIZE; 2000 4F 9 Aile, 7EiEHEKR¥EED)
WWREFIR; 2001 Fild, [LiFHERFE LA T,

I JUAEAE H B AT 2 R R AR IR SCHTS 100 e, A A4 FE PR s
F] Pattern Recognition. TNN. TKDE. IEEE Transaction on Multimedia PA % [E B
Tk 4= 1ICAl. AAAL. NIPS. ICML. ECML. SIGIR. CVPR %, fihif /& H fx
BB AT Pattern Recognition 22 .

® )i

| Researchlnterests

@ Solar Cell ) Stability @ First-principle Control System @ Sun

BELV .

1992 1995 2000 2005 2010 2015 2018

NG, B, AR B E BT, BUER AL s MBHC A IR A A, AR
WAL E R AR WL TP et o

H W7 T SN AR 52 >

1993 H—1997 4FE ik T 1 22 22 K 2E H ah ) L lk, 3k T 554 5247 . 2000
TE. 2003 AT 22 A0l A AR 5 R RedE ) LI A AR R, B3RS T
2EHG 227 FN T2t 42247 . 2003 FEFNEI I N1 T I T B5

VG 2002 SELLSKAE CVPR. ICCV. SIGGRAPH. PAMI Z5Thi 4 2 AR 41
FHAT) ERFHEARR L 100 25, FhOIE LA 40 W5 [H 5t EbrEF) .
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I 2019 N THREA R &
2009 4E P& 5 45 BN & # 11 3C Single Image Haze Removal Using Dark
Channel Prior fmf3 J EFrit SN 5 5B <1 (CVPR) HF iR 3R
(CVPR Best Paper) , X2 WAL XA ZEL; 2010 4, FhelH: e ERHS
PSP (RRE 3 TREFEL)  (MIT Technology Review) iy “ 4Bk 35 % LA
IARHEFQHH” - 2012 5 2014 4, FSIMAEEEFEES B 5
BE(INRIA)/ 2L 5250 yu22Be Willow 4. 2016 4E, FhSIHA0K HI SRS Deep
Residual Learning for Image Recognition FFIX3AG T E PRt FAAL b 545 2R 51
2= (CVPR) #8302 (CVPR Best Paper) . 2016 £ 7 H, #&IIERMA
W AAEE ERER . WA R Be b, 2017 4E 8 H, #VGIFEAEFE EEk4
(Chinese Association of Automation, CAA) IR & # e & Ze Il £ 1. 2018 45 H,
2018 A5 — Ik E 5 SR THRI A TR AN SR L AE AR AR B R SCBR R  f) jE
T 57 Ao 2019 4F 1 H, FhEI AT PG 22 20l K2 N LR Re e i A

2.7 I HRiE

ST XF AS AT ) v 2T AR R SCREAT Y230 M TR0 S8 S A I 4 X
PREEMELAE, . WA

International Conference on Machine Learning

Conference and Workshop on Neural Information Processing Systems

variational inference machine |earning

adversarial attacks
deep learning  sorave mode
reinforcement learning

adversarial training

neural networks ™
embeddings CONVoOlutional networks

deep neural networks

sample complexity *

regularization inference

learning algorithm generative adversarial networks

BATREAATI S SC ) s R HEAT 0 M, GEit AR Top20 I Sedtinl, A= plias
AR R AGSE =, BB R . Hd, AL (neural networks) + I
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DR
FE23] (deep learning) « 5Efb22>] (reinforcement learning) & A< 4ldsk Hh e #40
KA. ICML AT NeurlPS sE L& 52 > AR B A AR 2B, IRTRER
i, FRATEEL ICML A1 NeurlPS 3T 445 e HE 0 SCREAT R SE .

& 2-2 ICML 3F 10 4E best paper

ICML (International Conference on Machine Learning)
G W AR 1E&
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
Delayed Impact of Fair Machine Learning ;ydla T. Liu, University of California Berkeley; et
2018 | Obfuscated Gradients Give a False Sense of . .
Security: Circumventing Defenses to ?ggﬂ:}(ﬁ‘ghaly; Q:Iassachusetts Institute of
Adversarial Examples 9y: '
Understanding Black-box Predictions via . . L
2017 Influence Functions Pang Wei Koh & Percy Liang, Stanford University
Ensuring Rapid Mixing and Low Bias for - S
Asynchronous Gibbs Sampling Christopher De Sa, Stanford University; et al.
2016 |Pixel Recurrent Neural Networks Aaron Van den Oord, Google; et al.
Du_ellng Network Arc_hltectures for Deep Ziyu Wang, Google: et al,
Reinforcement Learning
A Nearly-Linear Time Framework for Graph- | Chinmay Hegde, Massachusetts Institute of
2015 Structured Sparsity Technology; et al.
Optlm_al and Adaptive Algorithms for Online Alina Beygelzimer, Yahoo! Research; et al.
Boosting
Understanding the Limiting Factors of Topic . . S
2014 Modeling via Posterior Contraction Analysis Jian Tang, Peking University; et al.
Vanishing Component Analysis R|0| Livni, The Hebrew University of Jerusalum; et
2013 &
Fast S_em|d|ff_ere_nt|ql-based Submodular Rishabh lyer, University of Washington; et al.
Function Optimization
Bayesian Posterior Sampling via Stochastic - Lo e _
2012 Gradient Fisher Scoring Sungjin Ahn, University of California Irvine; et al.
Computational Rationalization: The Inverse . . . "
2011 Equilibrium Problem Kevin Waugh, Carnegie Mellon University; et al.
2010 Hilbert Space Embeddings of Hidden Markov Le Song, Carnegie Mellon University; et al.
Models
2009 | Structure preserving embedding Blake Shaw, Tony Jebara, Columbia University
= 2-3 Neur IPS iff 10 £E best paper
NeurlPS (Conference and Workshop on Neural Information Processing Systems )
R WA =
Non-delusional Q-learning and Value-iteration Tyler Lu, Dale Schuurmans, Craig Boutilier
2018 Optimal Algorithms for Non-Smooth Distributed | Kevin Scaman, Francis Bach, Sebastien Bubeck,
Optimization in Networks Laurent Massouli€ Yin Tat Lee
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NeurIPS (Conference and Workshop on Neural Information Processing Systems)
Nearly Tight Sample Complexity Bounds for - . S
Learning Mixtures of Gaussians via Sample ga]s_se;n '?]Sht'f.m’ SZHSDBGED;V'EZ 'Cky ar_ve)F/,i
Compression Schemes ristopher Liaw, as Mehrabian, Yaniv Plan
. . . . Tian Qi Chen, Yulia Rubanova, Jesse
Neural Ordinary Differential Equations Bettencourt, David Duvenaud
Safe and Nested Subgame Solving for Imperfect-
Information Games Noam Brown, Tuomas Sandholm
Variance-based Regularization with Convex -
2017 Objectives Hongseok Namkoong, John Duchi
A Linear-Time Kernel Goodness-of-Fit Test Wittawat Jitkrittum, Wenkai Xu, Zoltan Szabo,
Kenji Fukumizu, Arthur Gretton
. Aviv Tamar, Yi Wu, Garrett Thomas, Sergey
Value Iteration Networks Levine, Pieter Abbeel
Matrix Completion has No Spurious Local
2016 | Minimum 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
Competltlye Distribution Estimation: Why is Alon Orlitsky, Ananda Theertha Suresh
2015 Good-Turing Good
Fast Convergence of Regularized Learning in Vasilis Syrgkanis, Alekh Agarwal, Haipeng
Games Luo, Robert Schapire
Asymmetric LSH (ALSH) for sublinear time s . .
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
Submodular Optimization with Submodular Cover | _. .
2013 | and Submodular Knapsack Constraints Ristigbh Rgr, Jeff Bilmeg
Scalable Influence Estimation in Continuous- Nan Du, Le Song, Manuel Gomez-Rodriguez,
Time Diffusion Networks Hongyuan Zha
. — -
No vood(_)o _here. Learnln_g dlscret_e gra_iphlcal Po-Ling Loh, Martin Wainwright
2012 models via inverse covariance estimation
Discriminative Learning of Sum-Product Robert Gens, Pedro Domingos
Networks
Efflcu?nt Inference in Fully Connected CRFs with Philipp Krznenbihl, Viadlen Koltun
Gaussian Edge Potentials
2011 | Priors Over Recurrent Continuous Time Processes | Ardavan Saeedi, Alexandre Bouchard-Céie
Fast and Accurate K-means for Large Datasets Michael Shindler, Alex Wong, Adam Meyerson
Constructlor_l of dependent dirichlet Processes Dahua Lin, Eric Grimson, John Fisher
2010 based on Poisson Processes
A Theory of Multiclass Boosting Indraneel Mukherje, Robert E Schapire
An LP View of the M-Best MAP Problem Menachem Fromer, Amir Globerson
2009
Fast Subtree Kernels on Graphs Nino Shervashidze, Karsten Borgwardt
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2.7.1 ICML R4EmELSCIRIE

® 2019 FEHFELL

WX H: Challenging Common Assumptions in the Unsupervised Learning of

Disentangled Representations
HOCREH - BRAERTC B 70 B R AE R H AR &

WX AE#: Francesco Locatello, Stefan Bauer, Mario Lucic, Gunnar R&sch, Sylvain

Gelly, Bernhard Schdkopf, Olivier Bachem

WAL https://aminer.cn/pub/5¢04967517¢44a2¢74709162/challenging-common-

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

W SCAREE s SO 2 BT VR RS2 Bk 79 T X 3 — Q0 o ) — Se B AR I R
THkM e S RIS EAERT, A0 R X BT RE ) 5 21 T AN £ A I 44
B, AR To B 2 S HeAR E R AT REN . SCEILRA T e B &
RS2 SIS T 5, BEAT T AN OB SR I 0T 7T . Ak e ik R A T
disentanglement_lib, X2 Tl Zr APl AR R R 3T 26 o T2 il ix A 45
R ERERHHE TARRSOR AT 1L 10000 S TRINZREIEARL, 7T LA AR
BIPMINE- 2 o

# LM H : Rates of Convergence for Sparse Variational Gaussian Process

Regression

HSCRR H - BRI AR 43 e B AR [ U Wi S

W% David R. Burt, Carl E. Rasmussen,Mark van der Wilk

WAL https://www.aminer.cn/pub/5cede106da562983788e64h9/rates-of -

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

WSO R SCER S SRR R . BB T 0 F e 7
JRURIO AP INEIR  BEGe T MR/ N IR ON®) O, A T 5
ARFEICEI ONM?), Jhe M < N A SATR MR . BN BTS2
tERY, (FEEIIUE S AT M TR LA (R HE BRI i
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UER] T R GP 18] VA3 73 I A R Jim 3042 70 AT A KL B RO FRBR, 12 57 PR A A
TR IAZ B T 22 BT R AR B R B I X S8 FHIE ] T B AR, SFIR I
WEGHHRE P AN, V&R, IEERE IR, X5 FE 1 H
M<N  BEAT B IE AR A A 2 B0 PR ATS SR W DR A P 58 (0 3 e AR SR A AR 5 36
fltithe WARSCPEMERBAL P, RARRBE T — A TR TT 1A o

® 2018 ‘FifEIR

WL H: Delayed Impact of Fair Machine Learning

G H 2 IEAL S 55 2T B3 e

W AE#: Lydia T.Liu, Sarah Dean, Esther Rolf, Max Simchowitz, Moritz Hardt
WICHBAE:  https://arxiv.org/abs/1803.04383

WO R HLas ST AT B AR S R B AR R T, (HANRA K
T 6 ke SR AN I IS [ SR T R A AR 8 B s A PR T RE SR T AT TA8
DR (R AR AR U3 2 o A SR 7T 0 8 28 28 T A U ] 5 2 B [ R 2 8 A AH L
PR, ) 2 A8 B ISR T o 5 R0 T B o AR SCHIE S o RIVE7E — 20 S A 1Y
HH LR 2 Y DU AT T I )7 R A 5 S B R RESR R SE B R 1155

WK E : Obfuscated Gradients Give a False Sense of Security: Circumventing

Defenses to Adversarial Examples

G H . IRIEREIE AR R PR AR B

W AE#: Anish Athalye, Nicholas Carlini, David Wagner
WAL https://arxiv.org/abs/1802.00420v1

WO WARAE SR A AN T-IE, AT RERt Al DA 73 3848 O 1 HRABIRS
PUREA M BLr, AR 22 481 52 BEARBGI I AN SO FIREAT-HE, WS N e
TR KX URE AR S, AT AL DN TR B Z R, AT EASEEL 4t
FEA & LR
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http://scholar.google.com/scholar?as_q=&num=10&btnG=Search+Scholar&as_epq=Delayed+Impact+of+Fair+Machine+Learning&as_oq=&as_eq=&as_occt=any&as_sauthors=Liu
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® 2017 FwmfELX

W@ H: Understanding Black-box Predictions via Influence Functions
WS H = F FH 5 R 250 g R A T

W AE#: Pang Wei Koh, Percy Liang

WICHBAE:  https://arxiv.org/abs/1703.04730

WIORSE: KRR SCR A2 R 8 (Rg gttt 2 A disoR) |, lidaa>
SRR BRI A TR A8 9 2 I Rt , AT A 5 o 5 5 T R i e R 5 oK
R SRARAL AL A TN o O 1R SN R BT R BIBLACHL A8 2 v, RSO BT 1
AT B R R S B, A RE BB oracle Vg iR AT Hessian R B AR . 1y H RIAEAE AR T AT
AR AR L, S ok B AU SR AR vT DU B B 1R 2 o FEZR IR
AEARIP L R, R SCARB IR, S ek BT H BRI AT O, T Y,
B R, HE R AL B TETk X o B gREe A

® 2016 FRERL

W3 H: Ensuring Rapid Mixing and Low Bias for Asynchronous Gibbs Sampling
SCRH - B DR 2D 5 A BR AR B DRI VR A A AR 22

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

WICHBAE:  https://arxiv.org/abs/1602.07415

WICAR L. TATHTREE (Gibbs Sampling) & —Ffv i ] Tt 30 2 40 i
(marginal distribution) )5 /RA] KEESERE R PR (Markov chain Monte Carlo
technique) o Jy T IR & AT kA, AATEGE A4 1l e AT IRAT AL BB Y
PR . U SRR UG 45 RR IV 2 B H ] DU RO AT R R, (AR D
IR S REE AT BN TCVE N FH T 50 M 0, DRI 5320 35 A R A G AR T
FERXFFIR S, FATBOE LR 7 1 B S AT P A 2K W 2E (bias)
FRARTE (mixingtime) o FRA 1@ SLEGUE B T AT BRI 45 R 15 & SLbrgh

PP
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I 2019 N THREA R &

WA H: Pixel Recurrent Neural Networks

G H - R ERIEIA I N 25

WCHE#: Aaron van den Oord, Nal Kalchbrenner, Koray Kavukcuoglu

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

WA ERMBE I, 4 ARG o A A — AN BRI i) R
XIUE S5 ERAF RN AT LAEIN R ENR . 5 T 403 F H R A& AT 4 R VR BB AR
AR T AN AT DAY = 2275 (8] 2 FEE AR T P A A 3 (R B8 o 2 R 5% o FRAT
(R 75 VS T IR AR5 2 (B B O SR A Y, I HL g 7 G Hh e B Ao R A
o GBI Z A AEF e A PGE 4EEERZ Crecurrent layers) It I & 17
IR 2% ik 22 7% 4% (residual connections) FIE ZFIFH . AT T H ARG L
SHEUBMR 7 2, H I BT SEBEE B R 2 o 304 LB RS S 2 R
61 ImageNet Hdfs St . MBERL b AR Bl OB 2 4 B4 Al — IOREAR . Bbig
SCERH T RPNV BURAY, A ELER R I GO OC R AT A X SR
FEPA PixelRNN: Row LSTM F1 Diagonal BiLSTM (X 5l - Z4E T & A 11E47 T
A P 30 00 26 2H5 B TR R4 3 — 4 PixelCNN, LA K —4~% K PixelRNN.

W3 H: Dueling Network Architectures for Deep Reinforcement Learning
HOCRE H = VR SR AL ) R T A R 2% 2R

W AE#: Ziyu Wang, Tom Schaul, Matteo Hessel, Hado van Hasselt, Marc Lanctot,

Nando de Freitas

WICHBAE:  https://arxiv.org/abs/1511.06581

WL : I JLAE, CAA R 2 A8 3R Ak 5 2] A IR R AE 3R AT B ) (1 451 1
SR, X LR H b (AR 2 0 55 R AL e 284, ERan& R 4% . LSTMs, B
e gy RIS, JATRE 7 — MR TR (model free) 5
b2 ST AR A N 28 23K o AT 554 M4 (dueling network) o~ 1 9 Rt S7 17
flig: —MNHTIRESIME KL (state value function), — N T AR SIKAESIEIL
% (state-dependent action advantage function) . X — M) F B AT AN REAE KA

RARAT AR A 3N TARZ sl 22 S FR IR 0L R, AESIE (action) A JA9h52 5] .
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WAL R TR, X —3EM7E 2 P (E AR LR B0 A AT A 51 K S0 4 R BUGR PP .
BEAL, X — 5 S GRS FRATIIK A 22 S) AR T Atari 2600 45Uk HIT W I 9 o
RO, VR BT 3 TP BOIRAS EAMZNER B, 4 7 — 3 r kg
BRI TR Q 4% (DQND HIZERFIAR I % 2] 7 %o Mk T Atari 2]
8% (Atari Learning Environment) FEAERT, X I ARG HEDE T 287 & S ik m)
LR .

® 2015 FEmiEL X

WICB H: A Nearly-Linear Time Framework for Graph-Structured Sparsity
HISCRRH = P 25 A0 it P 1 A e e o T A B2
WX AFE#: Hegde, Chinmay, Indyk, Piotr, Schmidt, Ludwig
WAL http://proceedings.mlr.press/v37/hegdel5.pdf

WL : AT T — MBI E LM A i ELE . HOEB R, I
HAHE 207 AR 7Ed i) UM B 2 . oAk, AR Nz mmst FE R AR T
R R, Y AR 2 VERS (R NI4T . ALK IS 5T, A SCIEN
TIZERAETRW ESEI T2 SN G BRI AR T e o AR SO S50 kA A8
ZEAR AT, VAR S Ol T AT AR
WL H: Optimal and Adaptive Algorithms for Online Boosting
28 H: Online Boosting (AL AL AT [ 5 3 532
WX AE#: Alina Beygelzimer, Satyen Kale, Haipeng Luo

WICHBAE:  https://arxiv.org/abs/1502.02651

WL AT IR, 32— TR — DS 2 ST B Ay
SRR FELR 5 2] B AT 55 o BT X5 P4 2 ST 8 ) 58 I — AN B 2808 S0, FRATIT R
T ERE G R ATV . B — M ELVE R AR LR A Y Boost by Majority. i8I EH—
ANCEC T 5, FATUEW] 1 125500000 T 55 5 21 32 BO RO FIIA B 48 1€ kS B2 T 75 U RE A
SRR AR B AR . SR, XML IR A R AT B &R . R AE LRk
MU T E, % 7 — MBS BUE AR AR B & R LG 5 5 . X YA AL

67


http://proceedings.mlr.press/v37/hegde15.pdf
https://arxiv.org/abs/1502.02651

RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

I 2019 N L& Re K Rtk
HB G LAl A >) L TAE, FEAEA 2135 0] DL E B AL R ) B A, T DA
FATFE# 5 ORI L RE R o 5558 532 1 SZEAIE 78RR A AH o

® 2014 FEmfEL X

WA H: Understanding the Limiting Factors of Topic Modeling via Posterior

Contraction Analysis

HOSCREH = 20 R I B SC 4 o3 B B AR 3 R A A P R o] P 3R
W AE#: Ming Zhang, Jian Tang, Zhaoshi Meng

wICHbE:  http://proceedings.mir.press/v32/tang14.pdf

WO KR E 2040 (LDA) C& A T WA ) @i T BA
—ARE LR BTN TS A R AR S RS, H2ieS
Mk, JUFERA EREIRORAERE LDA AT R, JFHREX HARAZR, (X
MRS TR HE PR BE 10 B0 IOV 5 WP 80 RGETE R 20 A5 2 o A SO Bl Xt
20 LDA HITVERER AR BE AT 2R ST R g stk ) oA SCH L ) e 24 1) 1 1 o
B BRI MR, R RIERE AN B S i BE SR BEAT 17 4 T A SCf Ik SR
WEIT . T IR GE AL, RSO oy 2 s Y 10 S 3 it AR LS ey 1 52 s

NIRRT LPRTE T

N

® 2013 i fEI

WICWH: Vanishing Component Analysis

FOCREE = 20 H R I 50 SO 23 B B AR 3 0 A A P R ) R 3
W AE#: Roi Livni, Shai Shalevshwartz, Amir Globerson

WAL http://proceedings.mlr.press/v28/livnil3.pdf

WOCHR I A% SR RF IR )7 1208 A A R T b 336 2 25 R, AR W T
e, ERFIEEREnS, MR IEFE e AR RHIE . SRR I b 1 HiE —
R B AR A AR A RO R o i R R AUE AR E I, IFH AT DL a2
T XA LS 2 2 B P s T AR LRSS, Bl Tl E . 5
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gz -

BT IR I SAIE e W), SOy TR T SRR I A 2 LA MR
i

W H: Fast Semidifferential-based Submodular Function Optimization
HOSCRH = T2y B PRI R R el H DAL

WICAE#E: lyer, Rishabh, Jegelka, Stefanie, Bilmes, Jeff

WICHAE: http://export.arxiv.org/pdf/1308.1006

WSO : A SCHR 1T b S i K (19 22 T B it CF it o0 Al A 20
(R TC L AR 2 o 74 e B AR SR o TS 2 S0 e R SO a dot i te 171
BRERR L, N PR SR AL T8 S 7% Bk, AR SCRITEIE RKIT IR,
SRS I AR e ME AT B KA I Gt — Y 3, X4 ) e S A5 3 1A R
RIAbER . ARSCISIRISEVEIR B2, POy AR - B AR 2 i aE A
BOAENLAR 2 ) b 3l 703 ot 1 ASSCROAR MR B R A S B B AR 1 I
RVF 2 e ot I i KA R AR R R R Ol e B, ASCREER 73l 5 SRS S8
FANTE -

® 2012 FFmfEILL
W E: Bayesian Posterior Sampling via Stochastic Gradient Fisher Scoring
HSCE H BT BENLES B Fisher £3 203547 DU 37 )5 36 KA
WICAEE: S.Ahn, A.Korattikara, M.Welling
WAL https://arxiv.org/ftp/arxiv/papers/1206/1206.6380.pdf

WL FEASC, BHe 7 BUR R an SRRAT R s v A i B AR A
R — NIEEHE I, A8 FRAT S A AT U AL A DL 37 S5 56 2 A SR UREAR 2 A
SCHEH T — R TREMLER S A SO R (SGLD) BB G L, (HRHIREGHEE
1% o I A DU eho O R PR e 3, JRATTYT R 1 SGLD 5, 1 HAE =R & s %
MG R IEAS T AR RAE, MIAEMS VR -Gl T, B0 FH TR 15 0 SR AL
SGLD 4T 9o MEN—ANEIMREF AL, 2S48 N AR 9 7 /R VP40 (BEFLBR D) |
PRI AR Z A R R — A RIS
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I 2019 N THRe R sty
® 2011 FHmfELT

W@ H: Computational Rationalization: The Inverse Equilibrium Problem
O : THES B 10 R4 )

W AE#: Kevin Waugh, Brian D.Ziebart, J. Andrew (Drew) Bagnell
WwICHLbE:  https://www.ri.cmu.edu/pub_files/2011/6/paper.pdf

WA WD BRI EE R P ARUA 5E R R A H AT v 2 — A A 3k
Ak BT 5% o 24 IR E SR B AR D SR PR B B I, R L% i BB 2 L AT
DN ARRR S A (I AR LA - IX AR S R AT NI SE T R 8, 85
AP T R BA T R UL AU % 21 R R B 5 DL R B AR RAT N o AR I LA
B, BATHRE T SE P MG AR AU SAUE ST . EIXE, AFF 5
BCE, BUE ARl fe KA I [al i - e e ATHE I A AR An 7 473, DASZ M
RRAVEE IR o B PR T RV RE AT f AOM I B, 3R M T — PP AR 547 D (1
Jrids IR 1R i R A

® 2010 FHEfEIL T

W3 H: Hilbert Space Embeddings of Hidden Markov Models
HOSCEH B /R B RAGER A KA R 2 TR RN
WX AE#: Le Song, Byron Boots, Sajid M. Siddigi, Geoffrey J. Gordon

WAL https://storage.googleapis.com/pub-tools-public-publication-
data/pdf/36408.pdf

WO P R Al AR R e A A ) B 22 TR R, eI AR+
EHUEAERES, I HEER Tl A S0l 1 H, HMM 52 3 505 15
T R R A kAL, B T N IR RS A . AR T A ES K
HMM, ERE5EH HMM ¥ B 25t AR s e A . Ak, A0e T
T AR HMM ) R B fie/ s B A 5% o AR SORAZ AR T AL as A AL
R AR SRR AN E A R, ARARY, AEIX LS,
RA TN HMM Bk RE I 1 PR et KT
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Bl <
® 2009 FHmfEiL X

WIS H: Structure preserving embedding
G H - SRR IR
WX AE#: Blake Shaw, Tony Jebara

wCHbE:  http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.149.7500
&rep=repl&type=pdf

WO S OREEIRA (SPE) &Rl T LR L A5 22 8] iR A\ BB
MISE, IZIRARIRLER, JFRE VA BN RmErE. RiEn k ik
W2 R FEIBYE SR AT AR RN 5 DT B bR R i R R A N B K 2%,
AT LLORE 4t . SPE AN EREF, 1ZAEFP 4 2] 5 — LA AR 1
B AR RS, A A BB 451 . SPE 72 BB R I AL AN
PR 5T ft 7R o, M 1 WGk R A Laplacian $FAIE &2 2R
TAT T BATRIL, - BUHRAE LA E R n] LLIE#A IR\ VF 22 22 S R RTR 25

2.7.2 NeurlPS Jh S R 1Ei T ik

® 2018 FEFfEL L

W H: Non-delusional Q-learning and Value-iteration
HGE H B AR Q I MEIBAR
WX AE#: Tyler Lu, Dale Schuurmans, Craig Boutilier

WAL http://120.52.51.18/papers.NeurIPS.cc/paper/8200-non-delusional-g-

learning-and-value-iteration.pdf

WO A RECEITIEHE T Q-2 X Al :N M S M ik 2=
HIRR AR . A ALES A IR 1 ] R IE ) ST AR SR SN, s E i % .
ThritE Q-updates X AT FRAA U HIE R T & RA TR IS Ed R, BT RE S
BA B EMRM Q MMt NMSBUREST N, Pl AR, A
BRI N T EIIZATE, AN T s SRS, JFEX T K
et e, B HE A, il R E& 0 Q H B RIS RS, Kif
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I 2019 N\ TR RER R

DR R — Bt . AR SCUE R 1 {3 X M 4% 0 R B TR RN TC AR Y 0 S0 RE T B
wZE, M= — M O A EE, PRIEFE — BRI TR ARG R . thoh, XLk
AR EZIAMNZMEEE ONBERIERCH) .« &a, A SCEMEM I
fibsi F IR R R SAMELEACHT Q 27 31 T i 25 2 ikl b 2 A8 i 22

W3 H: Optimal Algorithms for Non-Smooth Distributed Optimization in

Networks
WS H - ARSI N BR A1 A AR AL B

W AE#: Kevin Scaman, Francis Bach, Sebastien Bubeck, Laurent Massouli€ Yin

Tat Lee

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

WO EACH, P55 Re I H S B o I 2 B Al e o e AR 20 A1 20
Pett. FATFEPTA LN PR T TCIRAN @ (1) 40) AR # Lipschitz
M (2) RIS Lipschitz B4t . 76 R IE N T, AR
T AR Z B EHE (MSPD) (1B S DIt 70 HISRES A AT NE I e DE WA S 2
AR AN EEFR AL, M TARuret, ZiRERTEEIE OL)H,
HAE P I AR O(L) i —Fhat, Horp t 2T, #HE 2, RIMEfEdRsE
B AR EUR S DL, BT AT TR 0 PR A 0 B R 2 B AR R o R4
SRR G 537 o N~ S ol B R ANESE 4 D il i = s e LU VTR N TR SR i P T
Pl (DRS) Hik, JFUEH] T DRS fEmMISGE LR d1/4 Sl 5N, Hrbd
NIEJZ o

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

ORI AR R 7 225 SR G R R A I R R A B 2R PRI B
WX AE#: Hassan Ashtiani, Shai Ben-David, NicholasJ.A.Harvey, Chritopher Liaw,
AbbasMehrabian, YanivPlan

wICHLhE:  https://papers.NeurlPS.cc/paper/7601-nearly-tight-sample-complexity-

bounds-for-learning-mixtures-of-gaussians-via-sample-compression-schemes.pdf
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WO ASCIEM] T O(k d?/e?) R4S T2 21 RO k M iR &, B
BRI EPHIRE e K, RS LEFM. XHEE T M EFAT R
X T SRS, A SCIE] T O(k die?)FEAILE — N E A1 T
Gt g, ERRGREE TREA R G & A 0 A1 22 S BOR . AR R VX AR A
FE 487 S AT R AT AR OREA R 23] o b, IR — S8 A BT I
MIEAE 75, AR AR SIS It . A LS R % L2k
W17 R H i e S RE A RO AT R A TR 4 -

WA H: Neural Ordinary Differential Equations

OB H . MEE T T

WICAE# . Tian Qi Chen, Yulia Rubanova, Jesse Bettencourt, David Duvenaud
WICHBAE:  https://arxiv.org/pdf/1806.07366.pdf

WAL : ARSI T — RPN IR AP W 28 . A e 265
B PR IR A B 52 25 A A 15 5 Bk = B B RIS 81 A R Gl 00 5 R SR A
THEL RS A AR o X LR SVR AR B A R (N A A, (s PPy S B
AN I EL AT DA A 40 EEAR [ ASRAS TR o A8 SCHE SR TR JEE ik 22 W 28 A
PRSI (VAR A A IR ] [ IR BT AR R TS R, XA
A LIS I i AR EAT VN SR 2L O, T /0 B 4 FE AT 70 X Bk N T
gk, AR 7A@ AR (T ODE SRGAREAT vl 4 J& S A& 4%, M JC 7 7R
HA RN, X AVFAEBMRA X ODE BEA7 215 Il 25 .

® 2017 FFifEIR

W E: Safe and Nested Subgame Solving for Imperfect-Information Games
PR H - AR BIEFEH Z IR E T IR AR

W3C/E#: Noam Brown, Tuomas Sandholm

WICHbAE:  https://arxiv.org/pdf/1705.02955.pdf

WO A5ESME BISRANR, A5e5efE B IR el 1l 25 3 g v vl
M ST SRAR 1R SR AT o 0 SRS o DR AR SRR R 22 b Ak T 1 5558 4 1) 4 1 1)
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I 2019 N TR EA AR

SERIAR, I H A B PR SR 0K T 2 1 S A/ E — AR . AR T — Mot
R PR RAESL R EASEER T 2 BT A IR R R o AL R T i
o AR AR (9 25 R BB R BEAT A2, DI A0 4617 2h $2 X Coriginal
action abstraction) X% T HIAT AN N B IRk | 2 BTRITRAR J7i%, BIAT
B4k Caction translation) o fxJ5, ANICREIR T HEZRIEE IR [ S EATR,
TR T R R HEAT,  ITT R R FEAK AT R A 4

WICB H: Variance-based Regularization with Convex Objectives
O H - A O BRI AT T 22 1 AR
W AE#: Hongseok Namkoong, John Duchi
WICHBAE:  https://arxiv.org/pdf/1610.02581.pdf

WOSCHREL: ASTHETT 7 — P RS e MU FIBEHLAOCAK ) 71, %7350 LR T
ZRAE N E MR B AT, IE R VAR T A TR 2 R SE I A AR S ot
SRR AT o AR ST 70 J SLAE AT B M I OLAL AT Owen 22596 A4 ALLER 55 AR Al I,
HPeft 7 — G RAEA (finite-sample) FI¥ it 45 R LA R i Thas i B e PERE . A
PSRV, ASCUER T iZid R B A R fRuE Ccertificates of optimality) , Jfilid
36 I AT SR DAk R 22 1) R G B AU AE B — AR B BOE T BE 50 AU e /M T VA
RIS E . ARSCES T i A S Pt uEdE, REAL T8 78 S b 2 72 )11 25k
FEA I T ZE AL 1 B 2 (AT IEAT AT o b4, Al i85 S R T b v 2 56 XU e/
WTTVEAEVF 2 73 5 1) _E (R R

W H: A Linear-Time Kernel Goodness-of-Fit Test
SR e R I TR AZ (R 00 S At v

WIAE#: Wittawat Jitkrittum, Wenkai Xu, Zoltan Szabo, Kenji Fukumizu, Arthur

Gretton.

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

WO ASCHEH T — 2B & L (goodness-of-fit) frsd ML X
%, K ERIRREAE S REARE LS R . AGEE R MU SRk ]
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I RE TR LB E AN 2 2 5 2 ) 22 S IR IR AIE o X SEARFAE 2585 Stein V244
) —— X B R R DB EA R A — R B AR HT T R IR )
Bahadur ¥t 2%, JHIER T /EXMERFE (mean-shift) HIELLT, Joibiesemi
MRS H, A SC IR A A bl 5 A 28 M B T AZ I LA B o AR K RO o 7R
YA ZERE AT PRI LT, A ST LA D FE D i AE AR R rh i BORE A, Rz
L TR KT ZE R (Maximum Mean Discrepancy) [ IR IS SUREAS TR o

® 2016 FERELL

W H: Value Iteration Networks

R H - OMEEAR N 45

WICAEE: Aviv Tamar, Yi Wu, Garrett Thomas, Sergey Levine, Pieter Abbeel

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

WCRRE : (AN T MMEEARM LS (VIND . — e e n] s it 4
P2, B “AUCRIEEER” o VIN FTRS: > vbd], I Hod B F50es A iR
HEPR 25 IR, I o S WO o FRATTH 77 VR R B — M ) R T BA i 3%k
REE, BT LIRS AR M4, A P AR AE B S Ir AL 35 I Fhim 23 o 4830
BT B HONES: AR DL S T B ARE 5 I RAEFZ VPG EE T VIN 50
ASCRM, B AW RIS, VIN SR T DU A e B0 R
R

WICEHE: Matrix Completion has No Spurious Local Minimum
FOCRH - FESE TR A R R A e/ ME

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

WICHIAE:  https://arxiv.org/pdf/1605.07272.pdf

WO H « FEFEIR e — MR RPLE 2 T 1, BT Z N, JeHE
FEVMEILPERIERE R G o ) B p AR LA B AR S R AR S AT HA 2. AR
W17 A TR 7E A AR F A ek Bosca B R iR IME—— T R R
ERBaEa R . Bk, WE2RATIIAES (EIanBEYURR R T F) mTLlE
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I 2019 N\ TR RER R

2 T T A AR ST 46 1 P E B b R R P SR G ) e 2 % 380 ) 2% H AL 5
R, SR UHET B E o FATOY, FATTH IR S T H R AR
S B B 2 WL INAE Y e vt 1) R AR B AR A

WIEE: Interactive musical improvisation with Magenta
REH: FET Magenta [ EI M % IR AZ HARLS

W AE#: Adam Roberts, Jesse Engel, Curtis Hawthorne, lan Simon, Elliot Waite,

Sageev Oore, Natasha Jaques, Cinjon Resnick, Douglas Eck

B SCHBAE:  https://nips.cc/Conferences/2016/ScheduleMultitrack?event=6307
WL EELA THT LSTM FIEM #1245 F1 Deep Q-learning %57

TSR AR RFPS. LSTM RS 252 & RF0 (Jif%Jy MIDI, A&

BISCAT ) ) — 4644  Deep Q-learning FHI oK eluidt ik - 22 i ) e 71, G 1 B2 ) 2R3,

A R PEAT T AR E F ISR A A . He T RNN RS B A B 5 s A 52 ST 1Y

sha e — M ARG R B A5 o A5 AR SR ) LSTM B8y €, AR

B OREINGEYY o VAR TS5 AR O R AR N BRI L, AR S AR RSORS

TR AN, B0 AR tH BEAT T . AT59%4E TensorFlow HinA 17—

AN MIDE 32 F P AR RIS & AR ARG, LEAT 2 ] DS ph 2 I 2 SN AZ L

® 2015 FEHEL L

W3 H: Competitive Distribution Estimation: Why is Good-Turing Good
RCEH SRR AT N4 Good-Turing 4F
W AE#: Alon Orlitsky, Ananda Theertha Suresh

WAL http://120.52.51.17/papers.NeurIPS.cc/paper/5762-competitive-

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

WL : 2R T geit o I MBS T F W, B0 A T B HCR = ) 20 A
RIX — e ], $REH T & T Good-Turing il vH & [ P Rl it 7%, & B Je s
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ML fhiTh &, g 7 AR AR AL A e e A vy B Al o 18 SO HX
PAARN T T ARG S, - [RIIN 4 AR L R B 9 7)Ao

W E: Fast Convergence of Regularized Learning in Games
HSCRRH - 1R R IR A S ST B PRI S
W AE#: Vasilis Syrgkanis, Alekh Agarwal, Haipeng Luo, Robert Schapire

W SCH k. http://120.52.51.17/papers.NeurlPS.cc/paper/5763-fast-convergence-of-

regularized-learning-in-games.pdf

WA : FRATIER T H A #0082 5 SRS R 2 ) 57, f DATE
2 NIEH T A 28 ok 1) 58 PR S SIOH R, AT b ABA 425 0 KEL B 1) AH 535
7. MR A DR BA TR LR, SIS O(T¥ )3, i
HAHRBRISE O(T YIS R AR — R ZE ML O(TY2) LR R ek
ENGOL. AVER TIZR PSRN B, DT s O(TY2) i
2, AR R R R LA ER . RATH A5 Y e T Rakhlin A1 Shridharan
1 Daskalakis % NS5, &A1 e X ReE SE BT TSRS,

® 2014 FEFAEL L

WICBH: Asymmetric LSH (ALSH) for sublinear time Maximum Inner Product
Search (MIPS)

SO IR TR FR LSH (ALSH) KRR (MIPS)

WX AE#: Anshumali Shrivastava, Ping Li

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

WO FATHRE 12— AT E B IR ZR VRN R) e A5 55005, T A bl K
NERZR (MIPS) o [ CRIA—1LED AR SRR R B TR R 2 —
AR, JF HOU MIPS BRI 7 SR AR A . AR IUAT A B e Ay

(LSH) HEZLA 2 LA S MIPS, (HAEARSCH, BATR LSH HEZEY e SeVFARRT
PRUG A7 58 o FATHITTEIE T — A RS, BIFESOL I AR FRAR 2 e, 3R

7


http://120.52.51.17/papers.nips.cc/paper/5763-fast-convergence-of-regularized-learning-in-games.pdf
http://120.52.51.17/papers.nips.cc/paper/5763-fast-convergence-of-regularized-learning-in-games.pdf
https://arxiv.org/pdf/1405.5869.pdf
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I 2019 N TR EA AR

BB R AR I T DA A Dy 40 B B o R 3 AT S48 2R ) A XA S8 R TR
EEEXT MIPS 1@ RO AN MG 7 77 RN AT RE . FATTHR Bk Rl 0 5 SEI . P
S RE 7 = 5 PE I e T P RRAAT IR LSH J7 AL, BETA 1
HaEe (D fFF5EENEGE (SRP) AT G 2T L-2 Jul p faE oA (L2LSH)
£ Netflix F1 Movielens (10M) %8 0 H HEFAAT 55

WICEH: A* Sampling

OB H . ARRFE

W AE#: Chris J. Maddison, Daniel Tarlow, Tom Minka
WICHhE:  https://arxiv.org/pdf/1411.0030.pdf

ST MBI A 3R UREAS (14 7] AT AR AL D9 B AL 1), X T
AR, ASSORETR T QTR 38 S50 A R RAE S A i S22 1] B R Ab it 12075
IR O BOLAE B A GUit A TR aR i — N BENLIE L, A SCFRZ 09 Gumbel i £2 .
ASCHRH T — M Gumbel IS FEA A*REELE M), X2 —PFhsi F e FRFE 5
%, B AMEZRIYER Gumbel AR MTH B . AT 1 ASHEE R LR 1
A SIS Ta] , 5 A 2eler EUE R 18 Blso A 2R 1 H ad N E sl RS0 38 A Rah A
T I AR T

® 2013 FFHfEIRT

WICEE: A Memory Frontier for Complex Synapses
HOCE H - B2 R AR CIZIA A

WIAE#: Subhaneil Lahiri, Surya Ganguli

WAL http://120.52.51.14/papers.NeurIPS.cc/paper/4872-a-memory-frontier-
for-complex-synapses.pdf

WO — 4 N DL ELAS B VA4 S i ) BRI R 70 0T, 38 W A o
SR J FAL RN B bR BB IR, SR B HSER A T K> 15 S @ E R
AN N T B AN I 1 B2 RN = SR IZ B D RE DTk, 06 50K SR firk ) BEAR:
SN EY R BAWZ AR TIREIRESHI BN S R G RHE ™A T
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http://120.52.51.14/papers.nips.cc/paper/4872-a-memory-frontier-for-complex-synapses.pdf

KEMELRS "€RFIREB" |, KBEZHER. Fik. EELEHRIRS!
—ANEEAR ], R A AR PR AECAZ? A T AR RIRAN IR, AR SCTT R T T
Ww B, [ TR A S Al ) g5 A SR EAZ Rt 2 TR DR &R, X LB Sl A B 3l
IS . A, EUE XL g B, ASORIL T — N T — @ I i TR 2
TEIIHELY, X5 % S AR 2R 1) P9 SRS i I, AT fRT4E 1 Sl 25 M AN D) RE 2
IR

W3 H: Submodular Optimization with Submodular Cover and Submodular

Knapsack Constraints
O B TR 3R R B R AR A A
W AE# . Rishabh lyer, Jeff Bilmes

WAL https://static.aminer.org/pdf/20160902/web-conf/NEURIPS/NEURI
PS-2013-2874.pdf

WIS JATHETE 1 AT I A0 AL 1A —— s MG 32 T REBRAL TR 200K
CTAEHALTE ) 1R TR B BRI B A 7 BB o 52 R AERAL EBRZIPR (7
W) M2 A2 RUBL A2 2 TP v 22 SRR PR A, IR 8 AL 5 1% Ja&
e BCE AN AR T, X BN HIEER B RS AR g (9] 07 ot v Bl
D, AR RAMES — AT RRIIEE (FlInEERA) o FATA DR X £
iR R A LA R T2 N AR TS EER) , ATLSEVr 2 A AHEin
HITRIE . AR, XA AR AL UIARSC R, m] DA TSR AR — 4 i AL 3
AL ARIRAT R 55— A W R AR E . FRATTHRME 1 DI TR S5 2R, AT R B
FATHIE TR 7™ 4 BB 1o fe ), BATIEE SIS UER] 1 HIR M PERERT R 4F
ICIRCR e

W H: Scalable Influence Estimation in Continuous-Time Diffusion Networks
RGBSR RO 28 TR AT R R A 1
W AE#: Nan Du, Le Song, Manuel Gomez-Rodriguez, Hongyuan Zha

W ICHLHE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/
NEURIPS-2013-2951.pdf
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WA A RN SURAT— 2515 8, FATRES T & =2 5 n] BAZE— A
H ARSI — 1 75 00? H T 75 2 [ o A BT 45 1 B [ 0 A ] o 4 1 2
R, IR Al E i R AR BT B . eSS, AR T T Lt
(14 #0925 o S MR T BB ATL 5 o BRATTIA ST DA [V D9 % A AN 1 05
P2 . 15 s e n = O(Ue?) AL I LAST EUA 7 O(njel+n|V|)iH B iL 3] &
(IR FE o U AE DTAE S MR s KA 7 b A T AR I, FRATTHR i B mT e AR 4R 3
—ANEAZ (1-1/e]) OPT-2Ce|s2 M) C 75 pifk, HH OPT ZmfEfi. X & sl
Yo RN SEBR A HEAT B SEI R, I EI T LURIA YR BROE AN A 4,
[ I 6 Ak 5 00 7 14 7 5 e A TR DR KA T DA IR OB B, b %15 i A
B KRR B R AR R 77

® 2012 FEmfEL L

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

covariance estimation
HRSCRH - JE I g ZE A v ) A
W AE#: Po-Ling Loh, Martin Wainwright

W ICHbE:  https://pdfs.semanticscholar.org/85fb/8ff18d1a588b7b314faaa6al7
f6b68818683.pdf

WIS : AW TT 1) Sy 226 R 80 (0 SR 5 1 R R (R 4l 22
[AIRISC R o ARSCUEM] 10 T2 S8 B A5 H 45 b A2 5 A0 1 22 R0 0t Pl 1 T )
SCHF I TP B 2R AF AL S5 o ARSI TARYFE 1 AR AR 22 7o i o A i o
MIgE 2R, JF H AR s ml s 1 5T e A B33 0 5 Z2 R SCRT TSR e A
SCHRH 1T AT RESIIR (U DN ) AT A L IR — B T T AR R ) ek 4% 5
%, HFEE AR UEA SR B 45 R . MR T, A SGE AR TR A AIH
IR AR B ey AL [0 VA B AR S S SCRF R R B 4 2R

WICEE: Discriminative Learning of Sum-Product Networks
HSCRH - RIER X2 ) ) 7 )

W AE#: Robert Gens, Pedro Domingos
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0|t B
S SCHBAE:  http://papers.nips.cc/paper/4516-discriminative-learning-of-sum

-product-networks.pdf

VO CAAREE: Sum-product 28 2 — B IR BE2E 4, ] UG i b e A 2 kA T
PR BRI ENT . 125 vk, AR T T AR R SPN AR T FEASCH,
AT T2 —Fherxt SPN R B RINZREE, BT E MR E S S RR
RESIFI Gy AL BRIEAR S o FRATTRIY, AT 20 #0020 SPN 2 531 L AT b 3 A AT
X731 SPN BRI iz, FEIRH 1 — i R S I A% Rl B2k vk B o A1 0 4
AR EE IR IE o FRATTHEARAE IR 70 AT 55 A X SPN. JRATME F i 44
CIFAR-10 ##s4E P3RS SRS R T7i%, HAVERELL R AT SPN 28177k (RA
F M ST A EUR 2506 IPERE B/ o RIAEAUAE FH BE A I bRic i 43, 34T
i 7 STL-10 b2 A (1) fe sl AE A

® 2011 FFEHfELL

WL B : Efficient Inference in Fully Connected CRFs with Gaussian Edge

Potentials
HOGEH . BRI S A 1 e A CRE A RCHERE
W AE# . Philipp Krébenbihl, Vladlen Koltun

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

WICAREE: H T 2 R EB 0 BRI K K 2 Bl BOR A P AL 1 R BB R
DXk b e SRR PFRENL 7B RS XIS i B L AT SR I o i ik, {H
BREWUNERG L, HFHRARVERmGE . £, AT EERE
e BB R b L e ) CRE B, AR B B A B e %3, i A8
LG HEBR SRR A DI SERR . BATT 32 B DT BT X 4 4% CRF AU 1) iy R0
AHEER R, HLrp O A S 3 e h R A% M AR VE AL 65 0 S0 FRATTISE AR W],
BRI SRRk T R A T 0 B AR S I HERA T

W E: Priors Over Recurrent Continuous Time Processes
ORI H - SR )RR KA S %
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1 E# . Ardavan Saeedi, Alexandre Bouchard-Céie

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

WIS AT Gamma FBEOIFE (GEP) |, 1X 2 — /MR AU S )it
FERANHI 6 . %I 43 2 RAS (HGEP; Hierarchical GEP) 724 F T 40 & 2%
I 8] PP S A AR . BE T HGEP B AL /R HVF 2 AW 5| JI IR : S8R5 I (]
HIFEHENE, AT AT et A P R ST o3 A17 s DL A I 1) RUBE 2 KRS B Gibbs B2 .
NI E MR Ja, AR 1A KT MCMC 5 A ROt AT 5 364
B ARSOREAR SRR R TG TE 2 R M EARE PR 2 FE AT RNA 4L AR
AR, FEIX PSSR, AR SO IAS ST RS R T v R T3 R AR R A 5

W H: Fast and Accurate K-means for Large Datasets
HoCE H - R AR B O A K-means
WX AE#: Michael Shindler, Alex Wong, Adam Meyerson

W ICHbE:  http://120.52.51.15/papers.NeurlPS.cc/paper/4362-fast-and-accurate-k-

means-for-large-datasets.pdf

WOCIARTE: FEERREVE 22 N RE 7 P 1 — A8l e e B K T eI A i
FEEWAFET S I HLZUB ;R GBI AR~ A28 F R AT Be /b i A7 R 1
OUT, FATHEE k BHE R . AT SRR T B B a5 1, JFdkAT 1 Rk
BELMEILSE . S5, RATE IR U AR &R LATH5 o(nk) TH i) k 391E (Jrp
n REYE S EE: TR, A EMIELT, THEEATE e (nk)RED .
FATIEI] T JATHFIRAE B EATSEES FAEROL T390 5%, ATAE B FI s B |
BRAL T St TERE -

® 2010 FEFmfER X

W3R H : Construction of dependent dirichlet Processes based on Poisson Processes
I H B TIER SRR DDP 2

WX AE#: Dahua Lin, Eric Grimson, John Fisher
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W ICHAE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-
2010-3901.pdf

WO ASCHRH T — P9 iE kst Dirichlet i R 7% . Bt 77 i4a s 1
Dirichlet AN AL 2 A AR 2R, AR —ANiE & FIE e A AL iR i A
[¥J Dirichlet 372 9 5 /R AT KRB . 127575 SR VP AR AL BE I TR I . BB RR AN AL &
AL, [ ORI REALI B S 1 DP A e . AN, ARSCHE S T R A P
[¥) Gibbs KAESLIL, FHAES A S bt EREAT IR, SRS RR ik
RO A SRR AR .

W H: A Theory of Multiclass Boosting
R H . %2285 Boosting Sk 316
WX AEF: Indraneel Mukherje, Robert E Schapire

WAL https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-
2010-3934.pdf

W SCfifE: Boosting 455 7r A4l G fE ke, DA R BEUERA ) Tl 25 . R
BRI RS ST O ABAE SRR, GRS 557 K AR 1L
REURA R SR VRN S . RSO, AT 7N iz M F AHESE,
FESEAEZE N, FRATTRT LAXE 55 70 REFHEATHE WM 1€ JE0 € B R, JRAE A R X
B A R Boosting SR He i 2R E K

® 2009 FEHmEWRT

WIHE: An LP View of the M-Best MAP Problem

WXAEH . Menachem Fromer, Amir Globerson

WICHLHE:  https://static.aminer.org/pdf/20160902/web- conf/NEURIPS/NEURIPS-
2009-4089.pdf

WOCHREL: AR EAEME AR BB A b DU KR 4R 3 M FRIRI A, A
SRR T AN XA o) R IR R E 2 AR IR (LP) o« ASCUE, Xf
TRIEE (— R XD, EAZHERAR A RREA, BSR4
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I 2019 N\ TR RER R

LR A AL PR 2 AR AN F] o A S X AR AR O AR B SR A U %, il
A X Ll A R AR . AR SCIR YT VALE LP Fasti i ST IR T M-
FEHERR A R, LP Fastidr 53] A 2 HoRIE, I H O R WA g o PR X ) 4
B R FUT A N o ASCRAIRAEM], ASSCIRI VAL S O iR B 58 L 1) 1) il 1 2]
AR BRI M R E .

W H: Fast Subtree Kernels on Graphs
R H - B PR TR A
WX AE#: Nino Shervashidze, Karsten Borgwardt

AL . https://static.aminer.org/pdf/20160902/web-conf/ NEURIPS/NEURIPS-
2009-4199.pdf

WIS : FEASCH, AR 1 ERMOE TR . FEEA n AT S0 m A
2, HEKEN d EE, XEEEN h ISR BLE O(mh)iH5, 1
Ramon & Gartner £ #.-F-# A% i 45 i L9l O(n?4%h) . RICR I B e M2 3, R
i ERHEAT ) Weisfeiler-Lehman [FIFA 636 AR 4 O TE S5 A DA™ i (60 7 B A% o
FRATT ) PR B i ] DLAR B bR AR I T, mT DU RA Y B R I, JF HonJ A
FEMER I MIZ AT I W) 77 THIAE 221> 73 2R R EHE 4R L d B8 0 B A%
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BB <
3ITENMERE
3.1 BN TR

THEANAL S (computer vision) , B4 8, 2ty Wikt BV R REL
Rk BRI EIIXAR “F 7 B— T IR REERL BT AR AE I =4 Sk
S B A DA SR SR B e AL BT SN 2552 B AT, THEHLAL SRR
FEA T T AR EL A s B AN IRAE AT T EEALIA NSRRI XUR BT B A 171
AL L BREE. FIBIRES IR, M, HENALRE RS R G T REE
2D [P 1 MR B 3D I =4S AR MR i B v, AR 35 2 “f5 87 1 —
NERMANTHEERS.

TR BAE — T TR T EIRE S TR e, M. (F
TR R N S G E S TR R RN G S TR AR . T
VI 50 - R e o a1y e 0 R R N B2 e 4 27 U IR TN VN = -
Pa 5 BT B T8 R Sk re e DROE M BEAT AL ERAE B, B 5 T RISV S AN 4%
LEERSS S5

THEAL A 5 O3S 78 2 A E W7 1), FEABCERARE AN T 77 A L 45 -
WU ARSI (Object Detection) , i X 43#] (Semantic Segmentation) , &3}

FPRER (Motion & Tracking) , #Hla% (Visual Question & Answering) %,
® AR A

PG I — LS T SR B AE R BB — AN T ), K2 OET
SRR BRR B2 2 2] W 2 S5 K S o S AE D A D rh 45 LURE FH 4 VG G-net, GoogLeNet,
ResNet %%, HF4ELE imagenet 2R 4E - IHI# AR B0 BVEIRIL, — IRIK S
Jask, G TNETBIES, TR L ) SR B 4% 2 R AR U 2 ORI — R R
e Ak 82 B T AL e S %

YIRS, 42 8, B e —ikm N b, Bkt g ok E A
W A, FER LT ) A B Y HOR . M AR AT AR T e i A
W (Face Detection) , ZE&HKM| (Viechle Detection) 24043 S RE I &3
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ImwAIE%E@ﬁ%
® i E

TSP LA RAR R T 7 A, fa R, & H SR LR AR —FhRe R 14
R—— RN BRI ME R R EATIA9E, H— 5K B gl DRI Bttt o4
Ko ARG REH o] LUE Pl AR )8 w2 R A R R AR, WA
YA A R, i o R MR MR R AT, BB A
MEREE R T B K.

® IZENFNERE

PRI AR & T TH SN LA GE U 1 2Rtk ] R —, FEIT SR AR 3 AR H 78 2
W, Tyt tid 25 I ARTR L SRR s A 1 IR BE A ST, A R BB ey
AN S PRIV JBE 2 2] BR R SRS FEE — ELME CASR T, T RS P2 AR sy (0 R B S50 1 1
FEN Aoy 218, RIMAE S B B AT P AR MEIR £ 370

R TSR ER VPR o £ R AE — B A E RS, 7E 28— Mih Al iR
BRI AL B SRR, B G SRR b, SRR SV 7R A 25 T4k 2
WORERMAIIAL S, JRIE RIS SOEIRA e, T A DL SR AR A 55 o (H 5Bk
FEREE R —ANIEE i8] 3 CGill posed problem) , FLHIEREE—M4E, W MZERE
I URERER, R AT RS AR T R T AR KRR, WniERE T 180 FE
AR T NTHT, S I0AT R R R SR R B T RE I A ERIER AN, PR EATT RO B
REFETHE-MIES], BIRTEM SRS A 2 508, (A2 IR TUIZ R4

b, BT ASE AR B — AN R 47 1 BRERARL A, 7E 4 PR IRV 10 2 W R A B R AL,
LGSR 7o BT, BEEBIN S, IREREA B2 EHUL S R — A
WHoeIiIa, AR 2 EREA O B R I SGR A

® ML A E

P 1) 2 5 AR VQA (Visual Question Answering) , &Vt ERAEH #THY
—ANJ7I, HATTE BB RN EUR, BT R, TR B SR iR
] AV REAT [ e BR T IR BAAE, AT — R SEVA AR OV bR i 2E SR (Caption
Generation) , BITHENUARYE G B 304 — Bl 1z BUR I SCAS, T ASHEAT 1]

o X TIX RSP EIRTLA CnsCARMEE BEE, A RHEd T AR Z
LA, BUEEEASR M.
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T
W

(LN

TR

&=
=k

32 HEHMRE L RASE

S NATDR TSR X [ 2B R 4R i 1R) MR Je ) S A AN R & V2, B
ZUt, 1982 FH/K (DavidMarr) (#L5E) (Marr, 1982) —Fii i, #r&ds
THREARL RN T — TSR BN AT TE N A, KA AT L2 AL
. (object vision) 12 ALHE (spatial vision) — K#E4>. WMAMLEAE T X P44k
BEATRE A 53 AN L0, T 2 AR D A6 T 8 A i) Ar B AT IR, 9% B4R (action) ”
MR%5. 1EAZE L ERALELSESR 0.0.Gibson BT, S A EZEIhREE T “IE R4
G, R ESEs)” o ENANFAEAEE E Siss), RAEVEFTR,
X LB Ty 5 ) S B 5 S SE VA 50 A ) A0 ik IR 6 il o

THENLALGE 40 ZEERA RS, JE AR H 7 REMEIBRMINE, HEEAE
B HENARED T EAFE . B BRI RS 2T SR =
Y AN T2 ST LG o T TR I = 01 3 T2 Py 25 R AT f 22 A 21 L

® /RFHEAMSGE (Computational Vision)

il

BUEIR Z A AL O FE N BR, RBARX “ BIRTESALE " IRAA T, X
AREA VS M ARR IR S . HAr, v SHLE T “ IREEMER 7 KE iR
ool HRHG BEALT i 55 - NS “AE T e« Fs b, BUREITHEALRE 3R, ANk
W EIE RS ER B, B EA R &

IR BTHREALSE 0 A =N B RS RIEAEIE LR S, BT
LI RINAFIE LI EA M FE I DR AR, FTUL, By RTHSEA S 30 32 2]
W OTHRIENE” N “RIBEEIET AR . SRV, RINEKRP & TR
FENRIBUE T EBAA B, FrA S /REAX “FRsLl” #HAT R . N
WAEM AR 2 HE R, Mt B 58U T EAE A SAE O T 2 A AR5 X ),
i H T P4 R A& E (Neuromorphological computing) , {H A Eiid, “#%
IR ATRL BT o BAONIER, “RERMARSEIERE” , Jf
AT IR SN B AR A BT R
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I 2019 N L& Re K Rtk
& LS E=g4EHE g

btttz 90 SEARMITHENARIE N T K7 LRt CERT , R T
PR 7 R R 2R 56, R AR S 008 WA B R B e I R R e 1 Dol
H7 R ERAK S, Rl R U2 O R IR S, Wi A A 2
W (teleconference) , iy, ML, MAURIESE. H—Jrm, AMIKM, £
MRTUATEAG N 14 J= = 2 3 BE A S8 e = 4 2 P R M ARG 2

ZA U AR AP £k E INRIA ) O.Faugeras, 3E[E GE fiff 5TBi (1)

R.Hartely F13% [ 4= H k2411 A.Zisserman. NiZik, 240 LA FEE ST 2000 420
FAR5EE . 2000 4F Hartley 11 Zisserman &% 1115 (Hartley & Zisserman2000) X
KT N RS H T IR R GRS, )51 07 T B TAF 2R th AR i $2
CREHE TS EZRTRAR” o REIEFRES S EE, maeH s EET
B EAAMN, MR ERNTELTRE T E T el e Rk S8t 1T
$& N HPOEAEAT KIS = 4E B AR S T AR AL AR R T, RN =
AEF @At R HLIX, I DRIE R ) e B, R R EOK & ) b T A TS AL
B . BRAnRER 11 T3 ME i e 0 ER (4000X30000 , 5 TiEm Mk
AHLEE (800070000 ' CIXAF: (1 BE AR A 4 i A S R RIARE ), — ¢ Ei s 2L
Beix L5, A EdE i RS, AR XL BAS BT s e SR Ed th
S YRR, W REE R, N T TFHRAATRER, FrblEA =4k E dints
WA H AT . XA EEEFIEM ARG HAA T =B, SR A L
EH=gEHE. EEEERIERER T, Z4EEMEBE —ME R,
FTCA,  H RIER 5 T AT 70 B 2 AT bR . B b B 8 K5 .

® T AL

BT ML, FEAR DAL a5 51 EEBRF Bt R A 7t 6T
T IR TE, SRR P R A g Dy AN B AT ST DARUE 7 ST AR
AR H T PLR L 2 S AR AL T 1%«

PIRIE YRR A0 i R, 45 5 R AR, I B BR AR ERGE,
PRI AR B RAR . 75h, BEBEGBRFENREZ M “ERE”,
WA M RIS BRIy, R EGRYIEFER “ AR

88



KEMELARS "€RFNRE" | SRIESZHER. FiK., ERLEARRE!

THEHIAL =-=
(intrinsic manifold) , XFh N LETE & 2R — MR Bk . Brbl, HEs: 3]
e N BIMERFIE 7 2] A FE IR B R IA IR, XA A FEIR I [ 25 ) 11— e —
PR R . BREES ST, FES o T B B H R 1.
REEM 25 LS Eal 80 AR R iR 1, HURBUN N AL “IR B R 2% 7
PEREE A “HRIZMZR T, FrLLHE R RIRI A e . H R TA st SN st
TR SN 2 %, XA LTSI SE I = K bR il B BRI o
2 UCCV) , BT EHA S 2 (ECCV) ATk S 5 IR =0 R ) 223
(CVPR) LT RARRMIC ORI WM. HATHIFEACRDL AR, AATHERLEF] F %
JEE 2 2 R “CHUR TH RN A G073 “RIEFUN 7 BT “RRR T IS
XA e — MR IEH B “BEAIBBh” o S TE 5 S, 2250 M5 i e
JiE, ZRAHBFRE TR, BT R TR, IR AMITRIZIE K
HH A5

3.3 AAH#LR
® RIS

P R P T S R e U I A TS O, R T HHMT R R A it
XSE OO N EEL, R B THE UL OE s 4 R 523 7 A 5 O -

(12}
~m,.Qo.«w C -
= D) iz |
Y L2 a
@ 9 . ol - e o &
4 gy 0 s tQ = o & )
o = o o Fi2) @ )
9 O =1 = [N e B8 o
m.,%,...,‘_m . . e | ’ A o & - — @
ey ¢ \@ ;
ot 0 2 - H o O

3-1 HENM TR LIKFESH

i B RR A = 2 4 D AU S BT B3R AT 2, HL P i e R R R 22 2
o Wiz R BUE H, SEEIAA BeE e s W] H R A fE R i I
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I 2019 N T RER FEdk s
MBARZ M NA 3T, T eI AR A & H X s BRI AN A 32507
FERRPN b a0 HoAd i AR g . P SRS X K 23 AR AR s T BRI o 40
MIAA A 55X R . GRF S s ol Rk —2K.

BeAh, AETER L T T, VE SN S S A T 91.00%, kAR L
9.0%, FMEFE ST T LESE.

T ENAL I = ) h-index A a0 F AT, KEB424# 1) h-index 4> AR fE
HhE] X35k, HH h-index 7F 20-30 X[RIF A& %2, A 706 N, AL 34.7%, /)
T 20 X R N2>, A 81 Ao
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h-index
& 3-2 HEHMARZETREFEH h—index H

® FEANA A

s Vi —
ED IS < L=/
@ =

HHREFES

&
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TR Ei

BRI % S L FUOLBE R 0445 PR 2% GBIt BB AT AT LRI,
SR AEASUR I A A HORR S . SRR = SR S A, AL T Py
MUK I N A ROAIEZ , SR 5 KRR BRI TERTHR AR R RN,
UL R 0 R L B L 25 T AL
oI S S SO

o5 A A SELALBE 6 A 1850 BLARER AMiner 50762 749
B, LGSO BB, A (R E A B o, T
524 B2 0 2 SR, FFHR IR AR SRR R MR EUGHET T 3,
THTR

* -1 HENRRSETESEEESFLXER

EEEX WICH 5 A% SEH5I A% FEH
-3 1034 88585 86 1459
rh [ BN 210 20194 96 283
H [ - R 110 6815 62 147
EHER S 101 7769 77 148
HE-INER 70 7070 101 109
hE-HA 36 2093 58 69
Hh [ - L 26 1933 74 35
rh [ -F 25 2071 83 46
H - 23 655 28 42
rh - 22 1325 60 51

M EREIET LA, RREERe sl ol %, B H0EES e, R
B SR TR TH SN QU A AF 2 5 D) R, rp [ S i 5 5t X 2 Te] S VR AR
Iz, W10 AAETERRBEAE RN, TR dESRINEL R RIS, E S
EREGERIRSCEEIR A B 2, (ER A s 12 5 HEGR I SR L
FINEAEIER] 1B = KT

3.4 I RIE

AR AGUL A = KT EAR VAR SCHATYZ Y, il IX 22 217 2018-2019
FRIFERAERNE AR . S BRARTE:

IEEE Conference on Computer Vision and Pattern Recognition
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IEEE International Conference on Computer Vision

European Conference on Computer Vision

FRATTXF AT S ) SR BEAT 40T, Geit A Top20 oS IA, AR A
A LA R 1R = B Hod, THELARSE (computer vision) « B4 (images) -
A (videos) 2 A As Hh g F4 B G 17

convolutional neural network

feature maps
Imagenet

instance segmentation generative adversarial networks

computer vision

visual features™ ,

image classification
bounding boxes unsu pe rV|Sed

weakly supervised action recognition

optical flow Videos visual question answering

pose estimation

W3R H : Encoder-Decoder with Atrous Separable Convolution for Semantic Image

Segmentation
HCREH = HA I 73 B AR G - AR s FH T3 SCER

W AE#: Liang-Chieh Chen, Yukun Zhu, George Papandreou, Florian Schroff,
Hartwig Adam

X AL Proceedings of the European conference on computer vision (ECCV). 2018:
801-818.

W ICHLEE:  https://link.springer.com/chapter/10.1007%2F978-3-030-01234-2_49
B 5 1)

TS ER THFAL G A — IR AR L E NS, © o N EE a4
R FOVE UPRAE o LEVR T 5 18 X o BIMES5 v 28 ol FH 7 8] <6 - B VAL A
T - s At o 75 1] 4 = B v Ak o] DU AS [R5 9 22 it AL R E S B 2 19 |
TE R EM S B DA i A E S R 2 R RS X R G RS
B ER o IX AT DL i 7V 5 AR 4 B 3 4R R RFAE B OR G2l , (HKOR3E D 1t & Bt
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AL
VRHIVEFE . T 9w A -t T 28 45 44 D) m] DLEE 1o 32T Mk 52 2% (7] 45 JEL R4k 3R B8 Vs b A st
Fih Gt W H A PR T AL A TR T F AR Y —DeepLabv3+.

AR

R B 52 DeepLabv3-+ ) 9 25 45 i) 38 i i in— A 1 B8 200 i 2 A E ok
P 73 F0 45 F 0 H 2t R F 5§45 R, 978 T DeepLabv3. 2 fith #5115k
(DeepLabv3) JHidt7E 2 AN LR HSTER, W2 RE RN UERE. 20
B A T] DL A 42 ] R 2 A AR 22 N 248 BT S RFAIE 1R 20 8, JF IR DR 35 1) Ik 2
HY DA R 22 RUZAS 8o 170 BT ST A 250 0 A s e JU 9 o 320 S 8 2 B 6 2R
N T R S PR RE R, KRB B AN T ASPP (R 7 T <
FHEMAL) FFERLEETL RE S BB S B A — MRS —
AN IXL MIE B, EIREEFERER MK A F 0SSR, SRR
Al R EEAR B

‘Encoder

N B
@ / @
U I
i
Features l . rediction
e aﬁaﬁa.

' Decoder

WHTE R

PAFH ImageNet-1k i)l 25/ ResNet-101 &%} 55 Xception (FEZ )2
AR BB BRI . BSM BN AT ReLU) a2 p4s, il 25
BRI %5 ¥ 1E . /£ PASCAL VOC 2012 Al Cityscapes ¥4 FUF#] T
DeepLabv3+HH B Seii i, JoFF AR5 AR BERI AT SCI 89 %6 A1 82.1 % il ik
BetkRe. (R AEH AL MR CBIAnRE ANV R« 7™ B4 1 4 A4 R BT B
NI AT 53 o
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WIS H: MobileNetV2: Inverted Residuals and Linear Bottlenecks
RS H . MobileNetV2:  J )bk 22 Fl 2R M 20

W /E#: Sandler Mark, Howard Andrew, Zhu Menglong, Zhmoginov Andrey,
Chen Liang-Chieh

W HAb: 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,
CVPR 2018

WAL https://ieeexplore.ieee.org/document/8578572
B 5 17) S«

TEAR 2 VBTG AT, 28 P52 A4 220 D) 4% 1 4 Yol R e e B2 1 A o (AR
FPERE I ERAFIE H 2 DL B THE B IO 8, AT R OR PR 1 AR T SR B 5™ B
2 IR AR B B e N TS5 s o DR 6 A I 2% (R A S AR 3 N B T Kok
T, ASCERW 7 — P A% 8l din i S AR —MobileNetV2, 78 OR 15 AH [F)F 2 1)
[ i S 5 b I i 5 BB AT A A7 75 5K, 9B et T E A S AT S 1 e 22
B, # ERBOUR A T8 3hum BAstill, A48 17— FhA 2007775 —SSDLite.
At @I {46 ) Deeplabv3 14 @42 2 viis X 73 #1454 —Mobile DeepLabv3.

I WIWsRES

MobileNetV2 [ 5t /& HAT LR ANERSU) Be [ R ZE R B, i B DU 4 I 4k
AENRIN, BRI KB EYE, AR EHEERNIREEREATIEIE, &a
i FZ SRR RFIE BO PR AER s . LS A EEEOR: IR S G
PREER R .

WRIZ S ERUER 2 A B 2 P 25 Gk v OB R AL RS 7y, AR A AR
RALGEGIR I I ER 73 55— JEAROIR LG, B I8 I X A g A\ G S A
NERIEBEGRPAT R EAED: 8 2R IX1 B, VBRI, gl
TS NGB IE B 2 2 S RAG BB RMIE - VR B 7 B B AR T R R AR TR G
> TR K (kBB (HRNERE A DRI

FATTAT LN ER BER L2 X 28 TR AL T2 SR AL — 4> “ IO B
PLR A SR ZE T2 . WAt i, WESRZ T - EiEr &R, Kb
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TR Ei
R A B SR _EAL T 2RI S T T PR BIRLE T2 (Al o St 7 iy
EERBWANENE: (D WEREOGBRTEAE ReLU 28 m 5 RFFAEZAE, WXt
AR (2) ReLU B IR M A RE OS2 845 8, (HATS R M AR AL
THINZ A AMEGE T2 E . ST LR, W IEE A e
P28 S5 4L« ARSI R GE R, W] LLIE I (3] AUl N MBI SR A5 12300
1, BIASCRZ O B A SRV S Ja AR =R B, it R B s . Jefi iz
R KIBIER+ReLU B0h, AR HZIR SRR IR IE+ReLU B0, &5
fi H1Z i G AR PRI TE B+ 2 ME s, IR HAEH] 1 shorteut 4%

WHTEs R

BT 1 S8 I SR UG BOE T ) A R AR MR A R, SR S TE MR
2K HARKEIANE Lo H SAMESS EAERH T ASSC 48 S5 MRS . ImageNet
K14 5> 224E % £ MobileNetV2 [ Topl #ilf alik 74.7, 1£-F MobileNetV1.
ShuffleNet 1 NASNet-A . £ H 5 f& Il /£ %5 L, MNetV2+SSDLite 5
MNetV1+SSDLite ) mAP 1R, (HSHE M THHN [ #R B el . 7235 Lo
TS L ARRFR AT RE I R 9D T SHE AT SR BV FE

W3 H: The Unreasonable Effectiveness of Deep Features as a Perceptual Metric
HOSCREH = VR BERFIEAE D9 R R e A Rtk

WIC/E#: Zhang Richard, Isola Phillip, Efros Alexei A., Shechtman Eli, Wang

Oliver

W HAb: 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,
CVPR 2018

W ICHAE:  https://ieeexplore.ieee.org/document/8578166
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DI IWARr

P NFERUL, VAl IR G 2 18] 1R BRI AR LS P = AN 9 g ELs )
B ISR RN A A 2 AR o A 4 EL i FE AR DG, v AR AL
YERORES T B B anTE BUR R 4 908, R4 BB R v T NKE RS IR aG EIE
BAARKXA, A ECAEBR FE T Re AR R ZEN . 245 &) iz .
RGNS TR RN =75 (Fhn L2 RRaEE 25, PSNR) BUBCHIRE 28 & (4
SSIM. MSSIM <5) i = REL  ToiR MR NSRBI VF 2 4060, —
AN SR R 9] 1 IR SO 23 3 A MR AE R E AR KANIR], (B 7E L2 Ja i B AD
ZRAR. a0 BN, ARG RPN Tabr 5 NS B RSN 2 58 A AH S o 3T 40
R X ORI, KEE ImageNet 70 2R )IIZhi VGG 48 AR Y Bl B B8 B
FrfE, MAERE S BEIZUR IR A, —BoR XA kAR oy “ Ak
(perceptual losses) . {H & IX L8R EN47 K IVE A 2 K7 WRLe 200 H D) 2%
B RSO FEF AR IR IS T X L ] 7

Patch 0 Patch 1

Patch 0 Patch 1

Patch 0 ference Patch 1

i.

Humans

L2/PSNR, SSIM, FSIM v
Random Networks /
Unsupervised Networks \/ \/ s/
Self-Supervised Networks / \/ \/
Supervised Networks v v v

N T I TR R JEE Ao 228 ) % B BRI P2 e FIEA R D SRR RN 2R B Rt , AR SCwit 7t
TARDIE T — A NSRRI AR A 340 1 () 35 24 5 ——Berkeley-Adobe Perceptual
Patch Similarity Dataset (BAPPS #(#E4E) o AL 484K N ALK, A
AREAEGRIE, WXTLLEE . MO EERIE S S, LG 5T CNN BRI R EL, 4
WE gAY, PRGN R H s DL SR SERARIR L, I iR E &
RO S5 LS HT

WA T AR HAES B —ANMNEF B, SEMRAEGIIER . 5%
SEBURFL, SR e RS IE 4 52 A ias 13 —1k, Al A& w ARl JFRH] 2 88
B a4 L P A SR BT
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T
W

(LN

TR

&=
=k

IOESED YD MR CO

hw

WHtas R

VEB AT 7 RERISLE, RGPl 1A [F) X 28 S5 A4 AL 55 Hh TR R AL
TR EN S QAR REAT LB, IR BERFIE RS — Rh AR H I IR IR B AR b . B
B NEVFI 2, R RART ImageNet VIR0 VGG $&EURIIR FERFIE, i Hid
W T A FEBRE S AR NG00 QB BlRE, £2LlE .

W E: Residual Dense Network for Image Super-Resolution
FSCR A« BE IR ZE B W 2% 1) RGP R B
WCAE#: Yulun Zhang, Yapeng Tian, Yu Kong, Bineng Zhong, Yun Fu

W 4b: 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,
CVPR 2018

wCHhE:  https://ieeexplore.ieee.org/document/8578360
WHIC N2

PR SR 2 HE R (SISR) B 7R HIB AL IR/ HE R (LR M &5 A= 1
MoE B4 NEBEI R 2 PR (HR) B . B, IR B M4 G 4 9
S R THIR T BRI, W4 AN DR B el = 5 4 B4 AE, 18
By Hbs BAARFE RG] BRI TE b, ok B AR IR 2% 1 7 RHERE
HEREE 2R (A, REHEE T GBI 25 IR 2 UG o e i B
BAARSFHFEHIR S HEE (LR BUE 050 ZHREIE, ARG T A BRI 7
BEo FEASSCH, WRALEIRE T — Pl Bl ik 2 2 2 M 4% (RDND SRfif o -G8 53
HeR i) LR I, AR Y B8 78 o R FH BT 5 BUZ SR IR 2 R
W72

T B2 R 22 5 A M 4% RDN, 20405 DU 55« R JZRHAE R I 4 (SFEnet)
B ZEEHL (RDBs) « ZHENFIERLS (DFF) AL REEMZ (UPNet) . —/ME

FR I 28 EAETRE LR 22 8] rhRRAS G RZR [y i RO ELANDISE PRy, P DAfE
FiFkz2 w55 (RDB) 17y RDN HIFEFER . RDB H SRR AL HAT R Bk
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ZE5 IR I SRR E AL A (LFF) ZHf%. RDB it 3 #F RDB X [RfIESE A7 fif
—/> RDB [t ] LE Vi 10 F—4> RDB 14— 2, ERUELLNREALE.
RDB (N EHZHAT AV T A G425, JHER R EREMER. Rk
fERE S S5 T H) RDB M4 HT RDB H T S il Z IR ERAE i, @l e
IS B A JEL SR AR ER =) i 2 R AIE o LIFF 38 3o 5 e ) 186 K 3R ok s B 5 I 48 O T 5 o
AR Z 2 RS ERE G, P T2 RRERE (GFP) , MaR7THE
&N LR B 53 JERFAE . 7E RDN AN EFUZERUIZ KN N 3X3, J& i fl4 JmkE
MERL G BRUZR /N 1X 1 78 FRFER 2 H ESPCNN 427+ BRI 0 HE

Global Residual Learning

18 1] DIV2K H4E 4k th 4575 15800 WE Il ZRIEUG IR, Ul iskade 1] 5 vk
FAERHELE: Set5. Setl4. B100. Urban A1 Mangal09s A 1 4 i Hh it WA BT #2 5
FHIAE R, BT SREGE R (D BMEWRSREE (BD 5 () &l
AR HR MR, T RAE (BD) s (3D 06 =2k R KA, PRI i 7 (DND
TEH BT 7 KBS R (1) RDB $&ED{ RDB H&MZHE ML, #A
VERBERLT : SRR 2R HLFIMERE. Y R B A # =D RDN
fRIRLL SRCNN PERELF . (20 HEAT TIHRASEES, JOAE T Frie il ok s 26k )=
HREk 22 ST R4 R R AE R A (0 R . (3) FE=RBALREAL B 5N Rh ok
RIHEAT T4 k: SRCNN. LapSRN. DRNN. SRDenseNet. MemNet 1 MDSR.
FER L BIR T SR AL R RN B 4 7, RDN AR BLH 1 AR B 28 50 47 i P R

W3 H: ShuffleNet V2: Practical guidelines for efficient cnn architecture design
30 H . ShuffleNet V2: 72 CNN R 48 45 F e i1 S il F e

W /E#: MaNingning, Zhang Xiangyu, Zheng Hai-Tao, Sun Jian
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WICHAb: Lecture Notes in Computer Science  Cincluding subseries Lecture Notes
in Artificial Intelligence and Lecture Notes in Bioinformatics) ,v 11218 LNCS, p 122-
138, 2018, Computer Vision - ECCV 2018 - 15th European Conference, 2018,

Proceedings

W HEERE:  https://link.springer.com/chapter/10.1007%2F978-3-030-01264-9 8
TN

H AlexNet 2 5, ImageNet EUE 7> SRUERFYIR 2 B i WM 45 25 a0 ResNet
F1 DenseNet 5 AWt m, (EZBRAERIRSL, TF B AR BEH2 CNN M2 FH 2% R
[V ZEARbR . SEBRE S50 H 2 AR IR T BER MR e nAs B2, i B
[P0 2 H T3l B DR R DAE RS B S5 B & i R o il B EAR  TIRZ R E
L) CNN 45 41 MobileNet #1 ShuffleNet 25, 7537 5 RIAER FE 2 TR0 T 95 g b
AT DMERIF i CNN W28 45 Bt e 25 B S R By, sy T
HARMZE TR FLOPs, JRA H I8 HIER ORI EMEE, HEA MR
FLOPs M2 R A F . BN VRIS (MAC . it ¥ &5 MER
HEIEITTH . AT SKBRTRK, A7 A R R THER I FLOPs ¥k,
M B A B R A 4 B R AR S

I WIWIRES

(a) (b) (c) (d)

VEE VAT R WG G5 BETE R RE P SR B e, N EBRbs (1
W) AR EETEAR (0 FLOP) o JLIR, RiAfEHARF & L Ptk Kz,
XS PSR NE BB 2% 1 04T, AR B AR T 50T R 28 it 1 DY TAE U
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(1) BHZ B 5 AN R IE BT EHOH AT MAC b (2) 2 AHER S
WK MAC: (3) MZEHE R A BRARIFATRE: (4) JTURGMEAE (element-wise)
SIS TRV #E o G DA EAEIER HY 1 — AN BE A &%) X 45 45 K ——ShuffleNet V2.
N &2 ShuffleNet V1 (B a fl b) Al ShuffleNet V2 (s ¢ F d) 4R BB
XEG. XFEE (a) A1 (b)) , ShuffleNet V2 &5t H Channel Split #/E 4 4 N 28 18
YRSy, —ER o BRI MR, Sy —E o WA TS SRS FEA T XL Y
HAEM, KiEERGEEAE (Channel Shuffle) B2 1 &5, FEHHTTHH Add #H4E
F Concat % .

WA R

WICHHT T OKEAISEY, 5 MobileNet V1/V2. ShuffleNet V1. DenseNet.
Xception. IGCV3-D. NASNet-A EEMAEH T, K5/E. FLOPs EHEAT 1 VR4HIH)
Xf b o S AN/ 25 BRI AT T Lss R I &, ShuffleNet V2 75 HEfff 22 FH FE 5
T 3 7 ARG 1P 47

WIEH: A Theory of Fermat Paths for Non-Line-of-Sight Shape Reconstruction
G H - BRI B O A e

W X AE & . Shumian Xin, Sotiris Nousias, Kiriakos N. Kutulakos, Aswin C.

Sankaranarayanan,Srinivasa G. Narasimhan, and loannis Gkioulekas.

W 4. CVPR 2019: IEEE Conference on Computer Vision and Pattern

Recognition.

WICHLHE:  https://www.ri.cmu.edu/wp-content/uploads/2019/05/cvpr2019.pdf
BT 5% )

R Z I AR Sk W] BE TR 3R R B I e B ik, B, TE AR L YRS
[f, £ Ak B A B0 1 7% o 8 L 42 21 i 44 » EFREE (non-line-of-sight, NLOS)
JRAR KT TV 22 22 A AR N 28 6 B B, — UL 45y kI I 2 M sz S P B
ABRA AN, UL THRRE RIS B AN S5 48, BRSO AR 450 1 K e 7 et
x5, EAR XE B AT B Fa 37 1 3D TR . 6T 130 IR I R4 NLOS f&if%
R 2 R B PR R G YR AN T (B 23 A S, (LIS 1Y) SPAD SR BE Al THANERAE, i
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Wb -
HEH# NLOS X% 1B S8 R % . 1EEEH NLOS B &5 J LA Z10R
T A58 240 o) 92 o8 o R b PR 1 o

honizontal location

reconstructed
depth map

(a) looking around the corner (b) looking through a diffuser (c) comparison with line-of-sight scanning

reconstructed  reconstructed height profiles from
depth map depth map three reconstructions

DA GG BB CHRGETS (a) AIRHESIHGER (b) MR
T E AR S AEE R (o) XfH.

I WIWIRES

VEG R T — I 9% Dk 4% (Fermatpath) HEig, RIYGAE ORI
SO AL T B A A LA ZR TG B N I AR AR 2 8], XS4 B T RO, B4
WAL SR, NI fis 1 B A AR . VR IE R, 9% SR AR 0T BT 1B
AWM E P RAZESNE, WE SR E S NLOS MRITIRA R, 5IHHE

(BRDF) k. JHESFH —MHILI R R, COROX B A ELE AL R AR K I
2% 18] H0 5 T A ORI R T S, R R T RO B E IR (Fermat
Flow) (5%, HTATHERERYIR TR . HOCBAE T, 2 AR K FE I 23 [A]
SR B BRI S S TR FE AR LR, B AL T B KR R L,
— LG IR EERNE SR I IS, ARG IR 10 R 280 5 CANI8 Sdit 3]
BRI S TEAR, 0 AN RSB A Ak LB BE sl CE V8 6T 2% i THI )38 s S 215 THT
e ma, EHESHTESRGINREERARTR.
ot as R

PEE A T — LA [F BRDF B JUATAR I H S 906, BdEEE 8] B
), el (Wi, fRfD , MREBRE OKaE) ROEEER R %, 25l
T SPAD FERBOE M AP FiEas Tk B2 KPR, DR Tk
PN KRR S PR B Z KB AR DI e ge, SRinaf RERHEEMH TS
groundtruth FEARIEF W) 5 .
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WICHEH : Implicit 3D Orientation Learning for 6D Object Detection from RGB
Images

FSCEH . A RGB BRI 6 A Ay 248 (1 R 2 = 45 1) 27 2

W AE# . Martin Sundermeyer , Zoltan-Csaba Marton , Maximilian Durner , Rudolph
Triebel

W3 H4b: ECCV 2018: European Conference on Computer Vision.
WL

http://openaccess.thecvf.com/content ECCV_2018/papers/Martin_Sundermeyer_Impl
icit_ 3D_Orientation_ECCV_2018 paper.pdf

W7 i) .«

X A S HLEE N AT aR LS 2 SR N T T =, BTSN R 4t
Hh i BB A — o nTEE HARIE ) 6D H ARkl . =4 HGEN, 5T
RHT, 5K HARE Ao 5 58 o SR Bl 22 T T R 6 S 2 A PRI GRS I8 AN 2
DA RO B g s FER, B D Rl R R R H A A A . T H, T
JTEAEIBAT I 18] LK BT 585 A (R N 0 80 1) S5O A SR 5 TR A o AR
R A RGB BIMBREATHRAE, WAER KR EAREREEE, ER e
FIE

I WIWsRES

2D Object Detector

L 6D B BRK I AT AR B Hoamaoby (A7 1) RIRFEAHILSS
sy (Tefned) ey YRR T AT RGB szt FARKIIA 6D LA

camz2obj
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THEHIAL “=
. B EH SSD (Single Shot Multibox Detector) 424 H ik FAEFIFR
R Lk, fEUREERE B, SRADEIEUY 3D 77 MG 5IE, ZAEE T 2 AT
I 5 2 gm i 2% (Denoising Autoencoder) 38 F FiiAS , 34557 H Zh s g 3% (AAE)D .
AAE i ] — T AU s BE AT LA SR, A2 380 ) AN 2 A N R 2 A i 25
(0 S RS, T A 2 AR A PR AR FE I 25 25 18] 9 S — N R s R A o 28 3R AE
BRI, AT H AR 7 ) AR R IR (BanDY o0 , b N EHE R 7 i) —
XF 2 WL, 1t AAE FTACER O AR B SRS R BORI S 2S . S ah ST B 1)WY 3D
Ji TR HIFRAE,  [FI SEBLX Y, AL SRSk, IR HES 2% AN RIS A0
ARG . T H, AAE AN EARM L HPEH/IREN GRS . M, E#0NZN
PUE SR E 7 Wi 3D BRI, Selile 1 KBNS hRiE BE R R . H
Ky AAE I ZRid 2.

Reamiaby ~ U{SO(3))

Fig. 4: Training process for the AAFE; a) reconstruction target batch z
of uniformly sampled SO(3) object views; b) geometric and color aug-
mented input; ¢) reconstruction & after 30000 iterations

W4 R

{E E T-LESS 1 LineMOD %44 1745 T AAE FIEEAS 6D Al 1E, X
35 2D K, 3D Ji MG TH RIS IE B A TE . SRR S TR L,
AAE MR TETE L, RIS SR . 7i4h, EF T T — SRR, BT
RS 00 2 W Y

WICEH: SinGAN: Learning a Generative Model from a Single Natural Image
FSCRH - SINGAN: MERBK [BIR 77 5] A s 7Y

X AE# . Tamar Rott Shaham ,Technion Tali Dekel ,Google Research ,Tomer

Michaeli ,Technion
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WICHAL: 1ICCV 2019 : IEEE International Conference on Computer Vision.
WICHAE: https://arxiv.org/pdf/1905.01164.pdf
B 5 17) S«

A B4 (Generative Adversarial Nets, GAN) 7E RS 3 204 ) = 4 43
A7 S 7B ER . R R 2 B R Cn B, b)) BEATINZR
i, AR GAN 7EAE GE ) Sl R REA DT S TR . B A
ZREG ZRIERINEHESE (41 ImageNet) [RS8 2 — T E KBk ik, 1 Hi@
B AR 5 — NG T ORI AR BN R E AT S IR S A~ BRI R
B ERHL i A AT BEAT @R S A VO RV 2 T BN AT 55 A TSR 5
YR Fs GAN A7 N B —ASEr s — A AR 2 ST AR SR A i i . A
H AR EHGIE S B RN g THE R, BT 2 S50 K 1A SO, T A D4
HAMFEZRN SRR ik, MEERH T — iR G AR SinGAN,
REE AL 2R AL B 5 4 45 M AN SCHR 1) 8 SR R B 22 I 25

Single training image
T

X T2 IA I IR AG IR, SINGAN ZE BUHTHIE FAT EIBREA, e AL
TR G HC B 254 (Y[R I OR B R R PR B oA

I WIWIRES

VRS B Hbp A 5 21— D AR A A SR, A2 AR mT 3 3 A U R R P9
GiitdE . MARSBAEM S L5 GAN BWEMML, ARIZAAET, g
BARGRZ RN E G, RN EEFEA. ik, SinGAN ZE HE2E th A
1= 4A5H ) patch-GANs (Ey 7R ] A a8 ) AL, e 4% 7 DT gk A
R RPE I A, IS — Ay A BB REAT N 822 ST TR R I W 28 46 4 . R
FEAR MR 6, 28R KOG i 1R s BRI RUE, A REHR
TENMEFS o BT 2L s A ) 2% BE MR R AR B, (R, BB G 28 i Rt v]
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SRR -
IR 024 . 22NN, KB R WOAN-GP fisk, LS Al 25
Basth. JEUE T TR R AT DL R A8 PR e s P e £

WHtas R

VB 1RG5 FEAR R s 48 Rt AT TR, BV |, SinGAN 1R 473
TR E A2 R A SCERAS 2, IR LS E i 1 SO AMHRERCR B AMT
FEH P RBEAT FID () 5o B R A 24T Bl . AMT JNREs SRR W m] DL AR
FUSEHIREA, X T4sRE IR E L, NFCHIHIIRE R B 5. FID 4585 AMT
—

3.5 I EMMMEH R

TR, EREEDEABRILS TR AT PGER T, 25 DAARZS AL e 4L
P BT TN R TN AR T BRI A LIS SR M, T S th
PR B AR AN Tk 2 A RTBE PEWT 7T 40080, #8730 W FU R CSERR NI,
AR o R RE A 4% <5 2 AR L 1) PRl Al I i

THENURESE BB 7T H b TSR LR 8 A SRIIAE e e 71, RER MR N 2%
B, W SILRE B sh IR IR . OIS AL e A T AL I R IR
SOME: S 2218 SCRE R TR IR 25 SR IR A8 o TH AL 8 TS Wi B LR AR 22 Bsh Aol
I FE R, B, ARGARG . AR5 5 7 S48 U5 T 1 PR g C i At A
FANBE ARG o A SCHRIE I P AF TS LA B B 2 2> WU R 18 SO R R 5B S, Xt
A I BORBUR M FRT HEAT T 456 70 #

T PR 2 O FU AR TP AR VR BE 2 2] o AR 43 28 DL K RT3 /% %5 3D
PRI BRTETT T B THEENLL SR TR A B 3ERE , AT 70N ST Rk ik 5 m PR e
FITH RS R AL, a0, BGEIR . FARHERL. SRR s . s ol B sl
PR R AR A R SN R 2% BB B ARAE 55, — DN EEIEB R Z RS, 1§
n, @G B ARTE S A BRI BOR R e i E B IR AR ST . BB IR — ke
THENALSE . B ARE S A BAYLES 22 2 I E3 A el e bt i — g B oy —
Bt S0 o B AT OHE SO 3k 386 71 e 20 I 4% 1) 2 ) b PR s 5 A oA 00 JE AR
KT HARE S LA E0E, T8 A2 5 SR U N RGN SCAS 1 23 )
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A JZ IR R ZR 5 TR AR SRR 22 9 28 DA KRR R I W RIS 13 AL )
SRR Wt 28 NN 5 2 S RHRIBR, M 22 2 IR IR i Y
7 2 iy PR At I T /AT 7 Y B R

FAFIEEE F b2 R0 R A M 1) S0 Ik HL DN 2R O ARt AT 5 B 9
BN 55— AR AL, HoE S TSR AUE N R %, SRR,
111 f5e 26 H b th B HLBE o ASF T R BB BNESS , FAFHERAE 5552 IR T
ZRACHE AR, 3 TC i) e i B (1 S HE B AR . A 3 A Y R R S R 45
TR R SR RS » Al 22 B R A S B, ] P AL AZ 0 2% (R HE 2R g
SO S IR B AL AR AT FORIE T AU R A, HEIFR
Feo 7% REFATHE B AN 2R o an e A AR = o I 28 5% AR DR A
PAENES TP R VoSO S IPRE N Yo

o S ERAREC A0 S ML 2R Gt 20 B AL B 1 T A 2 R
RUERBSRS RO, D B A JUR R AN L AR (AL R IA )
B A, JEATE SR, AT A SIS AR, AL,
SEAE R, S5 BR8N T I B S B AG FUbR BO L TP A etk i 5L
WL 3 G I R RSl ) SR 9307 1] 4 o=KL I %4 ( Social-
LSTM) SEBlEMFAZ GRS REM, 44 % EEa iR, Rk
SKEIRF 1] A 7 161 S R 28 9040 L 475 160 12 R VA 25 T BF ey — 44
TR, BT SRR R, A, AR, R,

g b, RUSER R R T R OB, A7 B R 4 RS 5
B BRI IR AR IO S, TR E S, BRI A
F e FIRLEIN SRR, 45 40 OB B SR 76 51t 05 T
SESH
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IR

4 MR T
4.1 R TIEES

1994 FRIRBEHAFE « FIR TR AL SARBE A 25 1 R0 IR TR E X—H
FITREE R B THENL 28 S8 MM e 1l A R 58 U T 5K 4 R 58 BRI B A 55 - 7KL
PEIAC,  FHR RS R B Zhelf B sRBGNR, @8 FRiR N R 4
LASR fH ELIEC X B B TR AR 55« RS B REAR S5 R 3K, e gl SR I
R, BAONAZNCIIFIRIRSS o FATHE BRI R R AR 9 KR AN SR
W, EHE AR S (Smart Data) , e BNEHERIME B 2IFIR, HZ& 2 BN
PR AS TR, T SEBUN KRB AT 22 SRR R0 R B 56 IR
PESCHF S et P AR SR AE H b R B AE DU A AR e T J Y BOR 2 (1Y
IVASERIIKIEE

o HNRELE: HHT ELIBM R B A S AT A B R A, I R P T R
XX e H A TR B AT 1 SR A B, L PARIIR YR ) B AR
SIS ;

o TR SCHIZMESE . FR EREET DURE R P SO S ], B DY R
15 200t F IS A SeAA, 18R 45 R BB o R FH P R R I 4
FIAS BN, AN ELIE N [ T

o IBANE RS BT RIRM RS R FIREIEE A R FNR
e, IR ER AR PP B i) R A ) R R S R, BRI R
O ) R ) 25 2 s

o KEUE AT E VIR SR B R E T SRR T DA B R AR OB, SRS
XREHR I SE, SRt SCRF

PATTARHE R0 R TR A A R & Ao B kst e AR, A AMiner HRalr 475k 11

Bl A8 K R S, 24 T A AR R s Cknowledge
representation) %112 3% B (knowledge acquisition) . &R ¥ (knowledge reasoning)
HIREERL (knowledge integration) FIE1IHA7Ai% (knowledge storage) 55 AH G G4
IR R AFRIFR I EZAR L WAk, GG IR EIER A, A DL A4
BRI A=ZRERGEE, BRI H LB 7RI R
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1. EHARES A, RN RIS SOOI S, ik, ga%8
U I, R S ) T B AH B AT

2. KHEERMTIES I SCIT RIS, IR SCECER AR AU SO

3. AT G AR IR AT ZE O R IR Ay ), Wt T SRS, &
JE AR MR A 7 SO TR T AR R

B TR = U RS 0 VE A BCHE T DL S AR R B SR, ERF)
https://www.aminer.cn/data ' B #2 N R IGEIE . BT B TR FIE SCREE

FIRIBRYE, BREET] DL — B 583, WOl iR Ik, FATMRAE R IE 5 1)
S5 e L EE R o

42 MRTIEARRASE

[l R AR -H4E 2R R FEPORE, 8 SR AR i e AR AR HE
ALK RIR TAE S B S hr i PE BB, AT RR AR . LR ARG . 34k
1.0 IF30, RO REI S DA R IR B I, 0 R s

11950-1970 |

-HSER

- B

- Usp

s ERMN. &
X fol 45

B 41 RIRRLRAEE

® 1950-1970 M. P& R Ik— S0 iR AR A= AiT 40
NTEREBELENLE BE AR N —FEAR ORI % ), ] 2R 02 1P e )
FB XM BEEAWA R F5 SRS F X 75 3 GRS
RGEBRAT NI TR, 45 F SOV K (B0 K HOERNLHD & —
DI Reii s Bt . X — W BE R AR TAE B W R AR T (GPS)
W 1) AT R, B R, R ERIMIRAS, 45 AR 15 2 H s
RAS o Forb i D B FH A2 1 ZE 10 FIATL 25 7€ BEAIE ] 4% o X — I AR AR R 7k
B BRAIR RS PR 38 UMK X — AN TR RERT AR TRE (Y
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RIATR -
250X Minsky, Mccarthy F1 Newell BL Simon P47 22 RUNARATTZE BEHL. AN &
REVE 5 FHE F I K A AGE & 07 T AN AR 20 03RS 1 1969 4R, 1971
L1975 EE R

® 1970-1990 . R RGN TR AR

308 P e AR AR ik U AR FE N ) SR I L) BE ) S e R 8, 1T B T TR
B RERISCRE, A8 N R REAE LAAE SERR N i RS EAE T . 70 20105, N LB ReITiR
el LB T AIRA R G, Gl “RRZEHHEEANL” SeHINLA R RE, X I
AR Z BN BRE ST X RS, W MYCIN BT iZW &R K15 BI04
1K) DENRAL &R R Gt LUK TSIk RE 2 I XCON LR R 515 . Hilim A T8
AESI0 R BaE N Feigenbaum #3Z7E 1980 1 — NI H#H % (Knowledge
Engineering: The Applied Side of Artificial Intelligence) =42 H %1iR TR UM,
MICHf L T AT TR AR N TR Be A (A% O T o 33X — B B TSR TR 5 A 8T T
ik, AFRHEZEANIIASE . 80 FAUG I I T IRZ EX RGP A&, AT
WL R S FIR F AR et SEAL AT DAL B A il

® 1990-2000 B JH: Ji4ER

7E 1990 4 £ 2000 4, HIL SARZ N A BRIV, B3I B H
H23C WordNet, RA— ¥ i 28 HIRER K Cye HIRMIREE, L&A SCH)
HowNet. Web1.0 J3 4R 7 9 A5 T — DI &, 1 HTML € XX
REINE, BRSO ERG R, (R R IR EE . W3C 42T
Y RARICTE S XML,  SEHGH LI R) SORY A 25 1) 25 i ot e SObR B JEAT A i
N H BRI FREE N KRBT IR R I SE 2 B8 T HE Al o 3 — I HATE AR R 7
R T AR FNR R R T

® 2000-2006 WA MR e

fE 2001 4F, JI4EPIRZWIN . 2016 F & R K 3Rk454 Tim Berners-Lee 7ER} 53
A 24 &4 R £ i85 (The Semantic Web) 1E R H2 HE X Web HIHES:, B R
HRN N2 AT B R AAE U, R AR A HR B PN 25 PR S 4, Jd I st
P TUHEAT 15 SCRR A 31 0 T SUAE UL, AT R A5 T A 25 1035 SUAE R, A8 AR
FRAEE AP P [E TAE . W3C i — B4R T 4EM EiE AR IRITE 5 RDF (BT
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AHEZE) FI OWL (JTHEMAARIBIET ) Sk 7 4E M N 2508 R FniR ik B

e
o

3 4E W R HE IRASE AR M3 P VR AE ) T TBCRN AR, AAEE o) R B g 23 A
BRI AR BT R RGR RGN T LA, DUZE AT USSR VG 2 (8]
FEEERE, AT DUB SR = A 58 22 (1 T 3F 58 4 B [ @ A AEF= . AN AR
LT BRI R, BRI R e R, Sebr B P RSN, RE
T HIBEM KA R EHR I TTIR, A4 R R RS 1) A 0 R 3 1) 32 2R

® 2006 FE4: FIA K TE—RIIR TR A it 3

M 2006 FITUG, KFRBELEIE F1REE B S5 RV BT IR A0 B I 28 LA B
FEBUITERHED, AR MBSO VAR T EoR#ERE . 5 Cyc. WordNet
A1 HowNet 45 = T RIF ] 9 A0 VR ZEATAS AR BT QIR T H AN, 33X — I IR0 R BG
R, I HAEM SR N igiT. S0 B3 @ r R E C i X R K
Bl oyt B BEAEA AN AR B 5K B3 77, AR KRBT ML AT S b IEAEAS 2172
fd o B ()4 T2 AU Freebase J5 712012 4F #fEH TR i (Knowledge
Graph) , Facebook [][&it42%, Microsoft Satori LAY, it A drflepss
SRS S RN R 2R e B AR It OB RS I 2% 6 TR SRECHY) T AF 6L 45 DBpedia.
Freebase. KnowltAll. WikiTaxonomy 1 YAGO, LULX BabelNet. ConceptNet.
DeepDive. NELL. Probase. Wikidata. XLORE. Zhishi.me. CNDBpedia &5, X
SRR KT G RDF B iy, A& AT 5 HEFH AP R Sk, DL EL
HCEEAC L (RVEEEM S A SE AR R R 5 JF HIXLese gt H e B T
T E T SCARBIL ) 2 W AR A

Al RNR B A AT RS, B 1 I8 A I U RR B, S ATk s
SEESTAT MV AT AU A R I S 4 iR P L A SR A R S
Rov REAETE MLl B REFIRIR ST 55, R AR M. k3 RESE HLSL SR
BLHS 2 BRI O AR, 1 BE 22 R VR P R B B B T

FE R B RR TR 7o b, e R G Pl 8y Be - T 5T S S A 7T

AL — AR TR FU 52 Dy b B B R0R AW SO A A 55 9- i 1 R ot
Wk, B, i e DR AR AR AR AN R A B AR Dy At R g Al

==
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KU =
M TAE, PLAAE RERAUHR T DTEk, R e e “ S0 N LR R i =K

i 1,
4.3 NAHBS

® EIRAA A

P M TR R S WU E A DL, X T ET S A 0
X e BN EEL, T BN RIR TR SUR e 2R 2 A L -

@ 6 @ sty arsons : 6 @ @ 07
Os & : L HQ_;,%@ )
.9 o 9 @
ol =8 (2 " .i-" @
=0 e
Foie (-]
Y e
{( & T
A P
9 > @

4-2 MRTIESUSEHRFE S

H PR 3 AT e LA s BT B HEAT 2], e rp B BRI R 3R s 22 AR
Fro izt BT BUE Y, 56 HE AN A BeE e 3 W] . B 3 B A AR PRI 2 R
M BN A AT R A 0 A s ARG QAR . R S S50 X PR A AR
by SR TARRSUR N A 70 A 5 5 X R . G BF s G Rk — 3

BeAh, eI PR T, AR TR B 2 S T 89.7%, etk
tt 10.6%, BZE SHime T Lt

FR TR 2 E B h-index AW I F~, KE22E B h-index 4347
KX, HAd h-index 7£ 20-30 X [AJF N Bk %, A 783 A, /Lt 38.9%,
/NTF 20 XTEJ O N2>, 90 A

111



KEMELARE "ERARB" |, REESHER. iR, EREEMRKRS!

I 2019 N T8 ReR R

900

800

700

600

500

A

400

300

200

100

>60 50-60 40-50 30-40 20-30 <20
h-index

4-3 MR TIEMUEEE h-index 7
o H[E ANA A

e o A AR RIR DRE ISR A s B @I T B RATRT BUA L,
FIFEXAEAGURI A A R R, HIRER=AMK =X, M2, W
Rl X ANABONEE =, R A 5 X AL S A G KR A TR &R [,
AU % S 5K ) S R O, R e S H R R S E AR L
SREESRE IR T R e RAE

B = L - \?/—\ l - L
8 -

B 44 MRTREMUSTPEFESS
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KR TRE ---
o ] 5 H A L AR SR DR U ) AR AR 0 T AR AMiner #0851 & 734
B8, EEGTHE SO EE W ERALE S, RAEE WU 25N E 2, BEimgtit
H 5% E 2 [S R SCEE, TSR SOREREE M m BT 1 Hi
W N RHTR

* 41 MRTRESEHESEESFLXIER

AEER W 5| A% 35 A% FEH
Hh -6 [ 541 17306 32 1092
Hh [ -7 3k 116 4107 35 244
r [ - R 111 3634 33 237
rh [ -3 [ 27 352 13 52
SHE N 24 632 26 58
i E-H A 21 572 27 56
SHEESE S 5 14 328 23 23
r [ -1 10 344 34 20
o [E - B 10 76 8 22
Hh - 10 197 20 20

M BT LU, A (R0, 31, FHEORIE S, R
PR AL AROUR & (2 805 sk o0 I S A BR324 10
SRR R A 4 R S B (RS R R R, (B
ST RS T 51 F SO A o [ S M 2 20 T ik
.

4.4 @3 fRIE
A AT 125 7K TS R 8 IR ST » AR e 23 R 0 T
7E 2018-2019 4E /MR ME TAE . I e £ 35U 1 T A0 45+

IEEE Transactions on Knowledge and Data Engineering

International Conference on Information and Knowledge Management

FRATTXF AR AT S SR AT A3 T, GEitH A AR Top20 fr oGk, AR R
YU AR B, BT, Horb, ZRERE (knowledge graph) %X
P57 (Datamodels) « #1324 (social networks) s A 45iek Hh 5 24 i) g i
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data integration fecommender systems entity linking
sparq| graphs
Semantics Feature extraction
social network Data models

natural language embeddings
knowledge graph
Correlation crowdsourcing

spargl queries
question answering social networks

linked data

W3 H: Convolutional 2D Knowledge Graph Embeddings
RO H - FET ZYER AR B AR BB R AR R
WX AE#: Tim Dettmers, Pasquale Minervini, Pontus Stenetorp, Sebastian Riedel

WX AL: The Thirty-Second AAAI Conference on Atrtificial Intelligence (AAAI
2018)

WICHLAE
https://www.aaai.org/ocs/index.php/AAAI/AAAI18/paper/download/17366/15884
Tiff 7 1) i

R VR T PR R AT 55 s T 49 1 22 TR A 1 9% 3R o A% GE RO B2 TN 077 92
BUETHRM . PO AR, BONXFERT By e B HUAR 1) KG . (HAZ R ZHA
) BIRRFAE AR D UR R AR 2, KOKIR ) 1 AR R PR RE o At R ) AL i 2
—EI 1 embedding (4R, (HR IR SHE, A7 EY B KG
Fro Btk O BUA Bl S A AR I R R IR T I = e AL R —
AT DS BN = e, PR S TR AR R e pE A B iR RE . SCE
A A A 3 A T R 10 IR A R AT BRI A [ U™ ELE, TR 1 B R TR )

&
o

W9 712

SRR P2 R G AR W 23 AT T R R B SRR T 55 . 5 HAR
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R +
BE A A — SR E, CEEEEZ A EYES EE, wi] DUg A
Fo—FEH 45 K H embedding 2 8] F 5% & o

Projection to
Embeddings “Image"” Feature maps embedding Logits Predictions
dimension
O 0.9
o] 0.2
o] 0.1
Fully connected & Matrix o] Logistic 0.6
Concat Convolve projection o multiplication O sigmoid 0.2
el R — o __— . 03
rel o with o 0.0
@ o] 0.7
entity matrix o 01
(o] 0.4
(o] 0.4
Embedding Feature map Hidden layer @] 0.4
dropout (0.2) dropout (0.2) dropout (0.3)

wm EE R, PR R A
Pr(€s,€0) = f(vec(f([a, E] * U«'«’))W)eo
B AR S N

- 234 look-up embedding 15 2| SEARFIOC R H M B RN, IR EEIE AT HNHE
BN 2D WA o

- HEDERIZIHE &G MR AT G PERE, 53— IER v .

- By EA, R JEEE A AR R MU 2 K 4R

- )55 B ARSI embedding A IR RIS AH N 1550

- RS tAT sigmoid 31/ EIMER p, AT/ MEAE ORISR I ZRAR Y

EHERNE, SEGHEAN =JCHRKAR (s, 1, 0) 770 1-1 scoring # 3
A, ConvE PASEAASR AR (s, ) fENHAN, (RIS XS BT AT 44 o #E474T 79, BRI 1-
N scoring. IXFf O AR IR 1S . s af REH], BSR4k 10
o TS A B 2 RN T 25%.

W4 R

VEFAE 4 DN EIESE WN1S. FB15K. YAGO3-10. Countries E#E{TsLE, 5
DisMult. R-GCN SRR BT 7 0L, SEagsi KN 0.23M 2411 ConvE Hil
55 1.89M A2 1) DistMult G AHIT IFPERERIL, B ISR UE ConvE IS Uk R 2
R-GCN ) 17 f5LL L, J2& DistMult 1) 8 5L L. th4ak, fEHIEKIL ConvE 7E
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YAGO3-10 HI FB15k-237 EfIZRILELAE WNIBRR L4f, ARG M5 AN EAR
KIEE s, Hlngs & United States 76 “was born in” RN T 10000, X Ff
RN KG 752 deeper 4!, Ty ERIA ML DistMult WIFER T #11) KG EFH
e

Param. Emb. Hits
Model count size MRR @10 @3 @1

DistMult  1.89M 128 23 41 25 .15
DistMult  0.95M 64 22 39 25 14

DistMult 0.23M 16 16 31 17 .09
ConvE 5.05M 200 32 49 35 23
ConvE 1.89M 96 32 49 35 23

ConvE 0.95M 54 .30 46 33 22
ConvE 0.46M 28 .28 4330 .20
ConvE 0.23M 14 .26 40 28 .19

W@ H: Explainable Reasoning over Knowledge Graphs for Recommendation
HSCRRH - BT RN R BT R AR HERE 0 T AR RS

W AE# . Xiang Wang, DingxianWang, Canran Xu, Xiangnan He, Yixin Cao, Tat-
Seng Chuai

W H 4b: Proceedings of the AAAI Conference on Artificial Intelligence. 2019
(AAAI'19) .

WAL https://www.aaai.org/ojs/index.php/AAAl/article/view/4470/4348
B 5 1)

AT AT ART K 60 VR P R\ AR 2R G045 BIRRBR 22 1 5GTE , i R R AR
W P B AR, FTLICH A P SR A AT AR E A R R
XEEFRAL AR /R 1SRRI R R TR S, JERETE BB AR F G ER . SR T IRAT 1
TR RE 70 70 M Y R ALRAEWT Y I 4, JCHL A A8 S TP A 5% 28 A A2 10
BARVE 7. SCEA R 7 AR A B4R I8 AP 258528 (Knowledge aware Path
Recurrent Network, KPRN) , ifiid 41 & SEAARI ¢ 5 B8 SOR A BUg A2 &~ . A
PEAR P BT AR AR OC FR, T LR T ER A AT BCGHERE, AT HE T H P -1 H 22
B AR JE I, ghoh, CEEE T R A E b RE, XS
I H R A FRRAR IS, T AT — e AT iR . T B BT AR
P 5 SRR S s ], R EON K &R, SELONH T -RI R AC LR AT
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IR

N
ot ~ A :"'a/
n;
$$°3$’ 13 ~ "o,
- 2 53
- SungB ~
e’eiFhape of Youk = :\EJ-—S-:_V'D Ed Sheeran ‘Iss:ipero_f —‘Q n Castle on the Hill
A\ e o> O,
-~
Alice % nre™ ~» Pop « Gen® & ,&,;o,
R\ @]
%‘ - -3
ZN Tony o 2 - Gerve
\ J
Song the user has Y Songs the user may
listened to before Knowledge Graph be interested in

58 7 vk

KRB AR FIREE i —H =04 Ch,r,t) ARG AERSEAE h AsEik
t FROR AR 1o CERAREE GRS TP - EEE, RS 7 =xd
(R BT, FdhD , R IrAO8HUE R R HARRE X2
RS B R AL P, IF UL P A9l a6 s, LR & sl 4 — 1
RIS e, LRGSR P MR S R AR AR A, BN SR e g 1 5%
JURITE dh Z B EL R AT e, RG2S AEAE =l (7, ZZET7 3 FdhD o

Embedding Laye

PR —3L 5 N =2 1E Embedding /25T #4248 — AT N embedding )
THE X Ta e =Jodl, iR SHR A FR . SERSRRASC R (B B0 1
embedding J& FEHF 18 B A IER R . LSTM 242 IR FOCIHFE £
7~ T N 8] 5T P i N I HL s 85 I I 20 1) B el RS A i B AR AR IR R o 1
pooling /=, R A7 BR AR RAE Z R BB N 2 BTSN I 45, Foxl it Ay
AR 1) A A A5 30 i 5 ) T 485 2

WHTE R

RN AEESE M AE SRR KKBox E3EAT 1 5ds, 0k 1 BT
SRR R A R, IF B - OCR SEAR Uy — A R FR R 7E, KPRN
I BE S M BR AR R F 230 7 AR i Z IR A oG AR, XAy 1 A 2R (Y mT ek
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Rush Hour Tom Wilkinson

0
[ .355
InteractedB A
; e
hakespeare in

Titanic

3 = 0.356
P o Aeﬂﬂxﬂﬁl’l‘fﬁdﬂ Y=o

L Yo
Fantasia James Algar The Incredible
Journey

LR, 7E MovieLens-1M HHBEHLIERE R — AN P u4825, I MU AE
HadsgkiEFEES CNERRS LI o R)E, FRATRBOER A P -T06 BT A
BRERAE, 192N /3% s1=0.355, $2=0.289, s3=0.356, RIHE%Y T i )
TUNH P u4825 il g1t 3 MG “INEZ P iIs LW PR R,
W HE: Knowledge Graph Embedding with Iterative Guidance from Soft Rules
G H - BT RUEEAR S| 5 B s I B R R A )

W E#H: Xiang Wang, DingxianWang, Canran Xu, Xiangnan He, Yixin Cao, Tat-

Seng Chua

W 3 H Ak - “Proceedings of the AAAI Conference on Artificial Intelligence. 2018
(AAAI'18) .

WICHbAE: https://arxiv.org/abs/1711.11231v1
AF 7 I 2«

ORI R 2 2 5] B AR SRR G SR N B i 2 2= (1), [ )£ B a4 PRt 1)
WAES . G TR FBERT R AR =JuH Y S FRERE IR R R . ATAAH,
SR B R AR TR 2 S AR E H B, Tt T AN SRR )
R RUGE (Rule-Guided Embedding) . RUGE [t 5 BHRR s 2, I A MR & i
4 B4 AR AR O A i =04, FRRE I AN R 5 R 5 5

IIFWIRES

T AE R B BEAT 23 A AR s 2 ST I AR oI N 22 B R 2 4T 5] 3

RUGE [ #5vF: = 7640 (labeled Triples) « A bxiE = 7641 (Unlabeled Triples) .

118



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

WATH
H S N (softrules) 3X =R B I LLIE A5 s AT IR B R R 27
o BHNFEN AR, W EEERN . &5k A E PR HI A
embedding 12 1EX PN BRI A B 54T HTE A 241752 2 #) embedding AT
WAARSIE = e AT HARSE s 52— DA HARE = (BEFRSE) FIRbRIE
et (HAREE) X2 ATH) embedding BEATAZIE . XA, RUGE 7]
LAl D38 A o3 A7 ZURIR R 7R 27 SRS AR — 5 (AN R 3 LA S AR A 24 25 14
8RR B B4R B A% 356 B P 2 2 i A SRR

L

—( Soft Label Prediction )4—

unlabeled triples

soft labels embeddings

labeled triples
hard labels

—P( Embedding Rectification )
BN RUGE HEZEIE,  ATLLIEHH, RUGE fif ik ANBZY B LAkAR Ty 3 M) B

MARICHI =0 . ARARIE A= TC AN 22 > o AR UGAART, BRI B A

BRIy B AN embeddings 2 IE [T B 2 [A]

il

SRR SCERAB AR AR B RN B ) = e AR A OV IE =, fiE
FHBEAL B kBB SR i) 7 sRM & B = Je 2., e AhId % FE AR SE RE i O] (soft
rules) ZwidHIARbric = o2, H R NA F B AS /KT 1 FOL BE .

ORI ER AL, X T = n A, SCERA AL ComplEx, —Jtdl
PIEAE P LE BT ES R TR0, a2 280N groundings 1 EUH,
X EKH T-norm fuzzy logics, MBS TH = BEEEZEAE.

PARZET: v LA T embedding FR7s Kt E AR C A AR AR IC A = u i “ B
B” 5 Wl PAETHN groundings [ FLAE K THE = o 5L bR FE,  EPERARES
(soft label) . XEA XA FALN ZFEUT, HRB 2SS groundings
NENBEE AN 5.

Embedding /2 1E: 53] 7 ARARC = u AR Ja, LRSS ERid =t
H, AU TSI
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I 2019 N T8 ReR R
IRt T

SCEE ) BESLIOAT 55 R AR e % R TN s SR A T FB15K Al YAGO37.
SCU S5 AN T R, WL W, RUGE HILLIELL kS AT I as . &
QURTHELE T 52t T8RN, I AT DD A8 437 s R R R 5 ST RS A A — 3%
[ P 58 T, 2 2R O v 255 1) = R AR B A T A A 328 1 T 2 51 1) 43 A S0k

N

FBISK YAGO37
HITS@N HITS@N

Method MRR MED 1 3 5 10 MRR MED 1 3 5 10

TransE 0.400 4.0 0.246 0.495 0.576 0.662 0.303 13.0 0.218 0.336 0.387 0.475
DistMult 0.644 1.0 0.532 0.730 0.769 0.812 0.365 6.0 0.262 0411 0.493 0.575
HolE 0.600 2.0 0.485 0.673 0.722 0.779 0.380 7.0 0.288 0.420 0.479 0.551
ComplEx 0.690 1.0 0.598 0.756 0.793 0.837 0.417 4.0 0.320 0.471 0.533 0.603
PTransE 0.679 1.0 0.565 0.768 0.810 0.855 0.403 9.0 0.339 0.444 0.473 0.506
KALE 0.523 2.0 0.383 0.616 0.683 0.762 0.321 9.0 0.215 0.372 0.438 0522
RUGE 0.768 1.0 0.703 0.815 0.836 0.865 0.431 4.0 0.340 0.482 0.541 0.603

W3 H: Variational Reasoning for Question Answering with Knowledge Graph
NS H e T R T A 1) AR AR

WX AE#: Yuyu Zhang, Hanjun Dai, Zornitsa Kozareva, Alexander J. Smola, and Le

Song

W H AL Proceedings of the AAAI Conference on Artificial Intelligence. 2018
(AAAI'18) .

WICHbAE: https://arxiv.org/abs/1709.04071v1
B 7 i) i«

A 23 1 R P T 1) 5 2 B A T SURRAIT (0 7592, XM 538 A 0 T gk
SR MR RZERIE, RE R I ERIEEA R B R & .
FOVE ST DA MR R P 0 Hr il i e A i R A5 21 o SR T A% e AR 3 11 SR AT ) R
TR R & AR — S5 BhR, ndkT El A A HRESRIC— S8 B I A5 02, X0
PR T 5 2 kA BE R B S W TC % [m1 3 5 EASERR i3 55 oh F P B AN T g
e 3 T 1 YR e T SR m S P T AN TR, ARMER DR AN AAE —E 1Y
WEFS o EHATIE SRR, ) A SRR ME B v B A DL G 2 R % B A
BESCE R T i 1 i 0 R R () AR TR SR A ok LA A ) i
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KT -
AR
WX T SHEFEMLZ (VRN , B NPy 8 I AR SRR ]
m) ) HR Y SEAR (45 2 B 1 Hr RS SEAAGR: ) B R SEAR R SR ), X TR SURAT
WoRMRZE ., BARMNE, Biha) (RETEEEE A B n &, SR H Al
softmax £ 028, PATHE in) ) v iR SEAR PR E R

’ > Pa, (¥1g)
I \ 4
| I fent(@)
| m I I product
: :-- . (o= = = = Sy I
) Aargmax Py, (aly, q)
I The actor of Lost Christmas | Classifier | 8.
| also starred in which 1
\ movies? / orid)
~ e owmowm T - -

[ 25 IR RN BT B AEOEARHERE, HAHEREAUR B > ok 45 7€ query A1
SRy, A AR MR TR B 5 a. SCEE SR query I F 4
P02 i F i) B g, SRR NSEEAA y I R DB ) AH AT SE AR T R R A 5, TR
HEHERARG, o B Pk s AR A B

written_by — y _ Chopper Embedding
directed_by - . Propagation
~ -
has_genre P L ~ >
s ~
Andrew V3 N
Dominik B\ cime
[ ]
N
/ S s\
/ ~ ’ ’ \
m* ‘e < =
°
The Assassination Killing Them Softly Brown's Requiem

W4 R

SLIG 45 R RAE Vanilla, NTM Al Audio B854 R, SE IR #R AL 5
1 QA R4, [FINAEREMEIE PR N EE. Hd, fECEHRAMN
KBQA ##fitk MetaQA FAHELX BRI SRFHEUN I &L, JE R R 2 BhHE R
W Sah, EREME R E S, VISR RSR, DGR ARG e briE
If 1) topicentity &S T, #H B KIS
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NTM-EU NTM-EU NTM-EU Audio-EU Audio-EU  Audio-EU

1-hop 2-hop 3-hop 1-hop 2-hop 3-hop
VRN 81.3 69.7 38.0 37.0 24.6 21.1
Bordes et al. [22]’s QA system 32.5 32.3 25.3 18.5 19.3 15.3
KV-MemNN 33.9 8.7 10.2 4.3 7.0 15.3
Supervised embedding 16.1 22.8 24.2 4.1 6.1 121

Vanilla Vanilla Vanilla Vanilla-EU Vanilla-EU  Vanilla-EU

1-hop  2-hop  3-hop 1-hop 2-hop 3-hop
VRN 97.5 89.9 62.5 82.0 75.6 38.3
Bordes et al. [22]'s QA system  95.7 81.8 28.4 39.5 38.3 26.9
KV-MemNN 95.8 25.1 10.1 35.8 10.3 10.5
Supervised embedding 54.4 29.1 28.9 18.1 23.2 25.3

WICB H: TorusE: Knowledge Graph Embedding on a Lie Group
S E . TorusE:  — i -2 IRHE I AR BT R AN R 7R 22 2

WX AE#: Yuyu Zhang, Hanjun Dai, Zornitsa Kozareva, Alexander J. Smola, and Le
Song

W H AL . Proceedings of the AAAI Conference on Artificial Intelligence. 2018
(AAAI'18)

WL

https://www.aaai.org/ocs/index.php/ AAAI/AAAIL8/paper/viewPDFInterstitial/16227/
15885

BIF i

SR VS EVF 2 N TR BeAT 55 by i B A € Rl o e H— =
TR (h,r ©) SKRFTR AR N T IR ENRRLER % 2R, 8% RS
[ R R, Bl TransE AL, SR1 TransE [ 15 U 249 3R £ 30 4 S AR 1) ) B 2R 7E
—ANERIE b, TS AT A SR AR B JE Y .
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KT -
X Fh TP & 3 £ B SR () S R TN A HER 1 . DL BRI, ik 5 R ok
&1, AB,CMA' B, C'F/RIME, XHF(C,r,CF(B, r,B)WIEMZ K FHAL H A5
e A B R FE .

I SIWsRES

SCEHEH ) TorusE 175 2848l TransE JEAG M1 40 H A ATEMIT . SRy 7 85 k-
IR TE R TH R B JE - TorusE ASFRRFRHIE 2% 2] 2l — ML (open manifold)
IR A5 T]], A& AE %45 H) (compactspace) b2 >3] HIREHE RN R R . AT LA
UEWY, BEARRERT LA A2 TransE 3808 FIOCAL HARFI LI 44, BV HR A A5 18] 9 AT
TR 22 18], 6 2 BT DURBEIE BT, RS S i HL REWS & SO B s 8. 1EW 1T
B TURBRR SN T R TER G, CEME T — A S 20 B~ (6]
TR 710 BN EE R B e dd,, , dy,, dep,. L AAE IR R EIE
TNo

Definition 2 An n-dimensional torus T" is a quotient space,

R"/ ~= {[x]lx € R"} = {{y € Ry ~ x}|¥ € R"}, where ~ is

an equivalence relation and y ~ x if and only if y — x € Z".

e d,: A distance function dy, on 7" is derived from
the L; norm of the original vector space by defining
dp, ([x].[y]) = minge yyepexpy I = ¥l i

e di,: A distance function dyz, on T” is derived from ;
the L, norm/of the original vector space by defining
dL:([x]" [yD= 'nint.r’.‘\")elxlx[_\'] [ = yll-

® d.,: T" can be embedded on C" by g. A distance func- 7
tion d,z, on T" is derived from the L, norm of the C" by
defining d,.,([x], [y]) = lle(Ix]) - g(yDlz-

FUF TransE ZER™ EIMEAL HArh + 7 = t, TorusE ZET™ ERJEE[R] + [r] =
[€], FEARHE PR 28 R B AN 5] 2 SC=ANW L VP2 B8 LA 2 4T TorusE BAL
B CEHED , #ikFRERRKER r, ST =J04(A, r,A)F(B, r,B'), WLEZ#&
AT G, BAMITLAERI[A'] — [A]5][B'] — [BIFEIRIAZE 18] L& AR .

WHTE R

SCEAEFAZ R RN BT R PENERTIN _FR TorusE F1 TransE #EAT X}
bt szigsh R W], TorusE B4 LL TransE BRI, WEW T TorusE BA
FARAITH S 2 o AR BT AAE S5 F, TorusE Bt 244 et AR AT B3 B 1
(TR .
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WN18 FB15K
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Figure 4: Calculation time of TorusE and TransE on WNI18 and FB15K

WNI8 FB15K
MRR HITS@ MRR HITS@

Model Filtered Raw 1 3 10 Filtered Raw 1 3 10
TransE 0397 0306 0040 0.745 0923 0414 0235 0247 0.534 0.688
TransR 0.605 0427 0335 0.876 0940 0346 0.198 0.218 0404 0.582
RESCAL  0.890 0.603 0.842 0.904 0928 0354 0.189 0.235 0409 0.587
DistMult 0.822 0532 0728 0914 0936 0.654 0242 0546 0.733 0.824
ComplEx  0.941 0.587 0936 0945 0947 0692 0242 0599 0.759 0.840
TorusE 0.947 0.619 0943 0.950 0954 0.733 0.256 0.674 0.771 0.832

WICBH: Commonsense Knowledge Aware Conversation Generation with Graph

Attention
WS - FE T B B ) 1R R RN 16 A K

WX {E# : Hao Zhou, Tom Young, Minlie Huang, Haizhou Zhao, Jingfang Xu,
Xiaoyan Zhu

W H4b: Proceedings of the Twenty-Seventh International Joint Conference on

Artificial Intelligence
WAL https://wwwe.ijcai.org/proceedings/2018/0643.pdf
Tt 50 i) L

SCEE EATIT 1T R R AR PR T ROS TR A R . BAROR L, 1% 17
I Ny R R R R AT sk ) il ), R A Jl— N4 B TR SRS Y
EIE(EVSE
IIFWIRES

BARRAL, XTI R, SCRESE AR 2 D IR PR PR R A
LRIV, 98 Ja 2 A B R L B AT g, R R LA AT B 52
THESUE R, M5 ) 22 0 S0 4 R 1)l $2FOKR, fEIR R A st A,
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R
T BN R 2 2 A 50 R ] DL BN A i R = e, s sh S R =
FINLERARATE F) B A i

Wlz - ilm

Dynamic Graph Knuwledge
Aware
Knowledge Generator

Graph
Decoder

Encoder

N N

Knowledge

Static Graph | Interpreter
Attention

T1Ta - Ty

HARM, BAR LIy 3 ANEEMED, oalin . (D JRE s, X
Al AR IS AE LA e B A X — 3R o BB I 5N BEAS HLRD L A R ), SRS
S0 ELTR] 1) S o RHTR AR 2% 2330 IR R A BRI AR D S SR, VBN H IR
WERRRE; (2 ESEESA, dSRER PR DS S R fE 4
fI—#B7, e IO R B FR IR gt — R IE A (3) FRBA: s
HEISEER T, XA A S BRI FIR B AR E BT = oo, H
KA B 1 1R

WHFtai R

ZWCAEH ConceptNet 1 A RAREE, F3ET reddit b — ] —2Z )
SHEBAE, M 7 RS ESEEE . BT80S H s 2 IR AR A TE = FE R
FAER, AT AR ENR R 1A JR = ol M R e R i .

WSO B BTSRRI VA R o 75325 R B 5o A B R R IEEA T VR A, FHRae X
T Seq2Seq. MemNet il CopyNet — iR i RIHEAT X Lk . S AHF AL 4E RE W,
KRS R FEN ITIE T, HREL LA R R R IR . Ak, 1%
WL T RGBT, %o T — AN BRI I8, A G 18 SCRIRE Y T DA il A
SEMEFEEMRL.

125



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

I 2019 N T8 ReR R

W H: That’s Interesting, Tell Me More! Finding Descriptive Support Passages
for Knowledge Graph Relationships

HscR H : FNR RS O R IR IR M BOE B R

WCAE#: Sumit Bhatia, Purusharth Dwivedi, Avneet Kaur.

W HAb: Proceedings of the International Semantic Web Conference 2018
wICHbE:  https://link.springer.com/chapter/10.1007/978-3-030-00671-6_15
Aff 7T 1) 2«

AR, KRB H a8 2, HATSErE Oy — Mo S8 i L
SCEERIE FEUNAAT A SCASTE AR, R DR SRR P 1 = e 413 3k SCRF BT AT 3 FH P 6
RHR T PR A5 AR T 335 B LA B I A A TR B

I WIWIRES

SRR T MR TR RS AN Bk iR TR E =oAL R o Sl A
FI AT, R = a2l 1Sk SEAk . 815 R SER =N k., mr R
R FARBER IR 0 BUTE 1R Sk SeAR S BUR FIA TH1E . BURSiR R S ik =B 1)
FeRlo 25, BT kSR 5IE. BRIl —AEEARAA R, T BURX
L FRI SR oK, K F A MR AR SRR v 25 58 BOR IR 1 55 3R] B 1 3 AR o

N T FRBIE p IR RIE w IR, SCER TR SRR AT, Rl
JE=EANRRAER, DHRBIEE R SRR RMEGR R K BIER R E
w HAE p RIS SO ER RE w fE p PrER SO o I BLRIER,
111 A2 R B A A P A IA] RAR ARSI A I B R I AR A ) s SR DR 35 S8 A 3L
AR, S THERIESHEY, 56 8aRIUEHE I IDF L. CEMEH
SRR FE L E =AM, HEIEI T .

> ount(w,p) + 1

Passage Evidence: P(w|f,) = M
lp| + V]

count(w,d) + 1

Document Evidence: P(w|0;) = T V]
C

count(w, ¢)

IC]|

Collection Evidence: P(w|,.) =
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KT -
B ZARER BRI, 1592 BV i sa] FE R, B R T Bl 75 21 BOK
R = e INE R . B & NS = Jo 6 P A (5 3k BR VR AR Y % L R i AT HE -

3 E M WikiData H1#4idE T 50 A = oA B AR = oL, LL Wikipedia /£ 4
SOARTERL, A=k TIER R w5 N BIEE NS R, R
3 BHARTEN N 45 AT VT o YPIN 73 N =G5, o e iz B s 5 = e A R
HAY FA AR AR

Evaluator 1 Evaluator 2 Evaluator 3 Final

non-relevant 406 438 - 449
partially-relevant 41 11 43 12
relevant 248 246 2008 234

X287, AERAR A ) = e gt AT AR PR . R SE BRI, R
I AR b T2 28 7 1A B g o, HEA S — B ERI R M 0.251 125 3
7 0.860.

P@l Precision MRR

Inf. Niw 0251 @156 @272
Inf. Niw + Rel. Exp. 0165 0038 (0.144
Proposed Approach 0860  0.727  0.805

W E: HighLife: Higher-arity Fact Harvesting

FhSc i . HighLife: =k B SE kL

WIAE#: Patrick Ernst, Amy Siu, Gerhard Weikum

W HAb: Proceedings of the 2018 World Wide Web Conference
WICHuAE:  https://dl.acm.org/citation.cfm?id=3186000

T 5% i)

AT )RR BT 5 3 ZEORE e se 3, RPN SR Z [5G &R o SR AESE
e, JRAMEAER B8 = o Rk RE R EMEI KRR, XM i< R aE%
RSB RIE — D FHSC. LEINAE BT AU, BAT 75 ZERE — Rh 2 iR )7 Wk —
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ImwAIE%E@ﬁ%

PRI, TX A2 it A IR A A4 B S GE SR SR R 8 (B, ) LB G
RN o IRRSCESEH T — MR P IREGRBY SEF 7%, B Tm i R R
B, N—SER T ERE K. — IO TR S A B, R o SRR 25 K DL
RATREZ RS, 73— 7N 7 IREdER A, Wit 7 — M T2 R HE R T vAk
FERE ORI . EE A KSR R T P F LA SR P RRIEAE S, A
AR . flan, — AR DR — R g, — R, A
TGRSR 29 HF AT H bR ANHE, S SR BP0 « 108 SCE R iR A
> A SRHE P B REAR i A B 8 00 73 W00 5 3] 10 55 512 o o { AT R SR AN g
V7] SCF R SEBGIE B 1 XA R B AT AT A

I WIWIRES

X R RIHESR A% 1Y HighLife, HHPUEE 4pk. 8 Je il Fp 2R se i oric fe
M2 R 27 ST, o X S BAROR SRR 1 2 552, FFE AU EE D IR, PRIE A [B] 3K
BETTRE LN Iy R B E =B B O 7ESELm A IR FER, XA 55E 5
5% 3N N AREEAS (2o TR, AR 5o Y 200 SROHE B RV B R B ki 52
Kok T MaxSat (HEHERY R SH b 0L B, T LU ISR 24 SRR 52 ]
I o P50 P SR 1 SR SR RS Gl (AN 2 548D

T RS TR A AT 8 A SCREAE T R A R A L 4y AT T
SEHG . H HighLife #4784 K HARRIANTE SUA O bniE B2 3T X LE, 45 R R W]
Highlife #78 & 248 T 26 1 SRL J7vk, #E—25#7 1 Highlife #8078 AN 400
e BRI, RIAE B U AR BE AT
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IR

4.5 MR TIEEHHR

TP AR AR NN AT FUS 1R S g, BRI LA
J3 T :

® TUEETZ BN T KIS

SR BT AL R 00 22 R B RE U AL O T —, I AESR R TG
B SR SRR F RIS IBT T AN, ImIL 7 — e 58 BRSO T 0
BRIV, Blin: fEEEY & (SR ) B, Learning to Bootstrap for
Entity Set Expansion {8 F Z¢ R i i 48 2 S 1) booststrap 7154 &3 It 1 5K
AR VAR E N, JEHRAE S 70 2R S A5 I [FI i Ak _E . HiExpan:
Task-Guided Taxonomy Construction by Hierarchical Tree Expansion $2& H —/N %111
IrRAR R EHESE, AR 95 B o0 R AU, A — AN/ N B R AL G R
B, BT R R ROORY R AN I E B LN R R . FewRel 2.0:
Towards More Challenging Few-Shot Relation Classification #&H: T /b k2% >4 55,
I BT D REE ST, RERE R MO AT EiH e B A R, 45 G R R A
WD BEIIGFEA, SEPPIEIER > . COMET: Commonsense Transformers for
Automatic Knowledge Graph Construction &t % iR Transformer 2244, ¥ GPT-2
LR F B SR RREIEMS G, FI G MMOC R, R ERIRAEYBGE 515
A, NI AR BGRT B R0 R R e AT n 20 5h 5~ vh

® TR P I TR A R T AR A

RGN SR Z TR, SR G P R B A2 B ot , Ferh AT
F 58S 3 T7E T AR BR AR U7 12, AT (5 FH S &0 Jo A 555 B Al T oo 4
5. Multi-Hop Knowledge Graph Reasoning with Reward Shaping +2 %% T2 Bk
HEFR A R () 25 538, FE T omA s 19 TR AR AR BT B HER AT, DASRAS ) el
) 1E #h 2& % . Learning Attention-based Embeddings for Relation Prediction in
Knowledge Graphs &t —Fh 2% T3 & JI LI AR AE RN 5125, SREN S 413/ Y
PRI SRR RAFAE, SIARRBERMZECR, AREET 73T 2 B ) A0
P k4 [ 255 Iteratively Learning Embeddings and Rules for Knowledge Graph
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I 2019 N CEREKREIRSE
Reasoning fff 5T 4 el 25 AR AT F1 IR R 7R 22 S RIFU 2 =], $2 A1) IterE BEAY AT LA
I 2 >0 0] SKCE A B SE AR R R 2 3T, 1R T B T A D) 7 0 VB 42 T AR

© LRI PRI PR AR AR ] 25

B RR ERE AR NG B 9I N B R Gerb ] DUA RO g At Gty R 4
FAERIRREL AN R B 1R R, 3 J LR S R EWT FTE N A R AR . B B AR
FZE P4, BIVE R IHLHSF SR BBETE, kT BRI R R AR B
FEIRIAOR , FENHERE R G ml g R EER At T 35 B KGAT: Knowledge Graph
Attention Network for Recommendation F1J F 1R i i b Z R G &R, IR T
— > B ) B VE R LR R, TR S R G RIEE ). AKUPM:
Attention-Enhanced Knowledge-Aware User Preference Model for Recommendation
A VR U, A R R R 0 P BEAT A, BT T HEE R GHIACR
Reinforcement Knowledge Graph Reasoning for Explainable Recommendation 454
S5 S FRIE SRR R R P U5 PR S B0 HE A 45 R AU MRE o ARl 1) 25 5 1D, LA
IO A2 RS B TR SCAR SRR D R, (H SR B 3E R 2 A (Out-of-
Vocabulary) [ia], BAMEAEMELVERG@ER) . AESERRIE, Mma/-f—Lw
I 5 B A . B HE B A] i 51 & . Commonsense Knowledge Aware Conversation
Generation with Graph #& H —F 3 -5 TR0 1R B 5 15578 CCM SR B g 6 1iF
PAEERFEE HaEmEE.
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FARIE S 408 <7F

5 BARIBE

5.1 BRESAEHZ

HRTE 5 RIRDOE . Jeif, KBS NTHE MG S, AR R
ARG S, MARNERES, ER—RARFAIEFNEE T, BHEwk,
HRTE 5 R NSRS 2 R, X T ke e scih s s A LGS . %8
NP S B VA & SO sGE BRI AR (AR & B kR 1 80% Lk E. ml
THEHUN TS, #Egeih, AT ma0s 10%, M el A 2] 5%,
Ak 85% A4 S Tl & U IS B AL B

ACERAL SRR Fedl. AR . BB S AR, R ENLY AR
B, & CEERATARE, WXy, W, AL REORAL Rl R0
Srtrs B AR REERHRAEAIN T . SEIL LA BAE BASH, R N LR EE. THE
PURFAANE 5 2 B3 [m] 50y B0 B Sim) . H AR 5 A0 31 1) FA R IR XML as
BIVE. SCARE . SORD R SCRES . HEREME, ES S MG BEEIRE. wT
LA, BRI SAE w2 2 LB B MG S, BAE S B KA
P2, EL30 HAAE 5 B B ARE SR . BOMES B TR TSN Re a8 T B R
B E SRR, BRE S A RN TR RELL B RTE 5 ORRKRIE G EME K.

BT | AT | AR [ BT [ AT

B 5-1 BRESERERX
HRTE 5 B — DR R R, T2 1R 5 50K DN
HAER, ATCVE G RIS 5 A S MR, AR IR B TE & i Wik
Brs ARE T 15 S ATEE R A

© EE TR EAE RN, W ETE A LS R, R
TR AS MR H 545 KBRS MR 7

o B RRMIICI S NAE, NI E S A
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ImwAI%%E@ﬁ%
® LT A A FE ST 00T, H S B A RS E
KALLLZ AR RIER.

® iE (MR IR X AR A GRS NTE T S TR AL
EPET

® BT S B AL I AN TSR 18 5 A6 A 3 Bl A AR

FEN T R U B 2 1 & 15 S A B AU o, 538 A1 1 3 A DR B Rl
LA TSR SRR A B RE S, BRI RIARHER LA T Lok

B WAL HLERAREIE [\ SO s I X il R
B SO, WU RN RSO R
B R WL AR R AR ) R SR SN SO
00, B, WLBSLAIERhE R R E A
5.2 BRIEEHIER L RHE
AR B AR R SR 8 5 S0 BRI A R AR — ]

AESEERE, R EEEERMWE A FE AR A2 o (A, AR E JRTE 5 AL B K
JEPIRERT T ATV I 3 1 A B ARTE 5 AL PRI — AR A I

1]

B Uy ik
BTG5

B R
Ze50¥ W7k
TR 5k

B 52 BRIEE LARME

132



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!
ARV AT a

1950 FER M 7 F AN “ERMB” , KB u2 BRIE S L HE
I o, 20 20 50 FACE] 70 AN E JRTE 5 AL B I EER AT U A 775,
WA AT B ARE 5 A B B AR A N 2R STA S — T 11 5 I 1R 2 2R B,
JIT LUK & BRI IE G323 AN WL SR HEAT W 7T, SX IS B0 [ 281 = AL PR B AE PR
SO B, DA T 75 AR o AR B TR0 (14 77 32 AR A m] e ) ke
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o<, MATTRAE TGk, R TEH R 2 70%52 71 21 90%. £
K= B, BRGSO T HOERRRI G o (0 7 RS T SEPE R TRBE, IASE
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T U6 51 NBRTE % I R A B AR 15 5 AL FEAE 7, P e w] (193] ) & 1) 2013 41
word2vec, FIRE 2] 5 BB S B AHE 7R, HRENLES R, 2
ARG, PISEFRSESURIE T . IWEE IR ZERMEMLSE, Wi
NEIFIR G I 1B J7 AR Bt A A AT B 5t o M N 34 H Al 2 RN o 0560
N Bl O AR A0, IR IR — AR N, RIAT AT AR AT 55
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o - E 23 1368 59 32
HE-InEXR 19 307 16 35
H -7 15 124 8 30
r -3 KR 8 120 15 20
Hh - SR 2 8 101 13 9

M EREIETLVE H, RGNS ol %, B B0RES e, R
Hh 36 H)FE H ARTE B AL B AU A AR 2 BT sk, E S RGNS EIER T, 1
10 LEERABRFIEGEIS 3 %; HESHESIFRRSCRRAANERZ,
BT B e AT 22 51 B DAE SR & B R EDSRE 2 1 B /KT

5.4 IS N fRIE

A AR B AT AR VAR SCHATIZ I, X 28 21/ 2018-2019
FRIF AR T WA

Annual Meeting of the Association for Computational Linguistics

Conference on Empirical Methods in Natural Language Processing

FRATTXF AT S ) A AT 4347, Geih A0 Top20 [, AR iA
FUE R AGE A = B, W FERTR. i, LS B3 (neural machine
translation) . ial#x A (word embeddings) . %#fi#E (datasets) &< o 4
HIF S AR

domain adaptation

reading comprehension
word embeddings e P

multi-task learning adversarial training

perplexity question answering

reinforcement learning

language model

natural language inference re|ation extraction
datasets multimodal

dialogue semantic parsing

named entity recognition
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W H: BERT: Pre-training of Deep Bidirectional Transformers for Language

Understanding
O H . BERT: 1 5 FRAR BIR)Z X ) e 4 2% 1 Tt )11 25
W AE# . Jacob Devlin Ming-Wei Chang Kenton Lee Kristina Toutanova

1w HAb: In Proceedings of the 2019 Annual Conference of the North American

Chapter of the Association for Computational Linguistics.

WICHBAE:  https://arxiv.org/abs/1810.04805
B 5 17 S«

CE AR ) E S s R BERT(Bidirectional Encoder Representations
from Transformers) , IS T SUE B ARRIC SCA S AN ZRiR 2 X0 0 R
B, RfE— MO HE, ST DU TR ZR A g AT R 4, 7EAN Rs S0 R e
RS IR R G BAT R BB ATIR T, 12 RS F AT LS.

WFFC N 2 -

AL BT GR AN L P 2B 8K EFNZRRT B XA RN ZRAE 55 B AR bic
B AT ISR . ERUABT B, E e TNZRSEIa6 L BERT B8, A5, fEH]
K B R IEAE S5 BIAR C B X B 2 S E0EAT 0A .

BERT & — AN % I [ Transformer, i AALE =AY, 4 B Jyia A &
A 0 T LR A0 BL LR, 768040 F B 36 [CLSTRI[SEP]
RO 0 A TR P2 W ) TR A 5

SCEE AR PR C BT S5 R T4 BERT, 452 B #cil =47 (Masked
Language Model, MLM) F1 R fiilli#:7 (Next Sentence Prediction, NSP) : MLM
AL R iR Ul P A ] SR i LA TR R ST B A R I R . AESESS I E
KE) 15% I 4 ML W o (E& X AR U ZR VA BT BB, B Al A 24 T S
bR d:, HATRETINZRP B S oM B —8. B, X 5eloe A T =F
AePETT: 80%M[MASK] B e, 10%MIBENLAIAE B e, 5341 100 AL .
NSP A5 1 8 s B 0] ) 1 7] 50 SR BB RS 0, I ZR ik #E A% AB 7,
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B 5 50%IMER B A2 A B R —F), 50%HIMERARE A T —4a). TRIIZiER
1§ F§ BooksCorpus FHJE 18 4k 3 1 BHE) A B 7%

oms () o)) (o)) ) () ) ) )
Token
melﬂ!.“.ll.".“.l!lﬂ.l.l

Segment

Embeddings
Position
Embeddings

Figure 2: BERT input representation. The input embeddings are the sum of the token embeddings, the segmenta-
tion embeddings and the position embeddings.

BERFLURIEE T 11 N EARE S TS ERIRCR, B General Language
Understanding Evaluation(GLUE) & #E A4 H 1) 8 Wi vFill . SQUAD 1.1 F1 SQUAD
2.0 i B AR B 4E AN Situations With Adversarial Generations (SWAG) %4
. BERT @M T 347775, NERER T GLUE LRI HLES

System MNLI-(m/mm) QQP  QNLI SST-2  ColA STS-B MRPC RTE  Average
392k 363k | 108k 67k 85k 57k 35k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 350 810 860 617 74.0
BiLSTM+ELMo+Atin | 76.4/76.1 648 | 798 904 360 < 733 849 < 56.8 71.0
OpenAl GPT 82.1/814 703 874 913 454/ 800 823 560 75
BERTpase 84.6/83.4 712 905 935 52 85.8 889  66.4 79.6
[BERT arce | 86.7/85.9 721 927 949 605 865 893 701 82.1

Table 1: GLUE Test results, scored by the evaluation server (https://gluebenchmark. com/leaderboard).
The number below each task denotes the number of training examples. The “Average” column is slightly different
than the official GLUE score, since we exclude the problematic WNLI set.* BERT and OpenAl GPT are single-
model, single task. F1 scores are reported for QQP and MRPC, Spearman correlations are reported for STS-B, and
accuracy scores are reported for the other tasks. We exclude entries that use BERT as one of their components.

EHR K BERT BAAE 11 W H SRE 5 A BAESS EHUS T 5ok RUR «
H i 5 A B 2 S SR IR BUR SO R, FE . BB B 2
S B AR R G A SR 53 o Rl i, R BEUR B = A 55t n] LA J2 1) B )
BER AR . S E BT PR SR I BIRZ X R S, VR A
(5 A T SR AR B Ty b 3 F )72 9 NLP AT %%

WICHEE: Semi-Supervised Learning for Neural Machine Translation

RO H - APERALAR R A 2 B S S AL
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W AE#: Yong Cheng, Wei Xu, Zhongjun He, Wei He, Hua Wu, Maosong Sun and
Yang Liu

W 3 1 4k . Proceedings of the 54th Annual Meeting of the Association for

Computational Linguistics

WICHHE:  https://link.springer.com/chapter/10.1007/978-981-32-9748-7_3
BifF 9T 1n) S

MTAESRE, i 3] S 4 22 A1 2% 80 % (neural machine translation, NMT) B3 7 & 2 1)
B, B NMT REMUKSEIFATIERERIT S8 BT FAT R SR
5 5 ANV 15 Y0 Rl S5 07 T AR AE — € IR SR BR A, DG 2 X B R AR B B S 5 o
JIT LA FH SRR P SRR s I 2% LA B0 PR R PR R AR A AR W 51 70 T o SCE A2
BT = B R TE RIS NMT A8 O AR R — > A Yt 35 25
FAETRRLERE, Y- B ARAT H AR-UR 50 73 50 78 A b SR A d . %07 1%
AUR] DA F E bR 1 8 B TR R B T HLIE R DA PR 1) BB TR

WEFE A2 :

5T, R R A e g 509 £ B A (R R 0w Sk AR - 285
il VR SV B RIS, WP A HEAT BN (T B e i Sk D, AR 2 H
P R R A i WL 5 38 ) H B )

! !

| bushiyu shalong juxing le huitan l X Bush held a talk with Sharon ] y
decoder ZLT P(x’!y: {0_1 decoder ir P(y’|x: ?‘}
| Bush held a talk with Sharon | ¥ | bushiyu shalong juxing le huitan | X
ﬁ P(y|x:_|9}] ﬂ P{x|y:{§}
| bushiyu shalong juxing le huitan | b4 | Bush held a talk with Sharon | Y
(a) (b)

Figure 1: Examples of (a) source autoencoder and (b) target autoencoder on monolingual corpora. Our
idea is to leverage autoencoders to exploit monolingual corpora for NMT. In a source autoencoder, the
source-to-target model P(y|x; @) serves ESMRIEHEOMEE to transform the observed source sentence x
into a latent target sentence y (highlighted in grey), from which the target-to-source model P(x|y; 4fi_'}
reconstructs a copy of the observed source sentence x' from the latent target sentence. As a result,
monolingual corpora can be combined with parallel corpora to train bidirectional NMT models in a
semi-supervised setting.
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X SR RA], y 2 Bira), v REEMKERANEIA. R, K
Ghdas AR

P(X|x:7.7)
Z P(x,y|x; F)

Z P(y|x ?) P |y F) .

encoder  decoder

W1 T B sh g & [ 0 X SR 2] H A B ARBRKBAL, B AR B 28 2R
FFAT VERL AT B TR TRREEE 45 oK, £E 1 B PR Hh 22 21 0 NMT SR

FATHEEYE: D = {(<" 3"}
HFris S HRERE: T = (y9h_,
FESRIERE: S ={x5}5_,;
VIERGIEE 8 SR

J{_E".‘F)

N
= Z log P(y"™|x™. ?)

n=1
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N
+ Z log P(x{™)|y(m. F)

n=1

target —m—saujr e likelihood
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—
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HER /NI R B LS R RS AT A . G/ S50 F TR

01(0.9)
P
_ i dlog P(y™ |x(“);§.}
n=1 H_g’
T dlog P(y'|y"):; 7. F}
+M —
=1 08
S - . —
Alog P(x'[x'*); b0 )
+Aa - .
; 90

58 N <17 7 1 <107 L 7 e o 1D N Y 3 A e L 1)
THHEWITE, 46/ y R R0 HE ) 5PERx ), BHx () fEikH

PERHT top-k MENE () o

FSCEE (7R R S () SMT AT NMT J7ikidb AT LA, seat g B an R

System grg"'"? D‘“é Direction || NIST06 NISTO2 NISTO3 NISTO4 NISTOS
.| CE | 25 .60 3230 1362 3023
MOSES v E—C | 1427 18.28 15.36 1396 14.11
7= CT—E _[[ 3435 BT 57T 36 373
v | xnE—c || 2060 25.85 19.76 18.77 19.74
Yl = [ <] CE [*7 .16 3305 3463 3174
E—C | 1571 2076 16.56 16.85 15.14
C—E || 3561~ | 3878 IBILTTT | BAG T | 364
RNN
SERRCH | /| x| V| g |70+ | 2309++ | 1593+ | 1885+ | 1791+
C—E |[ 350077 | 3820777 [ 379977 | 38.16° "7 | 3607
VIV F | E—c | 210+ | 29520+ | 2049+ | 2r'som++ | 1gg7++

Table 2: Comparison with MOSES and RNNSEARCH. MOSES is a phrase-based statistical machine
translation system (Koehn et al., 2007). 'RNNSEARCH is an attention-based neural machine translation
system (Bahdanau et al., 2015). “CE” donates Chinese-English parallel corpus, “C” donates Chinese

monolingual corpus, and “E” donates English monolingual corpus. “,/" means the corpus is included in
the training data and » means not included. “NIST06” is the validation set and “NIST02-05 are test
sets. The BLEU scores are case-insensitive. “*7: significantly better than MOSES (p < 0.05); “#*™:
significantly better than MOSES (p < 0.01);"+": significantly better than RNNSEARCH (p < 0.05);

“++7: significantly better than RNNSEARCH (p < 0.01).

Method grg‘"‘"g D‘“é Direction | NISTO6 | NIST02 | NISTO3 | NISTO4 | NISTOS
- x C_E | 3410 3695 |3680 [3799 | 533
Semmiciiet ali(2015) 5 J { E—C | 1985 | 2883 | 2061 |2054 |1917
U [ [ C—F |56 [ 3787 | 383~ [ 349" | 365"
s work E—C | 1759 |2399 |1895 | 1885 | 1791
C—E [ 3500~ | %20~ | 3790~ | ®.16 | %07
VIV | Emc |2u10m | 250 | 040 | 2159 | 1997

Table 3: Comparison with Sennrich et al. (2015). Both Sennrich et al. (2015) and our approach build
on top of RNNSEARCH to exploit monolingual corpora. The BLEU scores are case-insensitive. “#”:

significantly better than Sennrich et al. (2015) (p < 0.05); “##™: significantly better than Sennrich et al.

(2015) (p < 0.01).

WHtas R

SRR T M G e L R AR ) o B 51 o A O BB AR AE
R B 5T B shgittds, KAV HARAN H AR5 B RS R AT Dy g i 25 A
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. ENHE NIST Hdlde ERSEInRY], SHseitn) SMT M NMT JEiEAT,
WITIRATR TR I GE .

WIEH: Know What You Don’t Know: Unanswerable Questions for SquAD
R H - FEARBTANRITERT: £1%) SQUAD HANHT [B] 25 Y 7]

W AE#: Pranav Rajpurkar, Robin Jia, Percy Liang

1w X A& . Proceedings of the 56th Annual Meeting of the Association for
Computational Linguistics. 2018

WICHBAE:  https://arxiv.org/abs/1806.03822
Tt 50 i) /8L«

oS ER R R 4 R JEH P DATE bR SCOR Hhak B a8 ) IR A 8, (EX
TWAE LT Ul RS R R R, e M R EATB AT 5. A
HOE B BE 2 R DGR T [ (1 ) R, B A T 25 2 U0 4 1 B0 AR B AS RT [ 25 (1 1)
FWE AR . AT RANR AN R, SCEAR T AR R S £E (SQUAD) 1 Bt
HrhA——SQUAD 2.0, &5 I ) SQUAD H AT [B] 7 i) A 50000 £ 4>
HH R A AR g 55 (X DATa] 25 1) e i, G o A il D [0 25 g 1 5 [ 25 S 1]
FH BBl T/ SQUAD 2.0 FRILITELF, REAELET BRI T
[ 25 1) R, 3 B A B BT I R SO SRR, e L G ] 25 1) 7
SQUAD 2.0 #5 5 2& H ARTE & BT 55 hon A B8 ) — S Bk

I WIWIRES

HyEse: £ Daemo T~ & LM 1AV TAEN SORSS S Joik [l (1 i) il
MEFHKHE SQUAD 1.1 —BRCEMAM. T EPRENBE, THEA
R AR 5 MR RO A Tk I (1 A, [R]IN 36 22225 B b B AR S AR
et MEEINER. RS TENRER SQUAD 1.1 Fi R EHE NS,
JEEE A HE DA TR] 250 A A 6 ] 305 [ 225 ) i s A AL o

SCEEVHl 7 =R LA R B A P R SR BRI, AR AN
SIS AT T ELA 25 T A el AU AN T [ 2 TR MR o R R T
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A ] RETIE ¥2% 0] 8 TR S5 B e TS BRI IS, AR sl i R e ST B R A e RRIER T
=R BAESE (SQUAD 1.1 A1 SQUAD 2.00 EHIERIL, 4R EIR:
LR IF T (DocQA + ELMo) 7 SQUAD 2.0 5 A5 23.2 (%=
B, R R AR K B o A ]

FEPRANECHE 5 oz FTAH R AY 4844, AHLE T SQUADL.L, AREBeFn A F1
{2 BA7E SQUAD 2.0 FFK, BB LA ALK SQUAD 2.0 A& AN A )
I -

SQuAD 1.1 test | SQuAD 2.0dev | SQuAD 2.0 test

System EM Fl EM FI EM Fl

BNA 680 773 | 508 626 | 592 621
DocQA 721 810 | 619 648 | 59.3 623
DocQA + ELMo FSGISSE | 651 676 | G3ENGES
Human 823 012 | 863 89.0 | 869 895
s | 37 M 212 214 | 235 pEm

WEALE SQUAD 1.1 HdE4E R F TRIDF AR BEHLAE R T — Sk DATR 2 1)
()R, AT AR ] AR BE 4706 Ba 6 SR s (A 380D e O T 34 F& #E SQUAD
2.0 FHutE ERIEAL,  FAEY] T SQUAD 2.0 X BIAT [iF 5 B AR B AL SRk i /2 —
AN HE P Bl o

System SQuAD 1.1 + TFIDF | SQuAD 1.1 + RULEBASED | SQuAD 2.0 dev
’ EM F1 EM F1 EM F1
BNA T2.7 76.6 80.1 84.8 59.8 62.6
DocQA 75.6 79.2 80.8 84.8 61.9 64.8
DocQA + ELMo | 79.4 83.0 85.T 89.6 65.1 67.6
IR

CEAER] 7 SQUAD 2.0 2 — AN BBk . 2400 RIS ) a4k,
B AR 2 2 S A A LR — A I RELE 48 PR R TV [ ) o FRAT T 3
HAE(E, SQUAD 2.0 H 2 (2 15 i 1) S FR AR AR AL I e, T S ARE Y e 08 M At AT ]
ANFIE R RV A4, T REAE SE VR 2 X BB AARAE 5 00T
WIEE: GLUE: AMULTI-TASK BENCHMARK AND ANALYSIS PLATFORM
FOR NATURAL LANGUAGE UNDERSTANDING

FIGEH . GLUE: — NI HARE 5 B 2 AR 5 S MENNSA o #r-1 &
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WX AE#H: Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy&

Samuel R. Bowman

W AL: Proceedings of the International Conference on Learning Representations
(ICLR). 2019

WICHAE: https://arxiv.org/abs/1804.07461
B 5% )

NEIRIE S R 12 RIE M g . MLz ™, Ayl I REZ5AE
SRIE S PR (Natural Language Understanding, NLU) 7 # As & AT 45 ¥t
(1o FAT A TF K — A RElS 25 S AEA R U AT — RIVAFEIE SES W E S 1
B, B A RE RS A — PP JR IR T BT 55 SR BB AR 1 07 OR B AR N K1
WE. NTEWX—H iR, XEEI T A s E S AR (General
Language Understanding Evaluation, GLUE) F F3FAE AR EANH I BLA NLU 1F
4 ERIVERE .

I WIWIRES

NERAT T — N8 HE S EAE AL JE #E (General Language Understanding
Evaluation, GLUE), Ef&—4 NLU {155, SFEHZE RS 1H B M SCARZ
W, PLA AT, . B A RIAE LY 6« GLUE i) T ik B A AR AT:
%5 Z AL — MR 15 F AR  GLUE 38424t 17— A N ik il &L G2 ),
A LIS RS EAT VR AR 0 737

Corpus |Train| |Test| Task Metrics Domain

Single-Sentence Tasks

CoLA 8.5k 1k  acceptability Matthews corr. misc.
S5T-2 67k 1.8k  sentiment acc. Movie reviews

Similarity and Paraphrase Tasks

MRPC 3.7k 1.7k paraphrase acc./Fl news

STS-B Tk 1.4k  sentence similarity  Pearson/Spearman corr. misc.

QQP 364k 391k  paraphrase acc./F1 social QA questions
Inference Tasks

MNLI 393k 20k NLI matched acc./mismatched acc.  misc.

QNLI 105k 54k QA/NLI acc. ‘Wikipedia

RTE 2.5k 3k NLI acc. news, Wikipedia

WNLI 634 146  coreference/NLI acc. fiction books
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ARV AT

N T PFIIXAS GLUE PRAlSEE, SCEAE QLB E EIPl 1 A 7R 1)

baseline Ff LA, NRER T BIRENES RN RS ER . Btk
WSS RIRM G HE B ER PR .

SR SRR R P, AR FT A S5 1 2 AR 55 N SR LA X AT 55 5 M) 25
PR HOR G PRI, B AR R (IR RE AR WA AL )3 A A ik 2 1]

Single Sentence Similarity and Paraphrase Natural Language Inference
Model Avg CoLA SST-2 MRPC QQP STS-B MNLI QNLI RTE WNLI
Single-Task Training
BILSTM 63.9 157 859 693/794 817614 o6.0/62.8 703/70.8 757 528 65.1
+ELMo 66.4 350 90.2 69.0/80.8 B57/656 64.0/602 T729/73.4 717 501 65.1
+CoVe 64.0 145 885 734/81.4 B833/594 67.2/64.1 645/648 T54 3535 65.1
+Atmn 63.9 157 850 685/80.3 835629 59.3/558 742/738 7712 519 65.1
+Atin, ELMo 665 350 90.2 688/80.2 86.5/66.1 555/52.5 76%/76.7 767 504 65.1
+Aun, CoVe  63.2 145 885 686/79.7 84.1/60.1 57.2/536 716/71.5 745 527 65.1
Multi-Task Training
BiLSTM 64.2 11.6 82.8 T43/81.8 B4.2/625 T0.3/67.8 654/66.1 746 574 65.1
+ELMo 67.7 321 89.3 78.0/84.7 826/01.1 67.2679 703/67.8 755 574 65.1
+CoVe 62.9 185 81.9 715/787 B84.9/606 64.4/627 654/657 708 527 65.1
+Atin 63.6 18.6 83.0 762/83.9 B24/60.1 728705 676/683 743 5854 65.1
+Aun, ELMo  70.0 336 90.4 780/84.4 B84.3/63.1 74.2/72.3 74.1/745 798 589 65.1
+Atin, CoVe  63.1 83 80.7 7T18/80.0 B834/605 69.8/68.4 68.1/68.6 729 560 65.1
Pre-Trained Sentence Representation Models
CBoW 58.9 0.0 80.0 734/81.5 79.1/514 612587 560/564 721 54l 65.1
Skip-Thought  61.3 0.0 81.8 717/80.8 822/564 71.8/69.7 629/62.8 729 531 65.1
InferSent 63.9 45 85.1 74.1/81.2 8L7/59.1 759753 66.1/65.7 727 580 65.1
DisSent 62.0 49 837 74.1/81.7 BL6/595 66.1/64.8 587/59.1 739 564 65.1
GenSen 662 77 831 (766/830 E2.9/508 793792 714/713 786 592 651

WHTEs R

B, MRS ANIE AR S B AR A S HE (GLUE #:E) , B8 9 MA
TEEIS I NLU AE55. FrA RS @At B4 b, BB w1 &R
SOARSRAL . AN F R AT AS [FIHERE R % FL, L 1 AR T A
HHE LAV T G o 2P B SRS, I HaT ISR RES AL T 9
MES B ARG R )G, CEIERE T E TR Bdn sk, UUHE
RE T AR E PR LU L RO PIE B A TS . e, SRS 1A RO
= APV Y RS RPN

WICH: Linguistically-Informed Self-Attention for Semantic Role Labeling
G H - T SR bR 2 T8 B 28 B B R s 7k

W AE#E: Emma Strubell, Patrick Verga, Daniel Andor, David Weissand Andrew
McCallum

W H 4k: Proceedings of the 2018 Conference on Empirical Methods in Natural

Language Processing
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WwICHhbE:  https://www.aclweb.org/anthology/D18-1548/
B 5 1)

1B A kRYE (Semantic Role Labeling, SRL) J& — R BUSC A 3 % o 4
Ao T 5 S P 5L TR A 20 D0 2% ()18 SO (bR A IR . 20Uf8 H SCAR Y
B RHE. AT, AFACEIRH, EENTTLUE 2 SRLATS . BT, X
TR T — R T A AR E R TR S W EEE 7 inguistically-
informed self-attention, LISA) . izA0Ks 2 Sk HIEE /JHLH] (multi-head self-
attention) 5ZALS MGG, WAEFEMBHT. WPEARE . B WA A
SUA ARSI R K R TR B ME A8 S R IE A RORTH], LISA R BMY
f8 IR A6 ) token X PP A BEAT — R gAY, K RIS $hAT 2 D TRINAE S5

I WIWIRES

SCEBE T AR R T F S S AT b 2 SR AR 55 1
22 P AR R o PP R (T R I LA TN A VARG &R, IFAE 4
MHFRAES LT 724055721 P () RN wREMAZIRAZ
SER NI IR, A p JRINGREE R AL L 50T s UER . PR
FITEAIERIE LN ChRD

slothii+1)
SaW [ B-ARGO B-V B-ARGI I-ARG1 ARG
climbmg| 0 O  B-ARGD I-ARGOD B-V
gored T Foe ( Concat + FF )
poced H itnear oo Moo ] @39 @EI0EIED
onwar = MI] MGl Ml M3
( Multi-head self-attention + FF | ( Mavmul: 4,V )
: 1 : '
[ Syntactically-informed self-attention = FF | p aw
4 the
FRP VBP:PRED DT NN VBG:PRED J ' sloth
T : climbing
[ Multi-head self-attention + FF | - Alf],, Aolt] Alf] A;lt]
[ saw the sdoth  climbing sloth() (r=3) ——

HARHy, AR At 2 — A 22 Sk B R JIALHI ) token Zif, % ELMo Tl
WA 2N token KR4l &l 52 bR B0 € AL B A% 23] H NMER
K, PHEEARERA token HI R4 HIER 1R . A1EE B EE R IPLHRE
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paEE L -
B 19 key. value F1 query 338 s XEHTE S, HH key. value 73 5115 B AL
SRR R« e, He R BARZ (IS EOR TN POS R bR A ] .

SCEAE LISA BRI YA e Bt OS2 7 ik Ui, FRIATIRE R, RINALE
SE BRI Q2SI 7 IA IR ML RE (CINZLHERTR) » 24 LISAIIAH
CLTE SR AT IR R PR BE TR B IR KT (gt s » (HEFEIMA T HAr
AL D&M 8 ST LU, BAVERER 1 HBORIISETH. Gold oA T AL
ST, DRI R SE 4 1R I

Dev WSI Test Brown Test
GloVe P R F1 P R Fl P R Fl1
Heetal (2017)PoE | 81.8 | 812 815 820 834 827 69.7 705 701
He et al. (2018) 813 | 819 816 812 839 825 697 719 708

SA @[ 5352 ||8128 8239 8417 8328 8372 7298 701 7151
LISA @ { 831|139 8224 8407 .16 8361 7332 7056 7191
D&M 8459 K250 $358 8553 8445 8499 758 7354 74.66
sold | s701 ks7z ossl — 2 — — - - _

ELMo

He et al. (2018) 849 857 853 848 872 860 739 784 76.1

SA 8578 8474 85.26 86.21 8598 86.09 77.1 7561 7635

LISA 86.07 8464 8535 86.69 8642 86.55 7895 77.17 78.05
+D&M 85.83 8451 85.17 87.13 86.67 86.90 79.02 7749 7825
+Gold 88.51 86.77 &87.63 — — — — — —

Table 1 Precision, recall and F1 on the CoNLL-2005 development and test sets.
W TS5 R

SCEARH T R AT s AL, Z R AR A T FE B S SR
F T8 A AR ol I — R SERE R T LISA HOTEREAR T fe e it (B A 82
HARSIGZE R . /£ CONLL-2005SRL %4 4E 1, LISA HAYLEIE W Tl kA
155 b WS AT R I EVETE FLE Bt 7 2.5 Gl 4e%dis) 135 Ll b (3L
AR 5 B> T 4 10% [ H 1R . 7E ConLL-2012 9 A Ebric A4 b, %
JNEIRAS T 2.5F1 AHAFEF. LISA [FII LY S A S ) 2 1 B R S0 R
2177 (ELMo) it 1 1.0 19 F1 Gl B2l ) 2T 2.0 B FLAE (il
SUREAED

WICERE: OpenKiwi: An Open Source Framework for Quality Estimation
WS H : OpenKiwi: —/N T 5 & PE AR ) F YR AHESE

WX AE#: Fabio Kepler. Jonay Trenous. Marcos Treviso. Miguel Vera. Andre F.
T. Martins
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W 3L H 4b : Proceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. 2019

WICHAE: https://arxiv.org/abs/1902.08646
B 5% i)

WEAE T AT PyTorch 9 T8 ¥ it & vF il A TP IR AE 28 ——
OpenKiwio PZHESR S BRI ZOR &) 5~ R B B TPl R GE N ZRAn ek, SEIAndE
%7 WMT 2015-18 Jit EPFAL LEIRAUERIE R G SCFAE WMT2018 [P ARl 4k

(English-German SMT and NMT) ) _EX} OpenKiwi #E47 2 #EN 0. SE46 45 FE
BT, AR IR AT 55 LB T R et TR RE, AR TSRS BSeBl 7L
PG HERITERE .

W9 715

Ji3 B PEAL (Quality Estimation, QE)F2 {1 HLASEHEAN N TR 2 A B i) —
W, BARRAERA S B PRI R AR BT R S
FEFI AN FIREA) T B, andE T N5 A2 4B T A 2 A T, Bl A8 e 7R
(oS A 2. 59 00 o B VP ) B B e AL 9 P 1) L B 1] - (1) ) )
B R R SCRER AN AR TE 5 518 (5 ) Hh At R B as s 1Y) R ) 73 e o
AR . TS — A EIRRARE R B

BAD  BAD BAD  BAD 0K 0K OK 0K 0K Source tags
Saurce [Fe) [Sorpen] oot arpens] e i) ) e

\

PE | dem | Scharlzeichner ” kinnen ”i" cinzelne ” Bereiche ”£|| cinem “ Bild | scharfzeichnen IE'

NN _———

MT I Schiirfen-Werkezug [Bcrcichc |I inI einem |. Bild .| whﬂrﬁ:r“ erscheint |I|f|
BAD BAD 0K 0OK| OK OK BAD BAD OK MT tags
BAD 0K BAD 0K 0K 0K OK 0K OK OK Gap tags

X EAF R ) OpenKiwi Chttps://github. com/Unbabel/OpenKiwi) SZELFI4E Ak 1
WMT 2015-18 J5i & PP LLARISR L R G, H R VRIS I AT B A, i
TR 2 s R N B AL EE . i AR R . OpenKiwi 21 PyTorch &
JE 2 SIHESRSEL, AT DARMUZ AT B0E AP EREIHAMITNE . 4, OpenKiwi
St 7RIS WMT2018 Hdfs PN SRy, e SCRpAR I B B Il 258 QE AR
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[ AR AT a
SCEXPIZMEZEHEAT 7 HAEI G, AL T WMT 2018 i &= PPl L 3R i B dl 45
LRGN, X RGUNER R R I By, S (1 S 75 T B3] SR 25 7 T A
HEAR . CEIRIE T 73— DIA IR LE deepQuest, 7 HLiaZ AR 141y
PRI EHIRDL .

SCEAAG T —ASENLE B E VA (QED FFUEAEZL—OpenKiwi.
OpenKiwi #&7E PyTorch HsZsl 1), FE3CREAERT s Bl ZR am g a) 1 Zm)
QE A%t BEAEFRGME)TH AT HMITE TR, IF4 7 H iR
HI IR 2% QE 455K . OpenKiwi —Z A ATHIE N WMT 2019 QE HFEL R4, It
4b, BT WMT 2019 QE [ 51a] . A1) T AISCR R AT 55 B3R 2 R G # A
OpenKiwi 1 A4 2 Fe Ak

W3 H: Bridging the Gap between Training and Inference for Neural Machine

Translation
HSCR H - SR R AR TR 22 TE BT s R R U R A TS ) i
W AE#: Wen Zhang, Yang Feng, Fandong Meng, Di You, Qun Liu

& 3C H 4b : Proceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. (2019) .

WICHbE:  https://arxiv.org/abs/1906.02448
Wt S A

T2 M1 28803 (Neural Machine Translation, NMT)Z& R #5 - SCFi K~ —/Nid
MR A % H bR o TR T BB A Dy b SCHEAT T, T 2L 2B Sk
TR AN T, X2 SFBORZENI R AL, BRI ZRE R AT 55
FAE P4 A DL T 25 3 B0 AN [FE & PR B R A A 1 o B0 — i), S0
S T M BRI JT o 12O EAMU AR P A1 S B BT S, T Hod
I ZRBERY T 51 rh A B E T S, RUEH I R v S 7R AN 5 2 P i 0of AR v R
B E TR BRI AE 30— S8 SORISEAE — B (1B PR AT 25 IR S ge 45 R W, 1207 1%
A LATE 2 /N E0E 4 s 8 25 iy didk
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AR
ESSSSPAAEELELEE i .—“f.l .........................
cte] 7| ¥ (Logistic regmssion .
1-1 i-1 | classifier
l—=p’, p
P VL
ces 81—+t GRUcel
Figure 1: The architecture of our method.
B A EEPTR, 00 BARR . AU AR T4, £

Sk R, R BN R R SR H ) — N RRE AR D e v ) A5 1R R SR ) AR TR
Xt oracle ] FLEFEA PR 718, —Fho OO0 REVEAA RS Rk SE, A
FAER) Pk oracle 31 .

TEVRE R Ak HE L, FERTEID A j i, FREX j-1 B a) 25 A 20 FR0m H A 4 1]
BT 2> B N 7 PR SR, 26 T4 Er Z et i _E Gumbel noise,
H 435 B v ) v E R SNBSS Oracle Word .

R TRIER b, fAERBER, EFERTEN kK (AT, REiHES
ANE]TI) BLEU 2354, i B 2 m i A) o 1 AR O S Bra) 18 HH Bl X
—KERIFI,  SCE R om ] iR 5 5 AT T P

& EPER Oracle Word 2 F1 EAE - 4 FaEIE TR &, AR 5 48 FH 3 2R A

(Decay Sampling) FJ /5 v MW Bkt H A A 20 OB R I 25 )] o

Systems | Architecture || MTO03 | MT04 MTO05 | MTO06 | Average
Existing end-to-end NMT systems

Tu et al. (2016) Coverage 35.69 a38.0o 35.01 34.83 35.40
Shen etal. (2016) | MRT 37.41 39.87 37.45 36.80 37.88
Zhang et al. (2017) | Distortion 37.93 40.40 36.81 35.77 37.73
e ——
| Our end-to-end NMT systems
RNNsearch 37.93 40.53 36.65 35.80 37.73
+ SS-NMT 38.82 41.68 37.28 37.98 38.94
+ MIXER 38.70 40.81 37.59 38.38 38.87
this work + OR-NMT 40.40%1 | 42,6351+ | 38.87%1* | 38.44F 40.09
Transtformer 46.8Y9 A7.88 47.40 16.66 47.21
+ word oracle 47.42 48.34 47.89 47.34 A7.75
+ sentence oracle 48.31° 49407 48.72% | 48.45° 48.72

Table 1: Case-insensitive BLEU scores (%) on Zh—En translation task. 1", “t", “+" and “+" indicate statistically
significant difference (p<0.01) from RNNsearch, SS-NMT, MIXER and Transformer, respectively.

SCEENT NIST Y —¥ Y (Zh—En) 1 WMT14 J5iE - f#{E (En—De) &Y
PRATRSSHEAT TSR0, 5HRERH, MR AR 2 A4 D seiiitF.
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HRE S b
[A] i E RNNsearch #8Y fl1 Transformer #58Y FtIGF 7% 7. 450K, #Hy
VEA] DR 25 B v P R ) P

WHtas R

i 80 3 (147 NMT B 7E Yl ZRE 128 3 ) 1l AR BSOR 98, K LS sial /Ry B R
T A A AR A S T — AN SR g b SCHEATHERR . 1 ek D I R AN HE S 2 )
225, FETRIN — AN SRl SC A A 07 V20Ks 30 S B 1] | 5w FTu e S am /E
NETRSCHRION . BTN BE (R oracle i) AT DA I A 2 B A) T4
Al 512K oracle ALY, f)F-4% oracle it —3B IR T T 1ZB AL FE R IE VK &2 1) B
7o I PN T LSRN S BRBH AT 25 AR OC CARSE 127k Rk, %t
PR BEEEAT T RE NS, CEETRE, AT oracle T 538 20 1)

oracle,

W3 H: Do you know that Florence is packed with visitors?Evaluating state-of-

the-art models of speaker commitment
HSCRR H - AREDE Bk 20 5% 21 AL AT T 2 N 2 VA B o 4 0 B MR I R s A
WX AE#: Nanjiang Jiang, Marie-Catherine de Marneffe

& 3C H 4b : Proceedings of the 57th Annual Meeting of the Association for
Computational Linguistics. 2019.

Wbk https://www.aclweb.org/anthology/P19-1412/
AF 7 I 2«

B MEPEE R CIRFIE P CES TR N, BATA R ME, E
BRAR A 2 AR PR ST Ti R, FATATREM AN SIS 1. HEWT
YiThE AR (BOPR ST B SR S T3 S BORT [r) B 2 2 R B o X Ui 1 7K U
PRI, A S BT U ) 3 RO R — A R BRI RE R, RSB S PR
FRIIEFE AN SE [ o AR S E I AE R 4R B SR AR R Z2 A 5 AR O IE, ORAIR Y
B 5 ORI 2 3 B AR AR R IR R AR S B
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PEAL B LR BLA) CommitmentBank £173 1200 :%d%, ¥ K VORI &I 45
RS 1E U 28 A B3 (T 2 0] 1SS S a) . &400)). b T8480E,
M Mechanical Turk F-#£ /> 8 NEE N TEE B N AR Ui 18 & A& .

(1) Context The answerisno, no no. Not now, not ever.
Target  Ineverbelieved [ could wish anyone dead bt last night changed all that.

GEIEDNSS, Rule-besed: 3.0, Hybrid: (.50

(2) Context Revenue is estimated at $18.6 million. The maker of document image processing equipment said the state procurement
division had declared FileNet in default on its contract with the secretary of state uniform commercial code division.
Target FileMet said it doesn't believe the state has a valid basis of default and is reviewing its legal rights under the contract .

GEIEAT, Rule -based: 3.0, Hybrid: 1 .08
but said it can’t predict the outcome of the dispute.

(3) Context A: Yeah. that's crazy. B: and then you come here in the Dallas area, um,
Target  1don’t believe that people should be allowed to carry guns in their vehicled .

GO Rule-based: 3.0, Hybrid: 1.40

Table 1: Examples from the CommitmentBank, with gold scores and predictions from rule-based and hybrid
models. Embedding verbs in bold, entailment-canceling environments italicized. The gold score is the mean
annotators’ speaker commitment judgments towards the content of the complement.

SRV T PTG HE R UL AR AR A . Stanovsky 48 ASR H EE TR
17590 Rudinger &8 A\$@ i URHEE M2 5, 45 R B os 3k T N R AR R AT
Hhf, (HEARRBUINAZIRES, KJy CommitmentBank 5 HAMAT (T &5 L AHEL
FARVE AR, 2R EE &

T SR ARSI R A 1, ST AR S SRS RO AT TREAT TR A .
HriR SRR RS =TS0 IS, PR BEAT S0 o R 220 L o v 1 3R
FARENE (1), BEREKEIRCNER O, BREEAFHE (0) . 4
RN RN o ZRERAAT TR g

Precision Recall F‘_ Count
Rule Hybr. Rule Hybr | Rule [Hybr.

058 064 091 051 071 J056 251

- 0.99 067 055 020 070 (031 268
o 0.00 006 000 046 ] 0.11 37
Total 074 061 067 035 066 (041 556

Table 4: Classification performance of the models.
WA R

Y EAE CommitmentBank PPl 1 9 i St i d 5 B AR AR A . BIF TR IR,
WAIE S MR L IE T LSTM AL R BT 4, X3 W fn SR AR B IX R
FIA BRI PE I B ARTE 5 0 T P BT A AR E B TE, 1B S AR L AR b
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EE S AT
Ko ARPETE SRR IE XS AR VE BE AT 20 28 0] DU IIA K FR B A i = . AR T AR
s () BT T RIFrge, (HARMEZ AR A EE R HRES
G S a8 (ng&tEa) , Mmfe 7870 0 2o 77 19

5.5 BRIES B s MitR

ITAER, TZRE 5 EAE B OME 5 AL B AUSCH | BBk . Tl 2R gl 45
R B S AR RIS TG B ) e b AT RIS ) 1) A M e o Y R T
Zx (pre-training), $RAHEH K5 5 @M R IREE ST 2 J5 16 R H 252 b 2% B
SRR TR BRI 8, R FR AR GG S R 8 E I e 0 R AF 55 3145
S5 R A E L AR AT ST R T HEAT D VRN ZREN AT, X — B IR FRAE
i (fine tuning).

H ELMo. GPT. BERT & — &I WIZ5E 5 &4 (Pre-trained Language
Representation Model) HiELLASK, Tl 7 4a K 2 40 3 S8 TE 5 AL BRAT 55 L AT
JEILH Tl A A Y RO, R BRI 1 5GTE, 2 NLP UL 4ok
RRIIRIE 2, 2 H ARG 5 A PR AU I o o B e .

BERT (Bidirectional Encoder Representation from Transformer) & Google Al
T NAACL2019 it i) — AT ZriE S 1A, BERT MIEIHT st 1A RE
B TNZAT S5, AT AT Y BE o A TEARiE TRk b 3R A5 18 F 075 5 @ RRe ).
R S AE AT SO BRSO R b 2 g i, ANHECR .

Semi-supervised Sequence Learning
context2Vec

‘ Pre-trained seq2seq
P

ULMFiT ELMo

Multi-ingual Trans!

MultiFiT

XLM

UDify s
¥ MT-DNN

LD MASS

Knowledge (distillation UmiLM

modal
2 Vhol
nsfbrmer->
e VideoBERT
CBT ($
ViLBERT

ERNIE i
(Tsinghua) k lS';‘;g;‘ZRT ERNIE (Baidu)
BERT-wwm

MT-DNNp

SpanBERT RoBERTa .\'e\\mIth\lity linker L ;:{g(;::;_‘rl‘
S VL-BERT
EnonBert UNITER 5y oo Wang & Zoeogysn Zaeg GTHONLP
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BERT Z J5ilIL 7 VF 2% HgATH RIEA (in BB , B BiES
WNZ XLM fil UDify, BSRESTISRMAEAL, ma iRl EBE R ERNIE,
seq2seq S5iE 5 A AR 5SS N BERT ALK MASS, UniLM 5. LA E
LI 4

(1) XLNet ] Transformer-XL &AL T Transformer {E ALY, A gbd
A FIIRIRE /7o XLNet $2tH 7 — AN Hr i Il 2515 5 1145 Permutation Language
Modeling (HEFIEF B , ALK A)7 N IREST AL, AT A4S T30 =4 Aif
R AT DUR XA 5 2. XLNet AHXT BERT tHAEH T 56 2 [H1iE KL

(2) RoBERTa XM /' 5 BERT EAMIF IR 50, [RIFERH T BElOE 5
3T TS5, (H43F T BERT H AT, tb4h, RoBERTa XM T ¥
KRR R B s AL B e Ak s, ITTEAS T SE B (R 2 B0

(3) ALBERT #44 % BERT S8 1L KME LLYIZRIT ) @ 7 Ie4k, — &% i
W BRSO, —REESECBIIEESE. A, ALBERT 4 &) Fiill & 4
B oG P HNAE 55, BIZA € — St 1 T e A i HEFI 7
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6 IEEIRA
6.1 IBEFIRAM

VB L B BRI U 5 N 25055 P AR R 0 R
A SR SO PR A A W R REEOR R SR U AR G AR P2,
RSP RO 2, TSI T AR, el 1 SRR 20 AL
TR BRI G YR, SREPREEHIE, LS. 90T, i
SERLBRE, BRI 50,

B E VU B e B R IE & (5 5 T AL B, SR)J5 PR AR SC IR 515 5 Ak
BRI S NE A28 SERUHR RIE S Sa iR P SRt 2 ot
TEE R SR L, EERBEEAE: B BUR IR, Bl
W PE Pl SRR R E S B E I Gttt & B BB S a6ME, *)
PR A S HIEAT EAG, R RGEEA BRAE MR A RCR ;s 25 A Bost 2 3100,
AR AIE B A5 5 (0 RFAE AR — 5 T S5 NS FORER 2 4T PR, e Jm il
—E IR S IR 45 R - ORI G R I R SR e T R B S
LA LU RAE SR E AT BRI R

b b, TEFE U R, HEAR ST B s . AT Rk
WA, 15 & R AR TR 3 A . kb b, I THEEERN
SRMELREFABREENE, EE RN ARG EUHERR AR R IR Z .

KRR

BH
a8 L YR
—» FALEE mE

CEiR%'J CThY
BT — HWER

B 6-1 EFIRAARGIER
Forpr, PACHE 3 BRI R RS 5 BT HUIN A > BON T S5 A2, IFIERR
HrP AN EAE S ST SRR A S, AR A AT I e, AR E A RTE & B
MESHERBUL R WS 5 R A R85 BRI R, DLBR IR 4e Bos Mt H
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T RS0, XS T —MEE R . 2 EHTRIESEERIG, 1B H %k
ARG o I RRFIE S A 2 T I R . 1% R DA R T Ak ) 2 1k
TGS RE Mel B3 R A%

6.2 BERANLXRAE

B IR 78 AR P U2 20 tH40 50 AR, 7F 1952 4F, AT &T JUR
WEFC AT Davis, Biddulph 1 Balashek #ff 7% pTh 7t 7 L5 —/MNMEE IR RSt
Audry £%t, ATLLRA 10 DO A E . XA RGERM B A A RAT
SEHCE, I HARKRR B BT BB o i R SER I R & . 1956 47, 7
RCA 552, Olson #1 Belar Al 1 AJ LA A — 3635 A 10 MR E T R4,
BRI R R T 705 7 O fO I & . 1959 4F, HE K Fry A1 Denes B 7 —/NEE
BSR4 AN ToE 9 NS IRAES, MR T A OB TS . PTAs
[ 2 At AT TR 2 2R B PP A8 5 BRI OFE 2 T IAE A TER DD 5 LSRG In iR
Tl FRTAE R 2R o 24 IS A7AE 1) DR BRI 7K AN, #0388 U R B R B

60 EAR, TFEHUMIRIHAESD 7R & R BRI R, R T R
ATEE W, $2 T — RINEE R B8 B —2) SRS E U 2 AR,
BT AR R T A5 S P A B ) B ER R A IR R . AR
] 397 33 G M 3 R A0 RCA S5 1) Martin ATt £ [ S 42t — b A (i b 1) ) —
T3, RN TTAT ROA ok 1A A ) ROBE AR 2308, e AT SE AR I 21
B B AR RRURI 2% 1k 55, A7 RSO g e 1 R A5 SR T ARV L, JREREY Vintsyuk
FEH T FHBhAS RN B 7V T B (I TR) S 55 R 77 1%, 3K SEBR b2 B &S I [R] R
#% (Dynamic Time Warping) 77K FAS, REF] 7 80 FARA Jy ok Frani
=AM R EMEE R E 1) Reddy KA H)2 & &R SIS IRER 7L, THA 1%
BB RN I TR, N JE REZRAS BRI SE B R B [ 254

70 FAC, EF AW IS T E KK EAT B E R SCR, R B
B 5 BRI TE LA R T R A e, 1R B VRN U EAS 1 RVt . X —
IS8 5 R0 U B AR b R A% 4 AR Sl SRS o FL P 5 IR Velichko AT
Zagoruyko HIRE 7T R R B A T8 3 R I — AU BE 1 AR H AR
AT BRI FE U s 1 an g A FH s 2 I B AR AE A IRAE H A 2 S A e H 5K
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Z (AT AR TRIUCBE A 73 s H ARG ROBIE TSNS H T Anfap s 2 v 30000 73
PrEcRIMAY i, {2 ] T15EE 55 RAERR A . R, XA 52
TR ERENEE S R a] KA

80 A, THEFIRMMTTTHE— P FTRN o 1X— I I HUAS ) K e A
(D) BE/RBERER (HMM) BRI SR 2%, I B oniE & R
TR (2) DUV RTEF R AT 7 H 2 2 B AL, AR AT IE SRR
AR, BR IR AR B AN, B R A R AR, B WRIA . A
s TE S R ST AROR R BB HE SRR A B . RN AR
WA TESUR, 3874 TR T HRIFMRIES A, (3) NTHZEmM % (ANN)
FEVE R0 A B R R TR B %S . ANN A 35 1) IX 3 B2 4% 4 RID SR 77,
RARE A B FREGRA . IR T, KA R T R AL I% (BP
B 12 AN 250

20 tH40 90 FFAX, B E R BABHE F S ML, FERRSIRL, SREUNIRAL
FHIESH07 TS T ROPER R, (R GHA ELFI FE RN 172 RIEE K
FE 42,0 T FP AR B 4 FH LT RRE 9T S AR IRIE 23R A7 i, AT R 22 B
A AR = & . Lk 1IBM AR AR 0E ViaVoice £4t, UL Dragon T.
A B ) DragonDictate %%, #EAUIEAN HIERAE S, BefeH R
AW R

21 A5, REEZ BRI EE T8 N ER I, Rk
RKAR$em, MHMBREZ K. 2009 £, Hinton KREMZM 2 (DNN) M H
TIHEH AR, £ TIMIT B3R1G 7 490 Sdr 45 R . 2011 4R, R ot
BERIGTAR . X877 A DNN SRR A | RE B SE S HES £, KRR
KT & BUNES R . MBI 5HE N DNN-HMM B 4. DNN 5 & (1 47 Ab i
T 5 N T B A AT AR, AR AR 1 B MR A T S IR P 4G
FfE B, A TR MR A T R4, [ DNN & B A K5 2
SJRe7T, AT DABR T 5K e PR R 19 B

HRT, S UNEOR SRR T Tl B . B4 S0, BT R
BT DR R RE RS S N T B0, A TATIO TS BT, AN 0
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I 2019 N L& Re K Rtk
AHARR B G FHLA, B SLIN S FHLR R ReXT IR DI RE . H A 53 E 3
HOAFEIR Sin B ST, #6360 BT, HEiES TR,

6.3 AAHEAR

® EIRAA A

P M TR R S WU E A DL, X T ET S A 0
XFE5 DB IC N R, T D& R U A BRI AT O

(29]
12
© S = nzs
@ & = @ y ’@_{» : ey o s
R T SR - -4
@ @ (200 & B s, @ @ =
w;\ Ji @ o s y AllGhQrayeb 5 D G (8 ,—\\ Y
" m ST iR a BROE
e )y i w o - ) = x
i @ 2%
Do;;)%&n Kim 7e Comon'( o) W .
& =
e € j:»r}&. : &
¢ @ |/ “N o
o oo -
3 K Bouthemy @

6-2 EEIRFTELIKFEE N

M AR I 22 A AT R LA b BT B AT 28], P i e R R s 22 AR
o M T BUE SR AA SR IU S W] 8 H R 2 A fE R g 2 0
MR NA 734, T EAE R E A8 N H e X s R i A 32 B8 R e K
e PaES ;s Foftg anARM . BRI SE X S AR AR D 1S U U N A
AT B X R BTSSR — B

Ak, FEVERILE BT, B R Ak B R B 87.3%, “LetkEE b
bt 12.7%, P& Stbime T ot

B U AR 2 1 h-index A5 00 R B FR, K52 1) h-index A
fEHa] X4k, H - h-index 7£ 30-40 X[EJ A N %, A 752 N, b 37.3%,
/INT 20 XA N B b, HAE 6 N
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>60 50-60 40-50 30-40 20-30 <20
h-index

6-3 EZIRFIFHFE h-index 75
® HEANA M

L oA F AR YU ) o A R B s @I EIERATRT BUA L,
FIFEIX ARSI A A B R R, HIREK=AMER=AHX, M2, W
Rl X I ANABONEEZ, R 5 XA R R MG AT E AT R R [F,
U % e R ) S RS O, R A S H i R R S E AR L
Hh AR T R U SR R A e S

pa & m Y/ S 2 & W
y ‘v“‘ i\/ \:('\"\ } i § \_(/\ 2 /J A 5 ~ 3 ;:}
i AW R N
o g ; \‘.:‘. “@ , o
W )
. S 16} £ !sza’ =
b g N o L
. s A @ % SeiichiUchida " ©
. ‘ 2 R <o
.,‘Q — ey~ Y o, "\ S5 "‘ A
W o - N A 2} S e ::‘_ /" .. Rafiqulisiam
U6 =AU e [ e : e S &
é ;V.OEMA‘; -‘ 3 d ’m" we ‘v.l‘;ﬁ.ﬁmm?ln{ab@; @
aﬁr{shikawaguchi '_ —
»’_O,—- y L EL S
o 7 ,  -

IRBW

BiRRK @

6-4 EH IR AP EFED
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o ] 5 FAth [ SR U AR ) AR A 15 100 T AR S AMiner 20451 & 704
B2, G CTEE RN RAER, KRR B RIS E R, Bhimgith
[E 525 H 2 SRR SR, SRR ORREE N s BUREAT 17 HE7,
W N R .

* o1 IEF IR PES S ESELXER

EEER W 5| A% 5 A FEH
-2 922 14529 16 1548
Hh - 207 3088 15 358
Hh 5T 131 1788 14 221
H [ - R 92 577 6 194
HE-InE R 84 921 11 165
W E L E 76 1318 17 132
HE-H A 75 921 12 151
o il ] 68 1099 16 110
i E-FHE 32 501 16 31
Hp - AT 25 772 31 40

M EREIERLUE N, e e scin ol 8, A EB0RES e, R
3G TR TR IR AR S 1F 2 &) Ak, T E S RRHES EARR 2, BT 10
ZAEFRABPEREIEIS 4 1%, BESEEFIHSER R ERNRRE,
(ER AT e = P22 5| FIBOR IAE S PR it B B R SR B T B m KT

6.4 I ICMRIE
ISR AT ) 5 K2R 2 AT SCHEAT 2, R IX S 2 AT 7
1F 2018-2019 EHIF AT TAE ., X eS8 F BAF) 45

IEEE International Conference on Acoustics, Speech and Signal Processing

IEEE Transactions on Audio, Speech, and Language Processing

FATTRS AR S BRI 1EAT 7047, G vk 1A A0 Top20 A oCkikIA], A2 oA
ST S R BR = B, N BI B Her, R (noise) | 1 S A (language
modeling) . 4 (audio) & A4t B A S ] .
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speaker verification long short—term memory
embeddings

convolutional neural network
microphones acoustic model

speech emotion recognition

automatic speech recognition

b f 0 generative adversarial network
eamiorming  gydio speech signals
noise

compressive sensing

emotion re;ognition Speech enhancement
transfer learning generative adversarial networks

WICB H: X-Vectors: Robust DNN Embeddings for Speaker Recognition
oG H . X aE: T 30E AR B8 DNN A

WX AE#: David Snyder, Daniel Garcia-Romero, Gregory Sell, Daniel Povey and
Sanjeev Khudanpur. X-Vectors: Robust DNN Embeddings for Speaker Recognition.

W 4b: 2018 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP)

WAL hitps://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8461375
BT 5% )

FHPE UL TH 2 R S 15 5 U0 AU R AT B K S A N 2 . R 2 20 1 NI
R GH SRR T i-vectors SREEILHYT . ARt 2L T i-vectors f 77 V2 HI i F S AR Y
(UBM) HMURBIBLEAERE T 4a, 2B PG B 7 50k =) . fE R R4t
H, MEMELNGIG, KD B UES, AWM RImA RN, JREHH
P v 0 Ul 1 B AT BRI . IR, AR IR AR 4% (DNIND A/ 35 Ui 1 R AL
& AT AR H VR RR AR 7T 4008, DN A1 B 3 it 25 I 2R 540 & 1 38 i v P 9
J&.

IIFWIRES

FEATCAR, UG a0 1 o R i vt FH 0 8 3R 030) RO P A 42 ] 2%
(DNND R ARIPERE. 2 UIZR)E, HI T X Uil i) DNN RE AT AS K 1 ik
SR E AN, FRRE AR x KA. AU — RPNV BIRIE SR %, AR
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I 2019 N TR EA AR

I RS L RGOV S, R CASE NI 2R B R R s B R, JIZR)E, DNN
AHIZREEE ) N AN UIEE T K. —DMIIGRB R KREEERE CF
)2y 3 Fb) ARSI A) G E RS . 1A A EIJZ segment6 [R5 5 23 B R
No AMHE softmax #y i Z A1 segment? (NI EARFEEAD . SIEAE 420
HAZH . HeT i-vector F1 x-vector (RG34 H T PLDA 73 284% . x-vector 11 i-
vector i Je b, G FHEH] LDA #2852, 1E SITW JF R H0K LDA AT %EA
i-vector Jy 200, x-vector y 150, [#4E)5, P H@EMN s BT KEH—1
AR

WA R

BHEBAEY TR RS 34 SWBD Al SRE %42 EXHREES AT T %k
AMEFARG R, SITW 545 &l i-vector (BNF) k75145 R, t DCF10-
2 Kb x-vector RGi4F 12% . 5 SITW L x-vector ZGiAHLL, 2% i-vector &
Gk SEPL T RHIRI R IR . (H2, RMEARATY R, ALl x-vector 31T
SRE16 B ik EELS R, Bl DCF10-2 15, XLEH A AT i-vector RGERURLF
29 14% . f F T A0 3G 5 FX6f Bl SRR 45 SRR W, PLDA BABRXT A 2R LA W i
ekt . x-vector ATLAM PLDA 14583845 EL baseline Z34t 5 i (1) SO AR . 7E
SITW I, x-vector REEHIRIGZBEALT i-vector (%) , (AERZH T/ES L
Y57% J5 T i-vector (BNF) . 7t SRE16 I, £ DCF10-2 #', x-vector Lt i-vector {&
4 14% LA .

W3 H: Boosting Noise Robustness of Acoustic Model via Deep Adversarial

Training
HSCEE IR FE T B R AR i R SR A [ M R

WX AE#: Bin Liu, Shuai Nie, Yaping Zhang, Dengfeng Ke, Shan Liang, Wenju Liu

Boosting Noise Robustness of Acoustic Model via Deep Adversarial Training

W H Ab: 2018 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP)

WAL https://ieeexplore.ieee.org/document/8462093
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7 I e«

FERSEMIE T, i E A5 IR 5 52 2 75 AR R T30, JUHAE R 2644 F
FH T 75 30 £ AL 3R A o H e 2 B A 1R R 5 R ARHCE I, 1555 5 52 B0 75 AR
FHPUsE =, PRk | ShE R RS REIR MRS B A R T . B0 T U
RYERE RIS T IR ERE T PRI ) R, AR B 1 IR XS B S AR AL I ZRHE 2,
PN 1 W P P B R TSI I R 0 70 22 5, AT SR T 75 S AR ) 5
P
ZIVWRrS

VB VR I ABE 2R ) s e B P ) 3 SR YT A 1 Rt AR e X e
KA 2R . AR AN (Generative Adversarial Networks, GAN) A DL
MPUMZRRI T, EGHEIT IR 2 BR324 . GAN HIZE Beas A B 4R, A2
Jlds ISR A AR A, A9 25 PRI B AR 15 ok H LSl R 8k . 3 dtAT X0l
T, ARG AR 2 R AR AT AL S R .

BEXHE B AR AR e e RS A8 R TRPE RE R B I AL, 135 G H R B LA
PRGNSR ZE, Wt P, MRS (G) « HlE: (D) LK
RAs (C) M. Az pias ORI MR & s o A AR Rt il 55 15088 oK
FIEIEEE SRS R E BTG P NnRea, 18 ERE RN
DX VERFIE . A2l P e AN SR BEAT IR G o Pl 25, =B M EBECS A A
fieidt

True/Fake

clean signal | | enhanced signal |

[ noisy signal I
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AL VR XS BT IR A I RS, AT LAYl /N 7 PS5 1 5 50 A s 1| 2 i dfs
WA 225, $eTh P PR R B BRI . AR TS R 9RT7 7%, R SR BN i
SRR 8 L, T HAN 75 5 — X 82 A oy M i df AN 2 i, R sl A
ZRHEZRARTT AT 7 S AR R Y e P B R

WHITEs R

fEEAEH T CHIME-4 s Kot St TR BT I, 45 RER I JT iARES
A RERTE AR e, IR IREE (WER) EAHEL T2k RGABOR 2
It

W3 H: Modality Attention for End-to-end Audio-visual Speech Recognition
HOCREH : F TSR ) B o 3 A o 1 U
WX AEF#: Pan Zhou, Wenwen Yang, Wei Chen, Yanfeng Wang, Jia Jia.

W 4b: 2019 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP)

WICHLHE:  https://ieeexplore.ieee.org/document/8683733
AF 7 I 2«

B 18 PR R PRIEUR R, R SE S B TR N ARSI B B, RO HERA
L E 95% LA b, {H 2 7E M 2 BRI AT U v 2R 2 B N B . T A R ER
Bi AMUEE S B1E 5, B A5G UFEE WS AN AL ERB M RS & 1 s
fif R 2 PRSI BV R 0l vl AT DR I RS R A BN A (B R, s A
W A 215 U5 B SR 38 5 12 TR 1) ) 255 (Automattic Visual Speech Recognition) o

A FIALGE AT SR 5115 5 R0 A ROR 7 B R P D HERDL: — 2 P TR AN,
AR A AS (5 B RS e — kS, R e B SR AL EE

W9 71

PR PR — b 1 R R I HL ], T DURIE RS I B SR 8
SEINATE Y RN Ve 3 = e N S R (1R
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AR T 15502 3 59 A1 FE 19 A Ao 22 ) 4% G L 28 S 4 N R AN TRV RS 1) 13 91 i 4738
JERAERIL, 1935 ZRERIE . AR5, HHARES 323 00 AN RIS IR IE 2k i
AT IV, 15205 B AR AS A5 2 o BT 2 A AR RS B %0 0 B R S
(contextvector) o AN[FBLASI b SC1a) &40 H A (8] (103E B 0 B 30 AN R BLAS
M5 BHETRG, 5o N % H 215 20D 5 H T .

FEGRARIGAESE T, Rl G IR ARSI R SO, 1A 2 xt ARkt
ol R 2 an L 00 R SRR AT BRI, R 1A RIS (R B AN R (1 7]

H

Lo

R, X FEASTER /1 (Modality Attention) R4 AN [FASLAS & B 1) 8 22
THEL AN R & R B OB T AN [FI RS AE =4 i A I 21 B AN [R) Tk 5, ] DA
% AN TS I 2 AR AS [F) 45 M L 545 2UAS R RO S Al S AU, A3 B I & R &

= H

HJ/ho

WHITE R

TEFEAE 150 /N B i G il S8 AL S A AT I, AEfERELDN 0dB
(55 5WEEI/NH =) 1, 2 RSP R HE O R G RO R S o 1T HL AR A
FEAFIMEFR, ARBL 1015 & AL b AN RIS S 18] 1 (A0 . B 5 e 7 (152 0T
PRALLE LG H IS, XHALSE (S S B R L B A B 5 Tt

WIEH: State-of-the-Art Speech Recognition with Sequence-to-Sequence Models
SCRE - Ja ik i R AR U AR Y

W AE#: Chung-Cheng Chiu, Tara N. Sainath, Yonghui Wu, Rohit Prabhavalkar,
Patrick Nguyen, Zhifeng Chen, Anjuli Kannan, Ron J. Weiss, Kanishka Rao, Ekaterina

Gonina, Navdeep Jaitly, Bo Li, Jan Chorowski, Michiel Bacchiani.

W 4b: 2018 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP)

W HbE:  https://ieeexplore.ieee.org/abstract/document/8462105
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I 2019 N T8 ReR R
Tift 0 ) e

FE B BB A LE H BE S A (ASR) #EIX R3S T &, X2 —Ff
KM ASR RGN BIIA Y, REMESHEE (AM, PM, LM) F&5HA
PRE IR 28 IR 735 o AR B H BTN IE, FRATIEANE R FE I 77 7202 75 AT DAHCAR 2
T HMM [R5 R AR R 22 00 2% 75 225 A8 e 31 31 e F1 IR 2 58 A 22
A, oA RAPRES LA . W BCCAR A YIZRIX R AY L AL 4
(] ASR REGHEFEH: ENIAFEIFMBT ST, WATEENBMI) R G A K
(RIER TED 0T 55 o AELR , 324 1k, 3k e Y S TV AE KAV 2 1 & R (LVCSR)
fE5% B SR ASR R4t

W 715

ARICI H I RARER & Fh 5 - AL 75 T 1 e, LA S VR e 31 B PP S AR AR 1
FI RS LR TG ASR RGE. (I TAE R FATH 55 2 XS LAS £
RIS b o LAS BRI — AN B — O 22 X 2%, 3P S 2Bl T 407 2
Gmitat . TATRES FEXBALGE M ek, W E MR it de . R, Bk,
PATHRZR Sy (WPM) 5 FRATEEAS T LAS R A WPM, F A3 WPM 1
RIS TR, BARRGIFZ KE R, CRY GRS 7 2] B 2w AL RHE
IHEZ A=

WHFtai R

LI SE R EOR, SHEGE (WPM, MHA) J&, # WER FH#E&E 1 11%,
Mt sGE (MWER, SS, LS MFEBUIZR) J& IRE T 27.5%, IG5 AN
SR B )R T 3.4% o % T Google 8% # R AE 455, BAT WER 4 5.6% ,
R4 HMM-LSTM R4iH) WER A 6.7% . 1EAr L5 I 7 HIF rE R,
fE WER $8F5 71, FRATBELAS] 4.1%, WA RGIEH 5%,

W EH: Deep Audio-visual Speech Recognition
FOCREE - BRI IR

W AE# : Triantafyllos Afouras; Joon Son Chung; Andrew Senior; Oriol Vinyals;

Andrew Zisserman.
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W HAb: 1EEE Transactions on Pattern Analysis and Machine Intelligence

wCHbE:  https://ieeexplore.ieee.org/abstract/document/8585066
Aff 7T i) 2«

JEBE, VRN R UERL S E At RE R A P N R IRE ST, A2 — T NETRIR
ZIMIBERE . BT RS FHIAFAE, EAE T T AT SR AR A Al - A [ B 5 4 2
FEA SEAAR R 5 R 8 (Bl pr Fle b)) o« AIRIE R A7 RAEAT R ) B
SCR BT F AR AR — AR R L AR R SR S SRR AT AN T 2 4 5
Blhn, FEME 2 IR EL iy & TSGR IR 2 B0 S B M B hlR R

525 AR NFEIRHES I H e EoGE 17 B s s R TERe . BT THEmL
MEBEATE S5 T AR I JE R B A e, A5 B3R IX B8 N T RSO AT g« 2T D918 F 1R
A LAR B0 110 T (1) B0 2 B 2 - e ) AR R S5 M —— SR IR AR TN L B

W 715

5 DR LA BT 00 A FRECR SR s 5 AN A, R E A E Ry — A
T S 0D ) R A7 - T PR 1Y) AR VE 5 5 T AN RS . Bk, FRATIERA T
A SR, —MfE A CTC Hik, 73— P P ala ke PRI AL # 3
FEAR R 25 B O SRR I kAt b o R, FRATIF ST TS 5LAE 2 KRR b 5 & Jiih
F AR AR B, R MBI S AR T R, AT AT R AT T
AR E S IR A RS : LRS2-BBC, HZE AL & B T4 H R AT
Ypk; F1LRS3-TED, A $5M YouTube 3k73 % H /N () TED A1 TEDx J#
PFo FRATVIGRIAE YA J& 1R E RO B X OCHIER T BT S8 i 1 LA .

a. Common Encoder b. Transformer seq2seq c. Transformer CTC
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I 2019 N T8 ReR R
IRt T

SEUG A R, R B AR IR R TM-seq2seq, 14 118 = A A HEAT ARG IN
LRS-BBC 1) WER 1A% 50%, 52 Hif# 70.4% s AKCFARLE, $28 T 20% LA
b 7 LRS2-BBC A7 1Ak, TM-seq2seq A5 78 i 7 H 88 i 7R 05 52 1) AR
STLESERR I, MEME S A MEAER, WERIZENE SRR T EEA R,
PRGSO T My DU SR . i, RN TM-CTC #i7Y
I, BRI UR I MCE AT 10.1% FEAIKE] LRS2-BBC 1) 8.2%, M LRS3-TED 1)
6.0% [#(%H] 5.0% . SEIBAAHLL, AT TM-seq2seq B 3K #3 f1 5 AH
AL o X4 7E JBR G650 15 VA T 0 7P SR S 1 T 4 005 7 AR 5 1 5 AR A L
I, PERETRE T 60% LA b o X RIIIEAN IR T B A0 A (R M BE b, i ABE R 0) B 1]
PR IPR o S5 FH WS IR AF I R AR B (B, Xl 5 20 Gk ke vy
KA WSO, FrA BRI B SR I AR R I R 20%6-30% . R, TEAETE
R S I DU T, LW A2 P R LU SO A BN S AR AR B A A3 22

WICBH: Parameter Uncertainty for End-To-End Speech Recognition
R H - i R R S EOR R E PR AT
W% Stefan Braun and Shih-Chii Liu.

W Ab: 2019 IEEE International Conference on Acoustics, Speech and Signal

Processing.

W HbE:  https://ieeexplore.ieee.org/abstract/document/8683066
T 5% i) L

1T s 25 (End-to-End) ) H 8155115 (Automatic Speech Recognition,
ASR) WIFTHHELT DNN-HMM R & #2458, ERA S MIZad 25 A 1 U
T4 o 2 48 1) v 81 B A5 2830 7 {8 FH A 1 240 (Deterministic Parameters) , Bl
ANSHO RN E B SEEUE o SR ERT AR AR S AT ISR A2 v, 1% 2807
XS HORNHAT IS, HA BEN S A E % (Uncertainty ) B¢ 5 224
(Importance) AT H#:4mtd, (HRXENAFMEEEENGE. FILZEEI1IT
T T S BRI B AT D, SRR R M EME S EBATEN: . K
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WEFL TAESR B, 75 H 308 &R A AN HAL 2 AME S I BTA SEIG 1, S5 ML
(Signal-to-Noise Ratio, SNR) 5S4 # EVE R L HUR S A e . B TR 514
S AT G B LI AR 2D, AR ) — T 70 A DL S A 2 £ Al FH A% 23 41 Wi
HEZE (variational inference framework) S HAER ML . AR SCNSEAEIRH 5
— IR IR 2%, kG 1% DL R R AR AR I R R
WHot 7%
ASCHIE FEAE AN 78 1 2 200 i 21 i 77 24 B B8 2 RO 55 1 A0
PE, EFEAE S AT E S IRHE TSR LL (SNR-based) f1E N7 &k
25 1) S BN A I E L SR B BT s 5 AS [R] P45 e LU 7K ST (R ARE 23R IR 288 SR PPl s % EE
T AEUIE F IR AN [R5 M B KT 0 X 4% e 75 22 (tolerate ) S4B Kl K ¢ HE
Mgt (catastrophic forgetting) F2 & 7E W 2% w2 anfa[ AR 1L 1)
Feridim 2 AL AR 5 Z AL LSTM 2% CREAN 7 )6 2 320 A6
HE 2% 640X 59 F R4 2% kL i 25 iy HE AR 25

T 58 MEASAR (deterministic models) ffFH 2RIk LSTM ¥.76, SH4E S0, 05
LSTM AL EwEST™ | {22 hLSTM K A S w PROJ

LSTM ;LSTM _ PROJ
Op = {w N W }

MEF AR (probabilistic models) B A m i E A LSTM 8, SH4E
HO0p B F LSTM BUEMIEUS™ , S EAAE IR AEZLLS™, 2D J BLif
j;XEWPRO]

LSTM LLSTM ;LSTM , PROJ
Op = {p=o" M, g p T )

fi FH Xavier uniform initialization ( Fz0) #J4HAbwST™,  yLSTMRIy PROT

A, mu( V6 ﬁ) A e R

SRR HEZ BTV AL T AT W61

1 V6 i
B, =log|exp(=——)—1) |, B R
2947
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FEMEZAR R o, 0 S8 br e 22 LSl o A FIABUE 228k GREIRINL, = |1B]15)
PR EL = s
W as R

RSO B AR E S E LSTM X it 215t 18 & IR R T 3E 4T 1 9
il MREEME A Wall Street Journal (FEZE% 2614 F ) Al CHIME-4 ()18 &
PUIMESS (SAEWREEIE) « SLIEE RAR WIS B BT oA Ssad HI A4 05 T A 3R A5
RUSRAT 1 EOAf e A TR B0 0 ) 45 R o M3 R ) O B 10 35 2 I oy o8 2 015 Tk L 1)
AT, FEIZRIS 5250 B SRR AR SR s
W H: Stochastic Adaptive Neural Architecture Search for Keyword Spotting

FHICEH - T W K G A EY AL B3 A A P4 S A R

WX AE#: Tom Véniat, Olivier Schwander and Ludovic Denoyer
W AL: 2019 IEEE International Conference on Acoustics, Speech and Signal Processing.

WICHLEE:  https://lieeexplore.ieee.org/document/8683305
B 50 17) S«

H T %8 ] 2 A2 (Keyword Spotting) [l /1 CUriE S i 5 3 o i s OB i)
() T BT AR R BT B T A A 2 W 2 A Y AT VR0 £E H T2 0 2%
#2 (Neural Architecture Search) [FIHF 7% 71 & B I 9 28 45 k) 15 2 5 A5 1) CHE TR 7
PRI SERAE TN D o B TAES IR 261, HATREREEE R R, &
FUTTI B Bt S5 B35 A RE R B /K P
T WIRr

SCERH T RE AL B G N A 2 P 2% 45 K & (Stochastic Adaptive Neural
Architecture Search, SANAS) A58, #8725 Y HE T B/ B | bl £ 2 i B 22
PIZs IS5 R AR S5 Tl BN BN S50, AR 55 S 2R I R I 284D
A e AL (Keyword Spotting) 7 LA S — A& B0RL P S ARTE 10, fEREA
BFAEK (timestep) , RGuHU— MR fixg, AERR— MRy, (TES R
o S8 N — AN ETIRHE ],y Rgh e R R B AEE I .
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SCEE ST R AT DORYE BN SCHIRR S SRR A BRI D (timestep) 3
AT AR AR IR

20

Z) ] zx
H ) 8o ---ngiﬂ—;
' | \ kg

\ohg

I IE @, Oy Ik Eﬂ

H, wm Hy
So(Hy © E,x1) — [..— fo(Hg < E, xg)
RS e
O r— (@] O O—
. A , A
X Y1 XK YK

FEREE t o, T —FCR S R i ATy, I = (2,600 , Hz A b
NOCxy, Y1, s Xpm1, Yoot IR EE S 20R, AERF— P2, IS BTIR G ph 2 P 25 S5 K A
ZHOWE 241 = 9 (20, %, 0,A) o IRJE T P BERRAS /4 H,, JRH@ET A
x ATV . PRI FRLS HAFE M B D, (x,,0,E o Hy) RitH F— M REIRE,
HARYES (2¢,%4,0,E o Hp) RITMBLAL Y, . i 26K sampling 4, ZEHER BN BL,
A~ timestep Hde A f M ZE I 25 4 o

TEAE T HAMAM % (cnn-trad-fpool3) ) SANAS 454 -

,H Shortcut
/ Shoertc
bl

Convolution 1 Convolution2 Iinl Lin2 Classifier

WX 2% )2 2 8] B IE I IR R TR SR A i, o o B X 4 65 A o 18 T P b i
$ (shortcut connections) [t ,

WHFtai R

SIS VP BEE I T Speech Commands #ididE . S2IGXT b 1 4% 4t s
RUMIASCIR A7, 45 R W] SANAS J5 1 E R KAEE 4% FLOPs (&30
VRIS E B , RIS TR TE IR T E 2, WM.
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WX H: Adversarially Trained End-to-end Korean Singing Voice Synthesis
System

WSO E - BT BTN 2R v B R SO T S S R S

»

W AE#: Juheon Lee, Hyeong-Seok Choi, Chang-Bin Jeon, Junghyun Koo,
Kyogu Lee.

w3 Ab: 20th Annual Conference of the International Speech Communication
Association INTERSPEECH 2019.

WICHLEE:  https://lwww.isca-speech.org/archive/Interspeech_2019/pdfs/1722.pdf

W7 i) .«
RIS BRI RSB T — b T W 2% (RS T B AR S, RS

TR BR A R P AT B RN 2R S8 (acoustic model) A SR TIN5 AL
@& (vocoder) M NRFAIE . A IR LLIL TP 22 [0 45 (1 AR 75 5 Jl R Gt RE 8 A LT 1Y)
PRI, AE R TR RS AL X 25 AT AR B R R . AN RE B I P R 1 1 e PR
PRI, ASSTHIT ST RE S B AL R MR [ Dk A 7 A A A 190 i 3 i A5 28, Lk
AAE T ) i AL TR I TR R R, T L R I R

AR SCHE AR A B AR G R 6 B T 1 ) R Bt e S 1 s 1) 07 3Bk AT
Wk, RGEi T K-

—— Baseline network @EEGET G
% ....... P d Method Sy
2 roposed Methods Loss
c
5 TS )
E S MM
i . T Erv | Ep 2o conciinning
a IR seeeeeendd
| — ERATIrTS
i ™ Xhwp| = [(Ximm(1 ~ Hy|a)} + (Hzlmm(H,|e))]|do
e s et (where Hy = X|€22|[: 0], Hy = X|€37|[0:)) (XIhW,-y] = X|hw,|hw,])
| e
.E i Mask
s i o
2| Local conditioning 1122 = (Erx Eryl
3 Ep MelEnc | M|(C{3*Iretuldo) | CT 3 |do| w35 | = i g
i Ery E'y Attention | Ey olmm (£, )/v256|smax| = Att, Att|mm(E;,)|concat(£,)| = £y
%] — o %] + (£41:256])l0]
2| Ey, Mel Dec | £ u[c “"’ﬂﬁ’,‘ﬂn,Jls&lhnm
i Eug Ep PEM. Dec | £, ,|Ci ¥ |retuldo|Cys |dolhwi®,
b Super-resolution network
Super a €5 Ido| +(£
T ] P Resolution C3¥ (ol +(E
2 e ariime it Network | |(Dc3F{mwih)
g £ ! 1 RC3s4|RC: elu
i $1C254 |RCw.|RC, 256/ RC512 | RC 1024 -
g { ] leztiReulRcut]) e ake
5 IRC34|RC342RCy024 | RC,y 24| retul GPIFC(1)
- 5C284 |RC.u|RC, 256|RC312|RC 1024 | RC 129 ¥
& m’::’r:‘ (:";Lm (I.':'T.J fezi3iRced "'Fﬁcz;,|1p(n\r1',"|)>—'_¢ -

Figure 1: Proposed system overview (left), detailed structure of each sub-module (right). X |F| denotes F'(X).
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REFEHW DB R e E M %% mel-synthesis A1 7 75 3 X 4%
super-resolution. mel-synthesis 2% H2 45 B T (K BE BN Mo.p—1, B FPXSSFIISC
ATy M EVN P NGRAE RSB super-resolution 9 28 AR 3i& S0 A A1 1
RN, B AR B e B Mk T B RRE Cupsample) 5 )5 H 588
(discriminator) K b RA 5 SR AR R 10 e e 1 el AT Bt i) 77 2 2R 10 2%

TEMR B, A 7 SCA R & R F N R DL [B1E 1) 5 A ROV o e it 57
b, SR super-resolution W% FREE ML K], f/5iELL Griffin-Lim &
FERAR RO (waveform)

WHTEs R

SEEOAE T T B B Ao e 5, AR 1 60 EURATA . SIS AR AL
F SCAME BT phonetic enhancement mask 31T EE AR 25 201, BERS AR il 5 A HERR
(R H o[RS 7E super-resolution B B F 25 {4 %14t (conditional adversarial ) I1Z%

7 R A 5 o R
6.5 EEIRBIZER

it N L R s A, 1 VR R B A KB R [ P A FE AT £
2o NI TAEHLA REGE U 188 A\ SR TETR 4, Fhay BRI IE & SeHU AL 2% 1Y
Pl AEN— TN BRI SCRBA, 15 WA LML REE T GEm
IS TEW FURIER 2 R 0 8 5 UM ) &% B IR HEAT 77 8% e 88 1 S54RI 24
i, LA ISR G 1) U 10K 8 B U AR ) AP ER, USRI HEZE A F]
PR 5 B VU PR SR R 2 o F 70 N DDA e 1 P P =l N il i 1 Dl s
VB U ) TR O, TR 1 R 2% 11 )

UEAF R RETE B REN T PO R, 52 PRI Dy v 5 Ak 1) 2 0y S 3R A
TV R, AnART 4 e P A AL R 3 R AT AT S 38 i PO R A I A 1 3 TR
A3 Hh ) LR

EF AL T M 2012 S5 FFUE R DNN 5] N Hybrid HMM 2544,
FEE 2015 SEFF LA 5] K KW A4 CTC 5%, 1M )5 £ 2018 4K Attention #H
SRR ARVRIE T34 45 o Attention AH DG SVEAE B R 0 B0 Ui E ARSI B 53 1) S & v
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I 2019 N TR EA AR

ISR = . M T AR Attention, # Listen-Attend-Spell, %] Self-Attention
(= Transformer) , fEA[ERSCEWPAEE 2 RN EF 504, SUEHILAE TAHR

) Introduction PR 1. 7E Attention Z5#) R, IKARIEHIRZ WA T BT EH

f13E— D MR R N e — S50 R Hybrid 45 /1K SR G515 3] State-of-the-art 1]

SER, ULROE S HE R Attention R MERE 2 ]I 96 &R

TEIE A O 9T A, i B o 1 R A 28 2 ASR ( Automatic Speech
Recognition) i 71— KA, IR ESCHER|R, 2T Attention AL 1R 5 RSt
AN VIEEEARM R TR [N, BEE R i R e H 2583, i
AT g B S A AR (K RN BE IR T . i s &R (far-field ASRD
R 2E K (ASR network architecture) , #7325 (model training for ASR) , 5
TE Mk E ZiEFE SR (cross-lingual and multi-lingual ASR) DA A — %635 3] i
TEF RS (end-to-end ASR) [T 7 #4k o

EIESS T, B iiEs s % Voice conversion &1 T 7L &

b, B SEAL T (Language Model) (W 75 i 2 B4 4% NLP 7 )3T
%, {RSIE )RR, LR )Z Transformer 25,

FEYLTE RGBT T, i AE R, Rl dith MR U)oy, IR
PR E BT AL, H AT Attention 75 i 1% A 5 H 825 {LL—F Time Pooling, Lt
Average Pooling /% Stats Pooling S gefi %) #i1d A5 B HERE R, Mk
PERESR T . UL N IR BOREE IR E 5 ) ok IO VERE CERSG , FEREAL S5 Fi2k
BRI B 7 THT R C B @, LA TDNIN. ResNet Jiii_E LMCL. ArcFace /)3
TR T U0 A W7 il 7 25 Hcah £ 1 1t e PR o A5 DL A F) TR 3R 8 B9 11 29 15 1 A
RGHIHI . Bk ANFOR B A28 5 8k 15 NSRRI RE R 5 %2 BUd 1 )
Rk, ASVspoof iX#£f¢) Challenge M 2015 =25k 46 I 1F 75 SO A B& 1) f . AH
{EREE IR AR AWTRN, 255 FE ARG NIRRT, 7580 A BHARIRA TN

TR
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HERLERY:

7 ITEHERE
7.1 it ENEAREER

FIEFARIEALASY 1SO Fi SENLRI 5 3. HEELE 2 THF 0
SR UR SR BRI , 641 T8 e b % I B Ty AT R 02
R ARG B | R MO K SHURESE R E O — ] TIAZE R
535 L ) PRI 4 M FET ARSI, Bk, 10 2 B I P 2 R S T 7
LU R, LR T SOHLEAT TR f A R L AR X SR B0

FETHENLEIE A RIIT B2 AT, At 32 B D ] R AE T SN Ros =4kl &
I L e M I SEALBEAT B (0 A2 AR BT 7 A S0 SR B AN SRS, H o2
PR NBLD H ISR, XD T LB 2 BEE I LA
K, RN AN A CLmIZ A LR, | T ETE 20 7 A A E
Wz, OIEEEREE. B ArtEs BUESSEEOR . i B AR S 2 il
FOGER, SefoE R SRR e . SRR B B ER A . TS
i REAUILSE BRI H A

THEHLE 2 S ARHEZE T LS DU LA R 7 SR MBEE A AR
ERUSANZLBEAR . TR TR R 5k, flanmE s AL
THARAG  JUT @R =47 (A e . =483 —4E ) B AR #4846 . i ot
T EE R A5, TSR A SR SRR, A7 e il sURIA 1Y
AR, AT R BCRIE N R s ek, DIUE R ZET A AR I8
Gethn g, f8 AR A AL e SE LI RE, 1 Anxe eI SO S5 B AN SRR AT A
B, AP RERENITHE. TERARTURZRE AL ENERE TR, 2iHH
DINSHIZSIDE R IV

72 HEHERFEL R E

20 140 50 44K 1950 4, E[E MIT g/ \—5 (whirlwind D i1 5B HLEL
THALE—-GERES— N2 (CRT) RE R BFIEA, 1511
AR T i BUE T E A R — R, e AT R R R B, M ENLES
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T BB ERTIRE, HRIEARER BIE AT 2 TLERAE, X RTHRENLEDE 240 T4k
FABLERET I, Rz R “wahs” BB

[ 1950%, whitwind IR 7CAT | AW

[ ARBARI R EWEEE R, MR, WL
1050, SNTMBE—R@HR| AEBERAS AR AAT ISOBFAR R EAMETN
| BRMOMEDERCRT | P
\ j

1980%, Whittedil it T X ERMEBNIZ
1984%F, REComel X¥KIBE"SA
FRPRRHAERNE
EEYETARSEBNNT RS LA
rEHER

7-1 HEHERZELRRE

50 EACAI, MIT M sedis e ek thEAL_EIFA SAGE (Semi-
Automatic Ground Environment System) Z=H B fifA &R . SAGE T 1957 FFH Nk
1B17, CAReWR RiB G5 R s & b w0 BE REA S AHL S BLIIRE
BAEE DG Sl b B0 BARED A SRR B ©ATE R, IR N — IR
MG bt LAk BRI . 1959 4F, JBRAE B ToEBebh i seie =26 — i 7 A
AR THRER) CRT,  “Beah” B IF a6 17 58 HATH LB

20 th20 60 FAX: 1962 SE5&[H MIT #5550 % Y IvanE.Sutherland 3% 1 —
Ry “sketchpad: — N ANIZ HIBEREIE RS M0, HIREHT
“Computer Graphics” X —#i&x, EW] 72 BIHENEIE 2 — 1 AATH. A
B AME BRI S, TR S T T SELEDE 2 IE SOy — DML 2 B 73 3
1968 4F IvanE.Sutherland X &% | CREEK =4ERoR %) 03T, 78k A A3 A
T, FATENSG LA EILES, Aok s, (ENE ST R IsE
H1. IvanE.Sutherland Jy it ST AR T BRI TTER, SRR THEALIEDE
FRFF L&A, 1988 4F IvanE.Sutherland 4% 7 AM B R 2. Jf Hix—m 1, ot
MR 2 B U A 2
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HHEHLEE ﬂE
20 20 70 A BB AERX — I HIHEN 74T, S B 22 Rk K
J&, XEIRF. Y. SRS AN RS S it th, St CAD EIJE
REWIFIE I BRIk Ah, FSHREE 2R SeRiGE R HOR IR 7 AR 2 70 4RAR
RN AP B SR . 1970 4 J.Bouknight £ ACM _E&RFRIL L, $7H
TH AR, Fig MR R H A 1) 2 A E R T b — SOBRRI R &R,
I H Lambert i S5 € AR R T E & 208 R0, XGRS AS B Ty
FHEREE A0 . 1971 4 Henri Gouraud £ IEEE Trans.Computer 42 4k FR A
Gouraud FIREALTR ) “78 SRR 4 E 7 AR, X2 HAREEAL, B SO RO
THRZLE T ARG, B EEE A 2 U HAR A . 1975 4F
Phong 7E ACM _E /& FRIGSCHEH T 3 44 I a7 S B AR “Phong B£%” , Phone 45
T ESR R R —AEIAY, (A FSEE Ok B T BT I B AR . X e 1
SRR Y e BT BIE TAE . AN 1973 4EFF4E, FR4RHIL T 92 E 814 K% CAD
/NP Build R0, 36 E P AHIRE K5 PADL-1 RS SAIET R4, X LeH]
N CAD U & F At 1 25 2 Tk

70 SER I B bt AL RE R, 1974 42, ACMSIGGRAPH “ 50138 5%
METEEAR” TS AT, & TR R AL &, ACM oz E Y
PR R RS, HlE “BOBIE RS (core graphics system) , 1SO & i CGlI.
CGM. GKS. PHIGS — R EEniE, b 19777 4E 1) CKS 2 I1SO #E#ER) 28
— B AR, e — A BB AR A, 1986 4F, 1SO A T FRF iR
G5y IE GRS B B R G PHIGS, X & — Sk 7 i B8, Tz A+ T
A SIS EIRRAE, PHIGS &% CKS 478, NI T REA b S
RKOVE . RELHIMETEE RS, f[lfk PHIGS K4 7y PHIGS+; 1988 4
[ CKS3D, & 1SO #tik A 5 — A BB AT bR dE A, & — A =4 BB A bR

20 t22 80 “EAXLLfG . B 1 A A7 a1 S s 2% R B B T ST I TR A
i, WKHIHES) T i EALEE 2K &, 1 Machintosh. 1BM A ] ] PC J H e
2L, Apollps Sun TAENLSE, BHEFERE 11 FIFEHS IV 251 CPU I, THEML
BT AE T RE T 4R 43 b ER AR S B o vV BB SRRV S PR RO, A
RRAEMARHIL, Rl Internet ()3 S AT A THEAUR B TR TAESfEi2
BT BE SR B ZE Rk, XL IR R B E T
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Jii kAt . 1980 4 Turner Whitted $2 1 1 OGIEMIAAL, JF55— k4 OB ERER A
a1, SEBL T Whitted #E7Y; 1984 4E3E [ Cornell KA1 H A iy K A2/ 223
I3 Bm S TR P RS B SR SN BT SEHLIE I 2 vh, YRR SN B2 R 52 )
HUREADL 1 AR S S St R I [ 1) 22 B8 SR AR . PA B B3R Y, AR E B
P A s 0% OB R . 80 SRANA I LUR , BRI AR BB B (5 e, T
PUZSRE SIS e, BB B (b, Al 7 B 22 8 ME 7T 07 [ #1521 1
ORI Z BN o

20 142 90 AR LA« TVLRI B 1R 2R G0 100 A% A 45 P T 23 8 R A0 H 25
2, WWENUETE SRR SRR BEAL I T ) R 8, 28R N T BE.
THENURTAL . RIS SOEF KR, Z4BERMRE T KEKE. 1ISO A
A I BT AR HE R R AS 40, SNk e X A7 AR — s R ARdE, W1 SGI A
A)JT K ) OpenGL T = 4EEITEARE, A B2y PC eI K 8 2 Fr 42
[TFR#E DirectX 5, Adobe A 7] Postscript 25, ¥RHE T =77 1) & e,

7.3 NFAHA

® IRAA AN

S R T A R e U B A TS O, T EHMT AR et
X e DB NEEL, T EONTHENL B A 2Bk H A Ol

Q -
Ty e e
o @ 08 =
- 0@ ) R AT
° . e, - &
Fia) o “ o ® ’“‘\
" .. e e )
@ ()
Q S
s Q
-
@
i
@

B 7-2 HBHERFSEEREEST
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HE LR

Hb AR 4 2 2 2 B0 Sk ERAT LA MO A B AT 22 1), L B el R R s 2 3 el AR
o MiZHLEPT DR, EEPAA =LA KNEEEZ AT 510,
T EALERRIM R TG ER; SN N 7 A A AR R B AR50 A H s Hb X5 HA i an 4D
BN IX 22 A EFE # /D I ENEEE AT A 5 {8 X R . &35F
SETE I RAR— 2

ek, FEVERILE BT, THEALEE A A B 2 L 93.7%, ok
F it 6.3%, B STtk

B NLETE F408 2% 35 1 h-index 7045 4 R BT, 23040 1 D0 RAR T ERIR
KB4y 5228 1) h-index 79 A 78 I X 35k, A h-index 78 /NT 20 X RIF A B 2
A 1240 A, L 60.1%, 50-60 [X [a] ) A Eimb, A 50 A.

1400
1200
1000
800

ol

<
600 -

400

200

04
>60 50-60 40-50 30-40 20-30 <20

h-index

& 7-3 HEHERZSUEFE h-index 70
o H[E AA A

L S A B AT SR U A a0 B B s o 83N AT AT LA B
FF X AEARGURIAA B, HIXEK=AMER=AX, M2, W
Bl X AN A BONBE =, XAl 5 XA R R A2 G KB DA TR FR . AR,
U5 I FE KRR DL, RS H RS b, o TS
P A o 2 R 22 (B2 BN

179



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

I 2019 N T8 ReR R

L

Vo =

s W _ =
.-
Wit e < -}

7-4 HEHNERZOETEFESH
o ] 5 Al ) AR TS B 2 U 5 VR 1 00 a) EARRSE AMiner 281 &
iR, BRSSP EE R RAE R, R EEMUS RIS E T, Mg
TP E S & E 2 8 A AR S R, RIS S ORR R M s B EEAT 1 HE
Fe, 40 N RPIR.

& 71 HENERZSEFES SE S FLXER

HEER 1/ 51 % S35 ¥ ZEH
-3 237 8729 37 407
NI 69 3550 51 85
rh - BL 5 59 3203 54 58
o [ -5 34 2299 68 72
oh - E Nk 28 1080 39 37
Hh [ -1 24 625 26 42
Hh - 21 779 37 37
o [ - B RE 16 784 49 28
SRR S CIE TR €| 16 468 29 22
-k 15 485 32 36

M ERBAETT LA, e atEiie e, gl %, A B0RE9e, R
S AR T AL AU S E 2 %0 seah, T E SR & EIER T2, 1T 10
PEFRABEBREEI S 4%, PEEEESENRCEEAN L RS, HE
A B P24 51 B I S 1 B B SRR B 1A= KT
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7.4 WICHRIE

AT R AT ) 5 KT 2R 2 W A TS SCHEAT 2, R I S 2 AT 7
7E 2018-2019 4EMIFAR M TAE ., X Be L8 F HA T 0 45

ACM SIGGRAPH Conference

ACM Transactions on Graphics

FRATVOT AR U 10 S ) B AR 3R AT 4307, Sevt iR Ai Top20 (1) o08aIA], AR pliAs
S AR B, W NE TR . =, JRIREES (shape collection) &2
¥ 1 Cinteractive design) « 115 # 11 (computational design) & A Aiidak i #4
H) S B 3R]

neural networks 3D printing
3d
deep rlearning simuiation

graphics texture synthesis projector

shape collection

real-time rendering © shape analysis Computer graphiCS

\ V”’tu‘al -[ea“ty fluid simulation

rendering
computational design
discrete differential geometry glObal illumination

W H: A Style-based Generator Architecture for Generative Adversarial

Networks
PR E s FE T RE R AR S R R 2% 4 K 28 2R A
W AEZ: Tero Karras, Samuli Laine, Timo Aila.

W HAb: The IEEE Conference on Computer Vision and Pattern Recognition- CVPR
2019

WL
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http://openaccess.thecvf.com/content. CVPR_2019/papers/Karras_A_Style-
Based_Generator_Architecture_for_Generative_Adversarial_Networks CVPR_2019

_paper.pdf
B 5% i)

ASCEEXT B B TE B 1 215 BRI =2 e P CER U AR B B 4345 S5 B
FARBREERS ) VLSO A il i Bk W P A5 7 A — L o IR BB AL A O AR e (R s 0
B LA LR R BIA ) 5 A BN B H TR A & s R AT TR IT . IR
WAKIERL AR, $RH T — P AR B 2 o (R 26 R 2 2 o SRR AR A 5
37T R 8 A RE R EAC S B R, JF ELU Mo 425 1 P R AR A e A e o 28 Rt
AT ML A
I WIWIRES

N EDY R R TT S 5 ARG IR AR IR LE -

Latent z € Z Latent z € Z Synthesis network g Noise

Normalize Normalize
= Vo & Mapping
network f

BT
g

FC

(a) Traditional (b) Style-based generator

& G T (L S A R 73 H T [ e 28 I 2% B4 58— R AR B T4 3 6 HH AN P36 P A
25 gmA, T2 W (b) A 5 B T, o — ST 3 e I A 47k 2 ) 1 BV E Y
LRI o (EIX—FT ISR R, B 4% R RAE B SE] Z IR & 2, 4
JELRME LR IR 2%, 5 3098 8 1) r ) 20 2 ) W, 122 TR 428 1) 56 A 3] RO AR
FREHI RIS o @ P2 ST 75 A8 e, SCREAE R A 4D w S ke 205
Bye My B H &M A T4k (adaptive instance normalization, AdalN) i
FAIARRAIE 70 A1 BEAT TR A0 i L 451 -

X; — ‘U,(Xi)

AdaIN(x;,y¥) = ¥s.:
a (x?-. y) Ys.i O'(Xi)

+ ¥b.i»
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B -
SO AR B 285 g BOAS [R) 49 3 2 16 AR J2 i HH a3 B, dE i kg T
B R B AR « AR XS IS A A5 F B R VR i #% B by, X BT FH i 5 1)
2w A 2R To R IR Rt y, 456 a0 /= ok N AE N 2% g 81 23T
1 G

WA R

TR SR 1 A AR B TR AN R O RE U 2 SN BIAE B 2% g AR, AR
SEIUAE A [F) 73 2 150k w AN S, 34 147 1) 1 50 P LA S 4/ INRFARE 1 ) 538
Wk Ca-c) FrosfEA Ry # R R A AL AR U s ST AR R, P 2EAS
R HEE (@) BT (o) M. 1FE oL St 2 NG S A £ LLA BT
SEH P2 AL NI e S B SRR RS . JF H., (R R LN T 24
PAR BN E S 5 g b, WIS T B AL e ROR .

(a) (b) ©

WX H: TempoGAN: A Temporally Coherent, Volumetric GAN for Super-

resolution Fluid Flow

HSCER H - FH TR ST AR RN ] — SSOME AR SOG4

WX AE#: You Xie, Erik Franz, Mengyu Chu, Nils Thuerey
W 4L ACM Transaction on Graphics — SIGGRAPH-2018
Wbk https://arxiv.org/pdf/1801.09710.pdf

T 5% i)

AT 2% (GAND i 2 JUAEAE R s A AE BRR 2% B B AR KGO TS 1R
RHJRENE . XL TAERY], IREEPRMHARM L (CNNs) Befig A R B A & v
WIRFOE AT, JF T AR A8 i, AR T R ARt A RO B R o RIS, AHSC AR PG-
GAN FE MRS A A il 73 e (0 E AR BT T AR I . (HAE, IX S8 i
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U HAHE T AN S TR o I 0 R i I 18145 U2 25 & R, T X LI 8] {5 B AE
DL R G e R RS B HE I E S, 5 RIA 1
GAN J5ik, DAARGE B Bl g, T i ORIL I R Lk

I IWsRES
AR SCAE Z HRFAE 22 (B 45 R AR 5 AR R SE A, 3k — 2D o5 A2 il B AR B
TSR g A 2 5t I R O 1 SEBL_R H AR, ASSCHE AR il o 5N R 25 1

PO RFE S (B ) L2 25k o AR, 25 1 W 4% 110w ) 45 SRR A 22 X 2% 1) ) 45
SHERARINAIR, Lk, ASCGINF IR R HOE 5

Ly =B 2 |[FG6) - P,

JUR R IR 2 R )3 — B2, FI SRR LR (K WO W S, R ML AL I,
PP 25 AN 2 Z T AN 1 o 38— 204, Dy 1 A A= i it Hcdis B A I T — Bt
MR TN L2 5K PR AL

Lo = ||G(x") — AGET), i b5

BT B 4k S, S 4 B S R R R K A D A A A
AL RERS N T AE TR RN IR . MRS /ME S T U-Net #1 ResNet, i
it skip 454 low-level {5 2 A1 high-level 15 2. . SZIGIE B X Fhigh ¥y 28 51 B AR
PG ot B A

/4

VD, = G(x) T /Dy = G(x™1),G(x"),G(x)
Ds(x,G|y) - -| . T L D, (G I)’)
H

,,,,,,, o G(x™1)
lﬁ 32* 64’ 64 64 64° 64° ({1 h

SCEE VT A B 4 BENS S e A R R D, JE L R LN [R) b BAT B
TR o st 875 320 P B I ) 25 KRR 73 3 A s B R 58 il
THER = 4EAE EARIRAS TR RCR .
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W H: Temporal Segment Networks for Action Recognition in Videos

FRCEH - F TR D IR RIS 1] 23 B 2%

WICAE#: Wang, Limin and Xiong, Yuanjun and Wang, Zhe and Qiao, Yu and Lin,

Dahua and Tang, Xiaoou and Van Gool, Luc.

WICH AL  IEEE transactions on pattern analysis and machine intelligence (2018)
wICHLHE:  https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=8454294
BT 52 17) f «

7 D9 TH AL BB AL B ) E N s, B TR AT 9 iR 2 4T iR
ol e P ) B BTV o A G IR DT VAT AT S B MR AT S A, XA R R Z R
L) A S AR A Pl S il e A 7 2R B AT JE Il e s B, R ADEIRAE
JER5E IS B K R A o AR IR BRI T BT AN OC R TR B K I i e i
AT
DI IWIRES

Segment Based Sampling Segment Aggregation

r

F
|

|
|
|
|
| HighJump
|
wald Ll |
> Segmental ! Class Score
Consensus | Fusion
|

R SR RN REAT 20 B B BN — DI AR BRI
FRAB B # AT PR AR, — AN B B AR R B AR R 4 (CNND A5,
1113 53— MR GRS B EAT ARG AR 4 (CNND B8, 522 /iy ik

185



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

I 2019 N L& Re K Rtk

RIAT RGN TR P AN R B A, X SCF R A B =N B B B, =4S
K BOHAT 8. NI 58 BN P B ) A

W R

XS S E P ) TSN 79248 HMDB51, UCF101, THUMOS14, ActivityNet
v1.2 PLR Kinetics400 ## F BkAT 1) 2 SERS, BUS TIRGEHIFS R . 2R
RGB 1/ J& M 2% 2 B SRAR B e int IR, IX 08 SCER IR 77 925 R 68 AR PR (1) Sl s
.

W H: Non-local Neural Networks
HHSCRH : JF SR A 4R X 2%
WX AE#: Xiaolong Wang, Ross Girshick, Abhinav Gupta, Kaiming He

W HAb: The IEEE Conference on Computer Vision and Pattern Recognition- CVPR
2018
R

http://openaccess.thecvf.com/content_cvpr_2018/papers/Wang_Non-
Local_Neural_Networks CVPR_2018_paper.pdf

Tift 50 ) e«

70 UG B ARSI . A0 2R 55, KBRS KVE B N A Ak ok
Ze— MR EER N, (LGB T, I R RO s A kA 5
TP B B R 2 A R H o 787 FIC B s an A rh, 38 5 4 FH A A 22 Y
CRGESTIN P b PR B I A 25 2 (A (B 2R o (H R S AR A B AR AR B 02 S 44
HEE AR Vo B e, XEDAPAS i 2 4 R S R AR &

IS IWARr

52 3| non-local mean J7 AR A &, VEE TG HAEREBAEL, & n] DUR &7 Hhfh $
i 1) 2 ) 2 P A0z I 25 A5 25 1) A A O &R o B R SRR B ) 1 R R 2
s o
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DL G S0, SN B3R R B B RFAE B & — AR N (T, H, W, )Y

PUgesk s, HOR XA — M ERIREE S 5 — A 2GRN B B BT

C 43 LA, 2 JR£8id softmax 351 —MERA(THW, THW)HIHKEE, %

55 5 — BRI E ORISR, SR EEd — R E SRR
FEHE RIS 2 o

THWx3I2

TxHxWx312

| g 1x1x1 | | @ 1xlxl | | g Lxlxl |

I TxHxWx1024
X

WHTEs R

YE#&1E Kinetics. Charades A1 COCO ##54E F&F X A5, H AR IS5 AT:
ST T SERy e MU RAT S, 1E Kinetics 28 £ L, i R =) S A () )9 4%
[ty topl K E4s L HLBEUE KR THRZ) 1.6 N 4 s, tops FEEEILTHZ 1 N 4
®i; 7E Charedes #lidE IR EEKEE RLH 2.3 NE 7 st B ARk T4
i, 7E COCO ##lidE I, 1EFHIEH AL AH L LI HE 45 52T+ 1.4 £ mAP.
SEIG A SRAE N 1 AR R A Hons T 8 57 B Hh BB TR R B AR A OC 2R A Rt

WIEHE: Squeeze-and-Excitation Networks
G - 46 S N 4
W AEF: Jie Hu, Li Shen, Gang Sun

W4k The IEEE Conference on Computer Vision and Pattern Recognition- CVPR
2018

R
http://openaccess.thecvf.com/content_cvpr_2018/papers/Hu_Squeeze-and-

Excitation_Networks CVPR_2018 paper.pdf
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T 7 I e«

] S S MR B T 2 TRV R AR OR AR SR T 28 PERE, I >, (854 3L
R EIBLE AR R, 11 ) 55 0 BT E, AT A5 0 4 S ) B 27

58 7 vk

PEHI SE #iHt (Squeeze-and-Excitation Block) 45 [ 4 Al ih 9 4> 5% i 14
VB, FI R B RRE @ E (8] 5 BTG . RS SINBT A 4ERE, T2k
F T — Rl 43 B AR AR E SR o 3L o7 = 1 77 2R B Bk BB R AR T TE
HERRE, AR IR IR XA E R R AR T FH R ARRAE TR 1% 24 BT 55 AR AN R
FIRHIE . W N E PR, T —3KBARO8(H, W, CYRURFAERE], SE BB & SEiAT [k
ARRAE, AE7S R 4L RN RHE BT 22 RT3 B — N R 2 R 5 B IRHE R & .
HR A B EEE, (Ef X — B B AERIF RNN FR g pLHl, Ed—4
A RROE 2 N AN RHIE I TE AR A, AR = T I SR R W AUt R A
AN B] FROAH SSE o d S BEAT EIIASAR A, 3 IRV 328 10 T 4 R IR AR e 2
ANHIRFEE E, 58 BUAFE R 72 PR A -

Fa\' (W)

X U Fy, () M ———— MNTH X
Ll = \ /////
H

H' Fir H Focare (27) ‘ |“
W' W W

' C C

WHITai R

35 7 I 7E ImageNet 1 COCO 4 FilbAT 1 BUR 73 2R H AR T 55 11
SeBG . RS, 2 HILL ResNet50. ResNet101. ResNet152 e, AT
SE FREL 2% 53R LL, topl ZrZRiRZE /N T 1.51%. 0.79%. 0.85%,
AR GFLOPs R8T 0.01. 0.02. 0.02. £ HFsk&ill{E4s F, 1 Faster
RCNN #i8Y, 75 FFM% LN SE BB B s AP i bL 3L AE M 25 & K2
2.2~2.4 NE 53 o WSEBGSE AT LA HY SE ASBRoet T35 B W4 4% 3 SRR T8 1A
WK R MR
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LER -
WA H: Neural Ordinary Differential Equations

HHSCRIH R 4T L) T
W AE#: Ricky T. Q. Chen, Yulia Rubanova, Jesse Bettencourt, David Duvenaud .

W HAb: The 32nd Conference on Neural Information Processing Systems - NeurlPS

2018

WICHBAE:  https://arxiv.org/abs/1806.07366
B 5 1)

A AN E WY 28 A5 Y R RS R HE B T B, A2 — P B U P S I o T 2

VEE 2 R 22 W 28 I BRARAS S B A B2 (] T B AR S A, SRR 25 BL
(10 )22 PR R 2 P T 52 P 7 R 20 D 2 A 20 27 g 0 o 20 DX 28 A Aty SR AR () Bt
SFPA, B CH B T RER A T 28 (ODE-solver) KR fif M 25 St . it
G B R R BB M ) B T RARAND R BRI B A AU R T
(adjoint sensitivity method) ¥ ODE-solver #2465, FIH B T3~ ODE X [
PR SE R XS TS MBI, TGS SR SCVE N BB IIEAR R AT o oA R TT 5
2 1S H F #-2% ODE-solver, AT BATE SRAF RS 5 5 0 52 (B2 AT 745 .

IS IWARrS
AT BARE A ResNet 5k 2 1E+:, Ron TG 2 i 51Z)2 R K
T

hiyy =h; + f(hy,6;)

T 557 2 e ST DLy ODE-solver HPICKHHEIATESE 46— Fh g
Wetor. RGNS, BN S EIONR OIS, B
B S EEURTTRL NI IS, T 3505 ML 2 A B A 0
R LR MR -
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I 2019 N\ TR RER R

WA JZ hO)fi A, i thJZ h(T) T BAE O IR T A IRE I AERS )25 T i
ff) L& ODE ffif. T EIg 1 B2 M 28 BTt B ) B AR & 1) B Bk o B, A
JAP L 5l o3 77 RE R 28 (R BRSO

Residual Network ODE Network
5 5
4

=38

a

[

82
1 /
05 0 5 0 =5 0 5

Input/Hidden/Output Input/Hidden/Output

A I S A B SVE R SR AR IE SRS IR X1 2%, TR HL Ry e i REAE AR X o - 4
HIRUEAR > 78, SR SR K 2 R BRI WA TH A BB VR 22 Sl Hy
ODE-solver MLy RRARMARL, SR f B R 5 20K 8 45T S50 I i) AR A £ P4
I, [FI AR R BRI A7 T BB T Rk

Liz(t) = L (z(tg) 5 /t ’ f(z(t),t,H)dt) — L (ODESolve(a(ty), f.t0:1.6))

FEBE UK 5K A T S 1«

z(tn)
z(tp) 2(tiy1)

State
alts Adjoint State
z(t \_/* ]
L ] JdL
IL A dz(tiiy)
dz(tn) : A aL
l\--_7 I I | Oa(tn)
| | I I
ty t tiv1 i

RSN TR 3G ) R RSN ] R G, HA S FRARIR AR 2% e B TS
IR E P 3 o U SRAF R B M T L 2 LN RS A PR BER S B M

S I AE AR T R0 s A ) s 3 R T 3R AT SE 8T . 6 T L ) 2408 1
[ A 3k R T
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Algorithm 1 Reverse-mode derivative of an ODE initial value problem

Input: dynamlcq parameters 0, start time £y, stop time #,, final state z(,), loss gradient 9L/az(t,)

so = [&(ty), (}z(t| .0yg] &> Define initial augmented state

def aug_dynamics([z(t), a(t). -], . 6): i Define dynamics on augmented state

return [f( (t),t,0), —a(t)" 5'5 a(t )T:—’%} t- Compute vector-Jacobian products

[z(to), dz(to) (()j‘é] = ODESolve(sg, aug_dynamics, ¢, ty, &) > Solve reverse-time ODE

return %, ‘(‘}‘é > Return gradients
WHtas R

TEETE MG R IR B % 31T %%, MNIST B 537725 FEGIE T ODE M 4%
IPERE. LIRS RN, AR N B IR MR E ML, ESIRERR
[f) ODE M2 HA7 5 Z A A MPERE, (B &/ N IFEKRE 1/3, IF HAAEER
P AF SR P LA m] AR SRS EE AR A R TS O

W3 B H: The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural

Networks

G H - R ERR T R B AT R A 2 X 4%

W 4L The 7th International Conference on Learning Representations — ICLR2019
WICHuNE:  https://arxiv.org/pdf/1803.03635.pdf

Wt Ia] L

[0 288 i L 1 42 X 2 3ok P 4 ) 8 FH SR 2 — o R R R i v =

P BUH R RITNZR. BT E ISR, £ RN FE T CF 17 RS R/ I 2k
BRIFBCE M TAliatl, X LR (B2 #BY 5 1 Mg X USRI SR, Bt
i S BT 2R 45 KA B4 o A SCIUHR HAE O ZR AT IR a6 R R 28, A7AE
F5E BT I E SR A AR AR A &, AR ERRH Y “h OB, TR
JER 9 28 A RIS AR B R VI 2550 BT 345 S8 4 1R 0 lofes B AR SICR B, il 2 AR
SCER M R o DAOABIL, VR — 5t gy il AR S A A R g4k 2
LRER” W7, 5 TEE VR XS EESERR IO 1 “ R 2RI BIAFAEVERL
LI A Rt
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IV IWIRr:

T HRBVE BHIGEHBE N IRG M2 ) <R iE” , AR R TaE4,
PR EE AE RN R30S, BARPI A SRS W R B .

Strategy 1: Iterative pruning with resetting.

Randomly initialize a neural network f(z;m @ @) where 6 = 0 and m = 1/ is a mask.

L.

2. Train the network for j iterations, reaching parameters m © 6;.

3. Prune 5% of the parameters, creating an updated mask m’ where P,,, = (P,, — s)%.

4. Reset the weights of the remaining portion of the network to their values in 6. That is, let
0 = Oy.

5. Let m = m' and repeat steps 2 through 4 until a sufficiently pruned network has been
obtained.

Strategy 2: Iterative pruning with continued training.

Randomly initialize a neural network f(x;m & ) where € = 6 and m = 1191 is a mask.
Train the network for j iterations.
Prune s% of the parameters, creating an updated mask m’ where P,,,, = (P, — s)%.

Let m = m/ and repeat steps 2 and 3 until a sufficiently pruned network has been obtained.

L

Reset the weights of the remaining portion of the network to their values in 6. That is, let

0 = 0.

X B P SR, AN R A AE TS 1R R UG S AT A AR AL T
ailllgx, g 2 R LGRS I BRI ZR. 1R i E T P2 S5
Jai, PR HEE R R TG B AT I SR SEIRURUE SRS 1 F 5 48 i U S
VERE 2 W R4 T30 2, RIS 22 J5 B0 S #2251 A8 24T

WHFtai R

MESEAE MNIST F1 CIFARLO b VR E 14 BRI AR 22 I 28 3R 4T % EE
SO, 4 R AR b3 SR A 3 1R B 9 245 I 2% R W A A B AT AR A A LG
THEPVIRAEA RN R B N e B RS Rl 3 4Rt JF BAE—
B R EORM L . TP, [FFEAE CIFARL0 |, RA IR
HIRI2% a0 VGG19 M1 ResNetl8 I, i ZExf /2% K HI E /N 22 S 2 IR 45 &
Warmup S5 Il ZR5REE A REFR S B R o MOREESEIGAE R, 1EE AR
JE R T 2V IRAUE IR S5 590 E . A2 N 42 A AR AL R 7T
T AE.
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WX H: Challenging Common Assumptions in the Unsupervised Learning of

Disentangled Representations

HOCREH - PR B R AE 5 2] T RS (R

WICH4b: The 36th International Conference on Machine Learning — ICML2019
WICHBAE:  https://arxiv.org/pdf/1811.12359.pdf

T 5% )

FEAE P A R R 33 AT RAIE 7 >0 I 3 B e Hode 9 2R G A i 3K P (x) =
P(2)P(x|z)%7, HoxRomEaaSea s fr, 2 Uk R4 SO ) iR A &
FABRAN R 7 BRI AH BT o fPERR & R AR 2T (1 H B[22 3] SIS RRFAE AR #r ()
AE 551X L fif AR Fo ()] JONS 5 28 5 (4527 2 IRV RFALL SE 00 v 28 B8 R 0 T R WP AE 55
SREBUE S IR AIE B o AT FA T O iR & R AL 22 ST B AAS R E e 55 X F
AR AR SRR W B, AR A AR RIAS R AN A R e b B BhEE

I WIWIRES

B NI Bag i — DN E LRSS 1S, R TA RO AR RS S R AL ST
T MO AR R AN AT B RN B . 350 1 BRI A R AR
MEHRE 1AL 6 MR CAINE SRR, BLR T DASFEIEEEER T 3473 L sk
Koo IXBEATRZUI LA T B AR

D & LAFR N TR 0 2 IR0 A0 e i B R RF bz AR 5, KA
YIZRIe R o0t G i 2 PR I AR S B I T 811 40 R A B s » 3%
b R YN G o 19 B B AR AN [F) 4 2 18] B AR S S AW _E T

— VAE VAE —— FactorVAE — O-TCVAE —— DIP-VAE-I —— DIP-VAE-Il

, Metric = TC (sampled) | . Metrig = TC (mean) |

L 08+

0124
o‘m-\

0.7-
0.6-
0.08 - “ s
g
2 0.06- - 04
>
0.04- L 031
0:2-
0.02 -
0.1~

] - T T T
.2 . 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.
Regularization strength Regularization strength

2) MLEFAFRITNERLERE, IS H R RT3 X 8 R i 2 1 g
DUV EE, XN T BRI RS ML SR LRI
JiZ EWLUE
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_ Metri¢ = FactorVAE Score _ Metri¢ = FactorVAE Score _

1.00 1.00-
0.95- - 0.95- -
U Z
0.90- 9 0.90 - g
0.85- O 0.85- 2
g "3 :
3 0.80- I s 0.80- §
0.75- & ~075- g
« 3
0.70- w  0.70- S
O m
0.65 - - 0.65 - -
0.60- | i i | ! 0.60- | ! ' ] -
0 1 2 3 4 5 0.0 0.2 04 06 0.8 1.0
Model Regularization strength

3) ELYE AT £ I FE AL SR T W55 00 46, IR T
ARIEIVEAN A ST RE AR O, 2 C R0t WA 30 F 6 93
LB BIFAEAR 2RI E AR AR LT

=s« 3-VAE e«*s (-TCVAE +*e DIP-VAE-II
« . FactorVAE **+ DIP-VAE-I vvv AnnealedVAE

Metric = FactorVAE Score

0.64- ]
E 2
[as] Q
e @
>0.56- o
<
g 7y
2 °
=3
5 0.48- =
w
0.40+ ! ' ' r
0.2 0.4 0.6 0.8 1.0

WHTas R

SRR, AR SCE S nim i 1 VA9 i AR T B R A SR AR S ) R I B BT
e ERUEM . SRJESRIRE Y, CEIEZAGH LT LA 1. XRE
ALz Je 980 7 A NN B AT 23 20 RO AN B DRAE 2 A AR & IRFIE RO s 24 It
Z RREHLEOR 1 XA [R5 VR L RE RO 2 £ 28 I A AR S R PR REZE 5% 3.
£ AU MFRS S RALTERE R B AR T, SEUF RS & R R EAS N IR SR A
MR BRI 242 T

75 HHHEIERE#HR

bt AT A BRI R ) e TR AV 2 AU D5 8 1T
ZHIN ], g RE G ZEHRELE . BT, PLas AL SE . ST
WU S BB FUIB T 17 2 2 R0 R & O R e, B ST 5 T s 22 5
MW RS, A 5K KR TR s AU =4 A,
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ELE R -
i H T TG, SRV IR ERE X 1HENEE 2 RE AR, —4
EE A A RS £, 5 2 PRI VAR B AR A HT

BE XTI PR AR LT SO T 2% B B T 2 U AR D18 3, X2 A Y 25 R s i 9
W BERFTIE R AR TVERAT T 25600 BT, Hif 7o s F B E | B
>] (Self-Supervised Learning) . 4x5t7r#| (Panoptic Segmentation) . 4% 451
%2 (Neural Architecture Search) F14E a6 HT M 4% (Generative Adversarial
Networks) %575 1H .

B M 2 > 7 B 2 B R A A S5 I B AR B, BRI 55
A RE S BRI A 28 TR WA 55 (R AE LS ON (T I S AC AR 55 RE S AT 2, X 48
FE BRG] _E B B S ) ) 7 AR R A 1R s BB KR S S A QR AL 55
ARG TARMIPE A — L2 TARR L A% O AR BEAT R IT 52 1 Pl X besi >
PRI o GEE s S A PR A P I 9 ) ) e B S e 280 8 P A A 285 T AR A PR3
bU, A3 735 2 S AN TR AR AES 8] — BRI A AE R I I FH e K AL ELAR BAE T i i &
I

£ A I AR PR (- ARERAE 55 7 K Il Fr o Bk T AN 7] 23 B 8] 1)
FAXHE B B R 70 BT BUJR RS R B, USSR T BRI B S0 B kAT #h 4
AN Py AS [ B E e 3 T AR EL T A o H RTAE BUR S BB 2200, S 1E RE R Al
(K353 2 BT SR BRAE B A ST ZR 2 Bl JE b 1 5080 P /AN B A RS R
REHE—DIRITAIT R, TolE S )R S lOR A2 B2 AR SO DAL A B AL 1M/
N HATTC B 2 ST R 52, B B AR ST DR R R AR5 BE AR R £
YRRy, AR B2 K,

RN EWEN— NG DT E 2018 SR, &) B bsA B ¥ B
AR E S L —ANE SCRAA — A Sl 5, A — AR, st #IE
V2 AR ) MR b A — AR E S BT IR S0 R T I S o E 4 5 O3 R4S 1 2
fili b, IR S BRI = AT (1) MR R A S 25 1R A 5L a1,
2% 3+ (backbone) TR TR ZE S5 (2) HZEEBHARTTERZ
[FIAZH, @EYRSIE S BRR R (3) R A0, ok Pt
SOREHMR . BRk, BAVKE DN HAREIEN TE. 2F0HER A
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BT IR AE S, 323 TIRRIOGE, HAl AW aER i Ed, B
IR K1) R J s 12438l

H R L 5 S WA R B S R AR 55 R UG T AR R R esh, £#
B I I T R PR A2 X W 2% 45 A e T 2R AT 3 i - B s AL 28 80T B AR 44
Wl 7 EH SR SN A H b o B SC AR 18 A sl 1 55
IR LAR UG B IR 28 50K, ER X BT VALE T S AR b 7 B AR K T R BRI,
DR 1 i 8 1) A A1 R A (e gD B AR AH b 18R T [ e v B A — IO
FE, AR, WEFEN GO TE 1 a5 I R AT, K2 it H AR5 B AE
P T AU Pl 48 2R I TR AN ey I 2 R 2 o A AR A ) A i PR A A
MBPHE BRI TS, DA RO B shR% L. R, itF—
6 TR P00 2% S5 A 1 R BOR Y™ B4 IR JEE X 2% A S AL 1948,

FEPMG & T T, 3R 51 AN SRVE B TTAE 2 AL BO 25, AR O $70 0 2%
B — AR E% G AT — A H P4 D AR ZE R4 G AH) M 25 D 7EUIZREY
BAE XU T AT 5 20, AR 2% G 1) H b AR RS AT e ELSE ) I 45
FU I EAN NI TR ILSE B s i A0 2 D AESS WA & ) R
FEFUSEIIE R AR o R P E XSS SRR R, B G A W A R
KRB Fr o HATEE O DTS T, 2 AR AL S DU 268« 43 K o 50D i
TR T S8R P E5CE BN R 125 1) At 2 3 S 0F 7 g g 49591
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8 ZIHMIA

8.1 ZIRFHS

“Z AR —1a) B H IE S “Multimedia” , 1% 1A & B multiple A1 media &
AT, ORI, BE (medium) ZETHENLIATIEA P& S R Ie 10
GRS, AL Judt. WE . B SATEAEAR S, TPOCH RN TOReE
(s BIEAR, Wi, X% BE. BEMERSE, e Esih, 2k
BRSO IR & . JLSE,  “HA” WRESIEERAH T2 R
THIH A (D EBEAA (Perception medium) #1581 BB N 77 A B4 B 1)
Bk WS, BE . SCARSE;  (2) RIREER (Representation medium) $8 112
N T ARG AT N AT T R SR 75 Ui 5 9w L Fe R AT L ST A54E
(3) SRR (Presentation medium) #5172 F 11845 H 3 S 5 AU Ak 2
[F1) 77 A B 4 PRV B4R o A B L BB L 4T ERBIL SR s (4D 744 ( Storage medium)
TR TAFBOE P AR R . anglok . WAl WEBL, eft%E;  (5) Rk
(Transmission medium). fi& /2 H AL Lo AR BEAR .  H AOA W in 2k
S, her AR,

LR BORAA BTN FE. SO BB shm. PURANEE S 2 R
RET—RMIBOR, BB H 288 A e A5 B, ] SEELTE SEATL A s BRI R AN
BB, IF R eSS ENL AR S F ARG &K 17 PR AR 4,
RERE R ARAI = AR FI M o DR L 2 AR I T S L AR AL 2 257
T HERE, 25 AT DA s MG AR KRR 2K i o 2 AR EOR S L N &
B
® CULARMIEILE. SHSHE. R

® HURKH: FHUESALE, WE KRGS EE A T S IE S B
KA, REAIISE,

o TULKHRAE: 2 BHREIEE,
o ZUMAWER: ETAFNEGRIER, WHRE;
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o UIMFEAM LA BHARFED . U AR SCA

o ZHMKEESHMAZEM: CSCW. il RS, VOD MRS

® THURLHRAER: ZHEMEL LA EOR, 2B H A f 80K
o ZULARNAEA: CAl SIEREHE, GIS HH T HiER, 2 AR I 155,

8.2 ZWMHBAREZRFHE

® JAEKIEMIE

ZUABORE)— M A%, BIET 20 A 60 4EAR. 1965 F, /Kb
(Ted Nelson) JyTHRHUALE SCARSCAFR T — FHE SCA Il B A <SR LR
BRI, FFONRRMITERLEE T — AR, FROy “hypertext (HEICAD 7 . 5
LG )7 AR, HCA AARZE Ty SR UCA, (T SEHLRE NS i L ) L4
L RENS T fE SR B 7 S 2. JT4ER (WWW) B2 RS B IR R A T
HESCA SBAR S 3R, AL T AR Bl PO A 2 ]

ZUWRHIARSZIT 20 th2d 80 FAXH . 1984 4EE[E Apple A & 7ERFH
Macintosh UHEALES, S8 T 38 ETEALFLThRE, o5 AHLAS LA, 3 14 fef
7 AL (bitmap) « B (window)  EIFF Cicon) ZEHiA. ix— R4k
Pt RETEE P S (GUD RS2 I BIRGE,  n_E 5T AR E A8 F %
Fi& GUIAER, KKJ7E T H T E. Apple AFITE 1987 4E X EINT “H%
&7 (Hypercard) , ffi Macintosh LECN R S H . 5% ) 9 H g ab 3 2 Ak
SRR, ZEHENUH R BUEE .

® FriEfLRTBL

H 20 28 90 FAA LK, ZBUATIARZME K 2 BHARSR AT ST K
HOFAE B LN Y E O

BT 2 PR E — AR A VEROR, B RIS A S 20T S 7 Gl S
SANEE Z AT WA IR, H= b BN B bs, BRI R 70N 5%t 17 38 ¥ 2%
o WEBNHPEIR, IR HEAL A8 2 AR EOR ST I R . fERRIELL
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BB, WAL T IR AT T E e S B H O T R, SR MK PE#.
git, REEHEIt. BAE TN AR, 85 28R R

B BB — M siE, EEPREBEERE ATU) ) T.81. FSRIG M= x
#EFR N JPEG #rifE (ISO/IEC10918) . ‘B4 1SO Al IEC BEA AL & 5 4H JPEG
(Joint Photographic Experts Group) & . 1IEH TR ARG, 2 IKEIELL A
s BUR E Prbr it ZbRdEFE 1991 fFiEId, Hy ISO/IEC10918 #nifE, kA
“ZIKEFHAS BB R A AL

WA 2 5 B 10 6 B bR o 2 B BRbr AL 4140 (1ISO) FE I — A& X4
MPEG (Moving Picture Experts Group) fill =& ) MPEG-1 (ISO/IEC11172) . MPEG-
2 (ISO/IEC13818) #il MPEG-4 (ISO/IEC14496) =/ kr#fE. 5 MPEG-1. 4 2534
1 bR SR ATUD b, Eiazh B T7 1A F T2 1) H.261 (Px64) |
T Al IE 1 H.263.

fE 2 MR Ia s T BRSNS flE T — R E R (% 01-
03-2) , #N H RIIFSHE. EARIUBRAED AP, H.320. H.821 4 H.322 /225
— AR, #BLA 1990 FIEILH ISDN 4% - ) H.320 93k fifi. H.323. H.324
H.310 /255 4K, (EHBHIK H.245 #ihl 1l SRR V1 ok 1 2 4 g o A
45 o

SR JZ IR 1 22 AR AR AR HE I SR HE H BN T R o — /N SR bR v S A
B “Z RN BB B MPEG-7 trifE (ISO/IEC15938) . 5 & HIJL
A~ MPEG WA, MPEG-7 /& — KT R &MUE Bt & M-
AT, RE. WRE GBS (DDL) « MR, FAIR 2 AR T 5% O 4L
MIERbRHE, S AR — SR TR E 2002 4F 9 H SoARRHE
® EFNKIEN Y]

b 2 AR S AR AL 1 ) e IR, SO S) T 2 A R g . 1IRZ
ZUARARAERSZI T (40 JPEG. MPEG 25) TSNS H 2, FHAE R
BT . SUlEE, K& S 2 ARSI SR R G % T H, WG
HBH, BT REREAR R T 2 AR R R AR DA AR AR, SO 2 AR
e B RS BB T AT SE AR AR ORI, I8 2 WA B — AN 2 Ml i A K R
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R — Rt — P RE L HARE T RIAL B35 . 1997 4F 1 H £ Intel 23 )4
H T B MMX BRI FEEALFEES (Pentium processor with MMX) , & £
BT — Mt . SRS EREAR REM A = AT EPR . (D 1
T HRITES, AT ENUE A S B A 2 SRR AL PRI RS GRS 57 2 Bk
), RETEA MG ACERA ., HARETE SR .  (2) RS 2 H R
(SIMD, Single Instruction Multiple Dataprocess) &/ 7 #i45. 4. EEAZE
RO H A AR 20630 . (3D BRI WEnZeA7, b 1AL AEA
U7 ) P MG AT 4 H IO . TR A 3 454 22 AR I AT I B s g o, IR 20T
AR HAR— L85 1) D e R

a2 L CInternet PC. NCDO S — A3 B R v 177 i, 0 FEARATL T &
(Set-Top Box) « DVD. 4 HiE (Video Phone) « #i4£>iY (Video Conference)
SRS, RN T AR SOE A HE S R B S A (DSP)
gt H—F/W A AR, WHRAFIREIASR T, TG T ) 2 Ak
AEPR AR T o

BUE 2 BAR TR e N IEFE 1A BV IR UK e - T AR 5, 22 R
ZUARME R, RIEAGS PR 12 BA ) m 5 M, ke mid FLIEC R (R 38T— A4
oA A RS 8 R G555, 2 BARBOR AN E L IR AR TR A JE GBI EoR S 8
FIREF S T R G AN g e

8.3 AA#HA

® EERANA A

W TR R S WU A E AT DL, X T EAT A A
XZEg DBOLCNEEL, T BN 2 BEAASUR e BR 2 H AT DL

b AR I 22 A A R LA s BT B AT 28], Lm0 e R R s 22 2 g
o M T EUE H, SR A A SRS W 8 H B2 e R i 2
IR B AT 3L BN 0 A s BRI N 4 25 B R R oG 785 HLAth i R
P SNSRI X 2 AR R D 2 ARSI N A 70 A 5 S X IR 220357 S8
T BLRE—EL.
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ZUERAR

8
" 10
gt
a e &y
Bz b O@@ ,,,,,, .
o (TP E. 57 5K o < ()
© © @ O @ . @
S e X - &
9 o o @ €
Tor. At Tk . > Y =\
e o R
! !
@
- 0 uuuuu
Sapiad Nt ]
é ~ o @

E 8-1 ZHEHTHLIKFESH

BRAh, AEVERIELGIT I, 2 ARk b A L H 91.7%, LtESEE LT
8.3%, JithsAd bt Ttk .

Z EARSUR A ) h-index 23 A4 T PR, KEBZEHH h-index 73 Afi{E
R IX 3k, P h-index 7£ 20-30 XE] 1 AEidE %, A 691 Ns - ikl 34.2%, 50-
56 XA NEmd>, F 124 N,

800

700
600
500
ﬁ 400
300
200

100

0
>60 50-60 40-50 30-40 20-30 <20

h-index

8-2 BIRAUIFE h-index 576
® EAA

R 2 58 AR 2 AR T A T Bz o G B IRATTAT PR EL, 5
A X AEAGURINA B R, LGSR =AMBR=AX, M2 T, Ak
WIXNABONEZ, ZA A5 AL RGBS RA TR R [FRF, 38
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PPV B L B R A RS O, Rl 5 A wh . AR AR W FE XA L,
Hh R 2 AR U H B R AT — e IS

=& \LVVQ 3
™ ;@ ) @ W 1
2 (=) -
@ , = #m a @
N o o @
g S g 2 Sl = @

" =
aE | [ 3 }

it
=E

=

DRAE Wai Keung Wong

BiRfeR =~

)

8-3 SRR SUHTEZEE N
Hh (] 5 3 Ath [ 5K AE 2 1A U A A1 0 a] LLAR B AMiner 204 -1 & 4t 15
B, W grhe S EENRAE R, BEE S RSN E RS, dmgi T E
5% EZ REERSCEE, HFRBAEEIS OB EN & ERHEAT THET, W
RN,

* 8-1 ZREGEFESEESFILXRER

EEER WIH 5 % 5 A% FEH
GRIEEE | 676 18348 27 1107
o [ —Hin 231 6827 30 364
r [ -3 R 101 2919 29 166
[ -3 71 1315 19 143
SR 63 1261 20 117
HpE - KA 24 636 27 34
o [ - 4 17 412 24 23
Hh -y == 17 252 15 34
H [ - 16 817 51 39
SRESERvRES| 12 271 23 31
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EZ LSS =.=
M ERBIEFTLVE H, R aEiie e, ol %, #8H08ESe, £
SR TEIE 22 GRS S AF 2 & D) AR, R E SR SRS T2, #i 10 4
EPERARBEFREIEILG 58, ESMEEGERIR SRR R HE, (HEH
A B T2 5| RO IE SRR B S RIE S T BRIk

8.4 I ICHRIE

ISR AT ) 5 KT 2R 2 W AT SCHEAT 2, MR 10X B 2 AT 7
7E 2018-2019 4EMIF AT M TAE ., X Be L8 F #A T 0 45

ACM International Conference on Multimedia

IEEE Transactions on Multimedia

FA TS A TR S R FIHEAT 430, GEit AR Top20 (5], A A
AU A A 2 B, T BIFR - 3, 22 84k (multimedia) B4 (videos)
B (audio) 2 A&t R R S B A

convolutional neural .network

deep neural networks, ,: robustr i
Feature extractior]VIdeOS 54
attention mechanism

Image segmentation Streaming media

multimedia

Distortion

audio

Three—dimensional displays*~*~ .~ "~
wes  Visualization deep learning

generative adversarial networks

W@ H: Beyond Narrative Description: Generating Poetry from Images by Multi-

Adversarial Training

O H AR 8 2 PSR, M R A AR

W AE#: BeiLiu, Jianlong Fu, Makoto P. Kato, Masatoshi Yoshikawa
W HAb: 26th ACM International Conference on Multimedia — ACMMM’18

WCHibE:  https://arxiv.org/pdf/1804.08473v4.pdf
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7 I e«

ASCEZRIT T NG B s AR 7 ik . RIUES I K2 Hhi, S
MEHE R RBFFELR (G, WSEFRERE) , LR ARG 2 G A
AE S AT IR 37 R

AR

Deep Coupled Visual-Poetic Embedding Model | : Generator as Agent " Discriminators as Rewards :
.(b) Poetic CNN features | | I (g) Multi-Modal Discriminator |

I I > Cyle= paired) I

(€) Multi-modal space | | { & wos> 1 Paired o A} |

|

|

z
H !
Py 1 : :: / Generated O
® 1" Unéalred [+) I
-4 e am 4/ e
@

|
|
|
|
|
8
|
' ]
| ® N butiercups |} |
| I (h) Poem-Style Discriminator |
| .. o0 | 1" ) —>  C,(c= poetic) |
| : [ I ' Poetic @] ! |
= — i .

| o proty Towers I I I Generated @) ! l

ing ere apn nm: Mean pooing T ‘l 1] : |
e ! || Cosoweeag) ||
| <€0s> ' i
| T CH% — «2: I T ' Paraéraéhlco ; |

| ol |
| |
) skip-thought model ‘ )

| (a) image and poem pairs l(a) e;o UgM Poem (d) sentence features ‘ | (f) RNN generator ” Reward: R = AC +(l )“)C Jl
l_ ________________________ J L ()Pollcy Gradient —]

AR SCIE A P SR B R ) 22 X BV ZoRs B s 2B AR 553 7 DA A AR R Y
TAESS » AT ORiES B SRR PRI AR T 5 UG O 1 AR S B s R 2k R
SE R AR & HALOE 155 SIRON AT BA IR A 5 S0 B TR KX B, AR BN 37 357 O 1 AR
Rk o BB 5INPT FN N E KA T R 72, A3 24 2 1 2 A X
T 2 o

i, AT LB A SRR R D AE R, e N B R RO
g 2E ] B MG CNN RREAEA skip-thought ) BERFAE AR BE R & LA 135
TR, SRS, A Z R AN N RFE BHZE UniM-Poem F R MO HZ
BERIRRAR . XS R B EFIOR MultiM-Poem F) FEUG — A R T — AN ORI B
1%-Fr x4 4 MultiM-Poem (Ex)

1E— 2 F BT BB 27 >3 AR RN S 20 iy (14 P8 B PRS2 Ay 36 5 [A]
NEKFIIRKE S K (FrARATE— ) TS BEIREOGMZ 8, UL AT
TV AL S R RS RE R A TR, 3 B A2 R 4% (RNIND SRZE R B 357
FERAIX BTN SR, LB — DA .

WHtas R
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SUHA
ARICRAT T NEER M BEA DA F BRI e D F—NA
FRE I EUE - RO B R (B 8 X 292 %) ¢ 2) 184 N ibiR KA SLIEE
FraiE Rt e B A (RS 92,265 MANFEFFHD o £ MultiM-Poem, UniM-
Poem 1 MultiM-Poem (Ex) FiEA7T5E50, DAAERREMEREIR. A2 B Rr ek LW
AR PN T FFEAT VAL o i sE ST A RAR SR B AR 2 — S 1 B 3l
PEALARRR, IFHUAE SR RER A O L SESTIE R RO EAT T PSS, AR
HH PR A 2 O PP-A AR 3 0 PPl o 8 S8 7 T A PR A ol el ) B 7V 1)
S tkRE. XF 500 2N NRZIRE AT R MK, Hor 30 A1 h& 2R %
XK, UEB T A k.

W H: Audiovisual Zooming: What You See Is What You Hear
G H - AT AR UREITE BRI UR BT 2

W AE#:  Arun Asokan Nair, Austin Reiter, Changxi Zheng, Shree Nayar
W HAb: 27th ACM International Conference on Multimedia - ACMMM’19
WICHbAE:  https://d].acm.org/citation.cfm?id=3351010

Aiff 72 i) 7

BT & LRI, JEOGER 1 H bRl 5 2 8 B A BT 9. 9 T
AL SE_ BRI, SRBHLF G sedt 1R B Sk, (Ha2, M
BRI FPUTIIRAE FOV SR S50k AP RCRZEA HIRK . A 10
AR TR AT e B 37 DA DG BC AL BT o MESR S LA 28 S R e s 2 |,
WAL F — T A 22 5 XU A BN T [ B i 7 o BT S50 (B R
ARG AGEAEWT 5 FOV, BN FOV A fe 15T S EE HIE MY . A SO
ET s AT SCRFAEAE 1R L, IR 1 — M EER 3 T & B T A Aat k.
I WIWIRES

FER I LA, B3N 1 22 50 RS AR A T i, CASEIUAR T 4678, 10
7 UITZREIHE P22 20 o 3222 T RS BRI Bl WA B 22 T KRB A

SN BE ML R I BEN LA . WIS E e, A SCAE SIS A T 17 7
ANEAEFEFE, BOSITERERE: — MRk E FOV WRBIIZE 3¢ )AS 5 1 H A AN
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HAAS, 55— RR E FOV SMEFHIME 5 o Al Bl IZ I ANHE RS, T DL IS 53 7] FOV
0 i) > AR AT AAERS Bh e g _ERRAR RO T SCRFAEAE IR fL. O T e M AT i
AR TSR PR T IR R ZE VO E, RS TR ERE SR MR N T T
REMR, (MVDR) AP At ERERIIR R . IRIEAL, MR, 1S
THSHAN A ZE e MR o X EEHER O SRIR R it 152 . HAFIERfEH, 7]
DR ER VI RHIE v 2l o o

WHITEs R

ASCHRAE T SR 1B Ve 20 A LUR T B g 2 T XUR: 21 5% A i T s 3 14
BUAWT T fJa» P ARSI 6 L 7O 4a i % 308 fe PR
TS U E 1) 360° BRIZ R R4t -

WICEH: Emotion Recognition in Speech using Cross-Modal Transfer in the Wild
SCRE - AR R P S B A A A AT 1 U

WX AE#: Samuel Albanie, Arsha Nagrani, Andrea Vedaldi, Andrew Zisserman
WAL MM2018

WICHBAE:  https://arxiv.org/pdf/1808.05561.pdf

Wt S A

P GENTE & 1 BORHEAE 7 2K R AT R, SRR, B bRt
TR ANE I, AT REME R . AR IR AR A BB AAEBLTE N AR
TR IR B 1 I8 — 2, MRS AD— 2, ARSCHE ) 1 —Fb teacher-student 45
R, R R R R RE T, BUS VARG R SRIG 45
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SRR -

Face CNN | | Predicted emotions
Vision (Teacher) ®r(f)
‘.'I('(‘ 4 b

v

Unlabelled Distillation
video L@ (), 25(v)
- 3 B
A

eatures
Sound Joice CNN Predicted emotions
V u}(( CNN S
(Student) q’.\'(ll)
g andes Sy

Wt 5

R T —Fp T teacher-student 1) cross-modal transfer #5784, #4048
IR AZ S RS BaE R 2INE 2 o X T — B IohmiE AN, Ao b A5 0 7 25 2
o A T 45 AR AL T soft-label, #HEL T A\ F THriF ) hard label, teacher-student
A B A R T 118 5 1 IR A P e
W45 3.

AR EERAE B T KB AR I 18 4 R AR T AT, 17 4 I S I A
o M B8 5 o X Pl TR IR G AL 2 ST 2 WL, 1 17 S A B TE AR A ) ik ot 3R
15 7 SHR 2R RE, 45 Rtz & TRl . fE&IC/E FERPlus ZE#E (supervised)
ST T AR 2R B R H P e, I AE A B i B s S (RML AT eNTERFACE )
T G R A SR SRR MR VR B B T R L IR O VR IR R R R AR A
BRI LT, ATLA YouTube AL A SR I5 4 573545

WICEH: Multi-View Image Generation from a Single-View

MG H BRI AR il 2 R R

WX AE#: Bo Zhao, Xiao Wu, Zhi-Qi Cheng, Hao Liu, Zequn Jie, Jiashi Feng
W AL: MM2018

WICHhE:  https://arxiv.org/pdf/1704.04886.pdf

AFF 7T I 2 -

AT B AERRSA AR 0 BB B Rl 2 (LA PR T, 3K ) AN LBk
A o 1B B TOREAR 73 HEWT AT DT AL B 2% 25 5 ) VariGAN, ] 1 —Fh A
BRI 3 E SE BRAR R H RAL A BE s FER R SO 2R 5 3R 1A
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B . ZITEE 2N EERE FEUS T IR R 45

} latent variable |
, z~N(0,1) H

I, R Encoder | mmm Decoder g — ——I I,
| I
| I

Target Image : : LR Image HRgage Targe(tBImage
|

- ! o -

Iv‘ ﬂ _.r Ivz o Ivﬂ I’v‘
|
| I

Condition Image: :Condition Image;  Ejne Image Generator Condition Image

| . S
1 | ! 1
| 1 ! ' Neg

Vj “side” = \é\l:;g ! | o ' Pos

Target View : i Ing : I |

I
| Coarse Image Generator | | Gonditional Discriminator |
B T
I WIWIRES

(a) Input Images (b) Coarse Images (c) Fine Images (d) GT Images (e) Coarse Images (f) Fine Images (g) GT Images

N T R B B S R LA B I R, AR R T VariGAN, Bk
T (1) RDRLEE AR B 2o AR 20 4R T i) 07 QA ploont AR A B IR A2 23 H i
Mg LR ARG, B AN, il PR IR, A B b 0t 5
R R B ISR, (2) KL R AR P i B RORS A4, X BLI 2R
PRAF I, Ak T g B BB o A2 BARSEH T, MR8 BT 1 XU AE U-
Net SRS HIARL BT A il 2%, B AE MVC 1 Deepfashion %345 FHUE T BT
iR

WHTE R

ARSCHEH T —Fh AR A BT LS (VariGANS) KA i LA AL N
PSR BB S AR 2B PR o 1% 75 R AR 3 HEFR ) 735 SEBIL 17 R SRS 1 RUR A R
HAid, SRt BAT eI A B, R A s B e B A H b L
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SUHA
R RICEEARTER o SR J5 FRE 240 B AL s K 4 19 5 B e B & b, FRxd ik
AT I . W KE R SEs, AN AT DI B LU A i SR 45 2R . TH Rl
WFFE RS [ H AR ik it b % 2H e 2 1) =
W ICB H: Understanding the Teaching Styles by an Attention based Multi-task

Cross-media Dimensional modelling
SRR H SN R T B AT 55 AR A P S AROR B AR KA

WX AE#: Suping Zhou, Jialia, Yufeng Yin, XiangLi, YangYao, Ying Zhang,
Zeyang Ye, Kehua Lei, Yan Huang, Jialie Shen

WX Ab: 27th ACM International Conference on Multimedia — ACMMM’19

WICHbAE:  https://dl.acm.org/citation.cfm?id=3351059

N
W7 i) .«
15 passionate | . .
excited ® unrestrained @ mild
o |®unrestained e2cte | sincere ® insipid
10 L i passionatemwve ® humorous @ irritable
| sarious e g } lively @ resonant free
05 ¢ woried luent [ _— ® affine worried
1 e | sincereg .232';’" ® htap%y ® inq;rferent
[ ® strictly ® quite
Aoo . disgust_ B _.ImP.i.t.'en!_ E— - R - lively ® gentle
vague I et 'aTﬂe assionate hesitatin
irrabig® calm, ane pas g
Jindifferent -« gamiable tedious @ confused
-0.5 I mid easy @ vague
i L stiff ® calm
free ‘ i soﬂ“ o am\.?ble
-1.0 tedious | lazy positive @ confident
bored patient @ serious
stress dull i
A5 ! lazy @ tired
: . . stress @ impatient
di int | insipid it
S bored nesﬁalE\ged L bored ® fluent
20 | o disgust ® excited
| @ dull disappoint
: @contused ® active
=25 N T T T T , v
-2.5 -2.0 1.5 1.0 -0.5 0.0 05 1.0 15
P

UM R KUK LE S B 22 28 B 0 22 2 Al 38 E R o SCERT 1 Il 4y
R T ER AR UM B ER MG o BARRUE, SCERET 1 1) 40 e S iiiid A 7 2
IR B2 AR s 2) Ul 3ot BOM K B S B el (S5 AR TS A SR sh 1
WS 5 RS 2 18] (9% AR AT A

W9 71

B, He T BEGE YR EBAG, SCEME 1A YRR IR L T

(TSSS) , X KAk

e —

1T B B~

S FIIE . I ARECH LRI {1 10000

20 AR FIMIEAT OSB3 T, T T 8 H Y 41 DR USRI A0A
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JHAE TSSS BT AR IR A T 2 18] () A8 A%, BRI e o F58 S0 P A
Rl SCEHEH T — B2 TR R PR 2 B8 AR 2 AT 55 VR B h 4 ) 2%
(AMMDNN) , ZMHE& MRS HER . 7T S TS A RHE S TSSS Z A1
NTEBC R SCEFFH AR R E LRI 4541 RS RBS B HER4E, Bt
T RERMHALIERKITA AMMDNN XS BRI TSSS _FARFRE 7] (1) Bt
BHRUR

WA R

ghILR W], Frig i) AMMDNN AU PEREI (R F IR AR AL (FF CCC —3)
VARG R B, 4T 0.0842) o [RIN, SCEOKE T YEALER S KUK 25
BRREK, ATLATE G B, SEARSNM R KUK . B, SCEIEHEAT T L
(R BIRR AT, LR AN [ BOMATURFRE 2 8] (10 207 AU LA, DA KR BT R R vk
BEAT 7 o A A

W H: Dance with Melody: An LSTM-autoencoder Approach to Music-oriented

Dance Synthesis

G SRRt SR Al A AR B SR R LSTM-autoencoder 7772
W AE#: Taoran Tang, JiaJia, Hanyang Mao

W HAb: 26th ACM International Conference on Multimedia — ACMMM’18

WwICHbE:  https://dl.acm.org/citation.cfm?id=3240526

7T i)

[Data Collection]-b{ Feature Extractor & Preprocessing H Training P’[ Visualization ]

Dance Performance Input Layer Acoustic Features Extractor

( Beats Division ol LU e E —
llllll e ) ‘ 3 TR AT € 7851 Y Show Time
v < Bl L] _ {H,‘«!ur; SANNOAL
PO 1111 1 1:1:[lals) Reduced Acoustic Features o Optimization
— RO0RO0R00RD > Acoustic 0 b
[U—— B EONACNEONE { L 7 L,_-]
l o
\ LST™M Dense sT™M Dense | & Reconstruction Loss Prediction Loss
Layer > Layer > Layer > Layer | & ; Q
= Total Loss
.......
'P RSV v ¥
i Kz \x 1§
§QY Decoded Acoustic Features e Adam Optimizer
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EZ SIS TN “=
DEPETRSZ B IR BIRE IR o Xof 5 SR SRR G SR IO 2% G 0E7C ) DA it SRR 0 AN
AT NI TR 2 S NI 5T o RV ERIE 7T 3 SR AN SRS 2 18 ) 5C &R 07 T e i 7
MZRIE 77, BT H IR M ZR G VR — DI R . H AT
el AT AR D W TR & R IR RS E SRE, BIBOR R T A
YRR E SR AL 2) WTAR Y AR 2RI N R S A

58 7 vk

N TSI, SCEAR Y R TR A2 ML (LSTMD - H23h%w
RG5O R TR R AR R T 170 5 2 [ S8R 1 B HE 5 v AR, 12 R 5 A 4R U
B RIS B RFAE 2 8] (RIS, DU B A 1R 56 SRS 5 45 s 10 SR 888 P s e DRI, 1220
U] DL 2] SR AT R B LR R O TR SR 22, DIRIAH IR TR I AR
e, LSRG HE P RSV E R

TSR AN SR 5 R, SRR T AN E AR SRR AR, S 40
ANVUFP SR IE A ) S BE SR PR g HE, 3% 907200 Wi, FIREFEAHR & (Vicon)
KB o IZHERIEIC T JEIE S FRRI 1) i Ao fa WS 2 fr) el ARl A B 1 1 1)
BRI TERE G e $RHX T RAE 63 4EIZNRFAE. 16 HEFS SRR 3 ZET (845 brft
N BIER R o T 22 W28 BN R AR I 1 A3 4 e il o B R S B 1k O RFALE
H AT 2o K& R AR dda g, HizCE it 7 8.

MCERAT T B A E B S R BRI RS . BT AR — R ZRGIE,
R 1 25 R IO L R AE SR R R H A, 62508 T R PO SR PP AR (R B . 52
WK, 52 AAAERIAL, SCEPTR R BRI SR S SRR
FASRHIFE 2RI, AR S — Beahm Fr A | 19 22 A7 JEOR L 5T 1 SR 28 I 2R B
KAt

WIEE: MMGCN: Multi-modal Graph Convolution Network for Personalized

Recommendation of Micro-video

FIGEH . MMGCN:  H TR PEALHE R 1) 2 S R G AR X 2%
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W AE#: Yinwei Wei, XiangWang, Ligiang Nie, XiangnanHe, Richang Hong,
Tat-Seng Chua

W HAb: Proceedings of the 27th ACM International Conference on Multimedia
WICHbE:  https://dl.acm.org/citation.cfm?id=3351034

TIF i)

Item ID_Embedding

uopIpald

" [eee - ee eee||[ess ® ee|(eee

User ID_Embedding

*

:

:

. [EELLI :
N

MEIER R VF 2 N H IR T B O 9 TR BEOL5 (1 Rl
PEAF R %5, B EBEA T 5IH (BPEASN)  [A] A8 B DA Kok B & Pl
& (BIandlne, WragAsCAD FITH N . BT 102 BERER AT dh AR ORRR I 1
A FH 224285 A OR =& T H 2R, 10 R RSP R H 22 18] B4 232 4R 3 56
JURTR IR AR PO AN RSP AR 2 i 2 BTk ) A b o AR SR
FHFH P -3 3 22 HoR$E SRR A P IR s 22 2, IR M S
T B2 A B B AR AR BT T 2R BRI (MMGCND HEZE,
ZHELERT DLAE B P AL ) RS e A A o, DU AP i SR P i i o B
B .

I WIWIRES

FEREMRAS G — > user-item B, I AR JE B3 PR AR ARFAE
BN RN . FIP D SO SR RN 1A NI, P A2t mT A 30
BT . ZHEEERBRNG (MMGCN) BFF =M REE. HE3E.
Mz BERMTEMES A0 , K BT H AAHMAE i) @i
R R BORAT R AT RS20, R R S AN R & 7 AT g i A3 2 & A&
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R G TEMER BRGSO, B BRI SR I H 1R
I BT X RS A S, A B s ] DU 2 AT 1R S
A5 P SR T RF s S IR i ] ARAR S 17k o R R AR RIS B A FEM T
LLIE I I AR 7 B AR LU R AT 21

WA R

1E AN I ] ISR 4E Tiktok, Kwai 1 MovieLens _EiE47 K & 5256,
TR T 18 SR AR A8 W] SR AR T H AT ol 1) 2 S HERE TV . FEACH, fE
& W AR A T AR U P Al A R s AR« A Bt 1 — AT 2
T gen HIAEZE, Fx9 MMGCN, BAA T P AT TAJE 22 R 2R 45 2 A2
e, AETR KRR, IFE— DU P X R 4k FE Rl - £ =
AN ATFRIAR IS 2 b1 SRIe 45 SRARSF IR 1 IZ R . BhAh, 1R IE AT
T — BRI R s e g TR P A T

W3 H: Routing Micro-videos via A Temporal Graph-guided Recommendation
System

VESCREH - il i 1 7 51 S 2R S B Ao

WX AE#: Yonggi Li, Meng Liu, Jianhua Yin, Chaoran Cui, Xin-Shun Xu, Ligiang
Nie

W HAb: Proceedings of the 27th ACM International Conference on Multimedia
WICHuAE:  https://dl.acm.org/citation.cfm?id=3350950

Wt S A

FERLE LR, R C AL S AR AR s . RN, SR
PRHCR G, P & A A BRI AL TRE o E IUAE R B 5
X HERE RGO AT 1R, B H TR & o i H P BAT HBRARR (R 4R AE -
LRAHI BN R, 2 RIS REA, BRI e A1 Te ik LA — s (77 308
TR N T R Pox s 3, e SCHR T — N R S R S
(ALPINE) o HZe¥it 7 —ASHrstn 3 T I /2%, Befg Ak H 7 i3l
BB ZAENDGBEAT I FFE, W LA P B B S AR A il SRAN RO
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5. Btz b, JEI P R T B2 SRS BR G) NHERAARTY, 20 R
il 27 S FH P XA A I SRR o B, R G0 AT LB IS 25 RE _E SRR AL A R B R 3R

58 7 vk

2\ *;C Prediction Layer
[k

Interested Feature Sequel
E @

'*<>

t

Uninterested Feature Se q
.
O
.

Temporal Graph LSTM Multi-level Interest Temporal Graph LSTM

Q—0—0 OHQAQ
L@ﬁ A ] A ] A

Q @ O @) Q) @
¢EN) ﬁ N

T 1 t 1
C Item Embedding

EEE BEE E%%%

an BB FR, ALPINE BB I =AMy 2 il 6 T IRIRI IR I 2% . 2 2 0%
AR L T o BRI Bl M3 X 2 o D i Pl 5 A I 1 A2 M 2% 25, R R
JUR) R AR ST P SRAT N, A R IENAS ) 2 RE R RO ERTAS RO R R ALE
JPol. 2RO Z R P oG RURSEAT N, W P ORI R R T
5. B, TR P O ERRHE P 1 L A BOGERRRIE T B SR R OR,
I3 K AR VR A ) 2R 7R 5 A RURFE I8 IS Vanilla Attention 15 238 38R R,
I 2 R IR ELAS B ST, 4 = ANV 53 IS 21 5 2 1R Tt H

FEPIAD IS BT SCS, UEW] 7R H Y ALPINE B AL A 1l 55
FBAG 7 ELFRIVERE, AR SRR R A AR o A R . AER T AR, REE
ST TR B LSTM AR AR REURs Ui i 2 HAR e 8 7
LHE/NAE DI NI S B IPAT IO (B p 9 DRt e N I LR B R PR L S
T 7 AT B LSTM AR AL i T ANRIRGAS L SR 1 AN R LR 08, A
HFRE T 2 SR RSB R ORI 9 ] 7 8RR o EAh, 12 R LS (1 A
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PEREAR RIS B E R, IS EEEERE. N TRz &, 1EELERA
NIEEIRE FHEAT T ORE L, SLIGSs BAE R Tz A Rk

8.5 ZIRMFRAER

LR, BERTUEORIEE, ZHARBORR R, SIEARZ 26T
BRSO BORGE [ F o BRIz — o ZEAR I UOOR, B, FE. M
A5 22 T AN [F) S AR AR ) B ik Tt B, FEZ B FE H B — 5 T2 AL TS HLA
#NKI 2GR Gkl W) BRERE ST, 5yt N2 AR TR 23 s B A
FIAR L B NS S B A 57

EZ LT NI IRT B RORATE L L LN EFSY SHINE A0 Su S Ve R TE I TN 2 /LN
B SRREAR. ZEARTH SRR, ZHEEERESME. ZEANE 24,
ZUR ARG B I VEIE T, 2SR EIH 5T HUE &R
iR TPEALNES . ABIZE. (B R 24, e MgE L 2R Xata ik R E

%o

A 9 4 22 AR ATURIT A A T B R AR B A A b 2 AR AT 7T

RS NNA T, R THREEUR . S R A AE 5 T

1 2 AR BRAE A 2 2 A5 B R B (B in— BOOUI FR AR AT 2 RN
BCHE R S SR L5 SR RERE) , SR Bk BN 2 Bk
SR IESE R SR

FEVHSEEG T T, RO S A T — AR W e ), JEHAE SOR
BB R PARTE T RO, BeME AHLAZ FARE R AR T AN 22 > B U Rl A
EIRERE T2 K

Te B 5 2 e AR EIE A AT KIZ H br . H TR 2 Uil KRR s,
{EE X L A e B 0 i i o RGBS B 5080 B PR AN S R 37 55
REEHRIEATIE MM IR R AR IC B R 250 (hRid i) B o2 >
AR O UG 7 ir 2 .
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HAMEEINLE %] (AutoML) Foc2:>] (Meta Learning) 8% 8 ik 52 A R
T JLAE 22 WA 1 1 87 FH IR T £

FEEUG 48 A B T7 1, A — S AL TARRIR L 7 2 F T R B S 46 J5
KeFE, FFHER] T IRCR . SR, BUA TARR)— A T B AR TR A B IR
FEMAE BN E A, TR, AN BRI oK ol A2 AL B CR AN AL 7
RS2 (B A — N, S R A AR A A B

B2 4% (Graph Neural Network, GNN) £ 22 IAA453 (1) N2 FH A& 30 P 4E 1)
R FTT ), B S A HERE, inBE T 2 RS BB M 4% (MMGCND
2 S HERE 700 RS, G 3 T BT D9 2% AT 3 S, 22 A0
BE, R R PR AR 0 2% Ay B S AU ) B RAR DG s BT SOAR AT AR,
A FFR B o 70 R 7 S0 5 AR 4% (A-GANet) B SCA R 337 5t I 2 ST kA
REAEZEA] ;. ARANOC AR TN, G F A RS A2 X 2 (DOT-GNND il i B4R 4 A
AT 1a]

% Mask-RCNN 55 RetinaNet )& Ji€ - Rt 7t H s, (ELRI{E 4
B, N T F e 2 AR AR OMAFAE 15 2 B, it S IAR H Ander i i)
AHELL (backbone. ‘head. scale. batchsize -5 post-processing) , fH#£5 WX 4% 48 {448
% (NAS) AR AHRLRE UG 0 (FGIA) 25 3 AN J7 TH A8 78 MR RN 1 BT
W, JCHOEIE W, RO AR KA SE YA I R PR A R FU 4
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9 AHLZEFAR

9.1 AMZE#HR

AMLAZ H. (Human-Computer Interaction, HCD , & A 5 iR ML 18] 458 B
AT 55 BTt AT BOA5 BAZ#d A2, R — T THF R RSS2 A58 9% R 2 )
RG] LRSS FEPLES, BT DU T ENUL I KRG AE . AP B Sl
WA R sy, PR AN B S RG A, JRHHATERAE. AL
AR HEARTENH P AP ERENE L —, 5%, APLLRES, O
AR A S RS B VIR R

H AT T ANAZ B LB —Fp: —& ACM (Association for Computing
Machinery) RS, E¥ AHLZ B2 N AR B RFE R PG, 52
WEAR S 2 RBLR R AR 2 8% AlanDix B A Al 9 AAL
AEH AW TN LA AR T Z D840 BAE 7 R, 2] AFLASE I E
RN AR B O NEIRSS s =248 ML K% JohnM.Carroll [
WA ARAAHAE ELAR /2 A DS ] FH PRI % STRISE B, 2 50 T BR AR AN 22 FH P
SRTAE BB AR, FFRELEAE R R B G RO R ok 2 — e
XT7E AWLAE R I 1 S o) FUAT fe N 57 S 8] B 5k 2R e e

MW HEARR R 5 B AT KA BRIRR, ERAEE SEOREA
Az, RN, TR Z M IBORTTHE . ART— R ROR e, e
H AR EL BT (00 IS AR » B 010 IS P A8, 17 R R e 2 2 5 R » ARV PR A1 2
i AHLA HLHENS J vy B3 T [0 A 7 B0 s 2 o) AHLAZ L HENS BRAR ™ ioh (e 8 50 F
JEA e WA B, ] DU B A P AT b B A R A A RO, 38k S b T B iR
SIR IR . EDACRARR It B, R ZE ARG THENLEEE S A
ARFATH TGS, AL EHRKER L, & T ENRER R EENE, A
WA H A IS BHAR . N GEHARBI T #7718 B,
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92 NN\ ZERRHSE

MR JEDT S, R MNTE R FALE T S LAN B HhiE NN AR 5
AZ HL PRS2t EAR 8 ) A N\ o 2 A5 2 A A 0 1 o A\ 5

9.2.1 HEBEANXZE

H 32 B ] 1 BOARAN AR 35 i A PR 1), BB AHLAS ELAE B iE BR8N
iR VSR PN R R SN R TN R A RN AU

o HKF TR

XA A AZ L A R (BASER TR SRAEATHEEHL, AR
FLERAFAERIL A (BB TR &N 5L
o (RMIEHIES LA LS

X B BURF R TS 2 B A — R 03 AR AR B AR 1R 5 BE
B 1 5 B AR AT A I8, BAREARIL VT 2 M A AR R B A, (H O
A BOME R BRI Ry T T AT .

WLITHE

~ -G,
Rz R
[ @D

9-1 M LITREMRIER

T H

® KL At (GUD

I 7 5 A = SRR 2 S T BS T . WIMP (Window / Icon / Menu /
Pointing Device) AR, EHEREHM “Pr WEIFTS (WYSIWYG) 7 . HT GUI
a1 205 b TRk A SRI T Sk BRARAEAL” o BRI AEANEETH AL
AP AT LRI, TR 7 NEE . B RS B AR B AT R K
J&.
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o L R

DA SCAFRICHE T HTML G SRR HTTP Dy 3 ZEREA R 9 45 30 5
M A R ARE . HETEEI I 4EM (World Wide Web, WWW) L4
A4 Internet IISCRE . X ANIAE EEARMRE R K ETL,  H I E AR A K H
L, WHE RS MK, ZEAkshm . Bk T A%,

9.2.2 BRAWIZE

[t 5 1] 265 P 3 B PR J AN TC 2438 TRBA K 5 Ji » AHLAS ATk T e 2 K11
PRARAIHLIE, LS R BRI A B O A T AR, AR RA IR
TR mRAE MBS, P E 2 A A 2 E A& my, A5 B,
FEE AT I SIA5E, (RIS AT 36 LA SR I R #R A S T o R N (1 25 o i 3 T A
AEEE (EE. T5. B8 ML, ZIEEmA , LUMT. AR 77X
5 CAPEAE IR THRENIASEREAT S, A8 AATTAAR G122 7 A SR 2 fig
i oA, A AATTBE N B RIS 1) AMLAZ ELI o 3K — Iy U3 3 AT 78 N A B0 455 -
ZIMEAZ . FRIHE. BRESEM. BB RN SISy .

® IHIELL

%38 H. (Multi Modal Interaction, MMI) &1 4F ks & & i —Fh AN
LHEFAR, BEEN T “PAAKNFL” BERAEEAEN, WiEsh T BB AN
Hrodk (OFERETE. BahilfE. MRS 285 Kb kb,

MMI
HR/ES &
¥ BE  |&
— | | T : =
e FR# | =
A e 8 ~

[~
= KR53
AR

2D/3D |~
«— | el
19 ZHRHEE

9-2 ASITAEMSRE
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MMI J&dia “fii 2 FhEiE 5 EUEE R ANLAZ B30, #iE (modality)
Wik | RIS R PAT S BUR R 5 B B A R AE 5%, WS 1 HRAH
Rt B, Fal. T Sk3h BRL . s, M sk o KA
AT BT ENLE P SRRy 2 BEM AT o B, ARRKEHKNZ
HEZEEAROFEFE R BXZE, EETL. EEE . BrsK. Mg
PRIEAOR | fi o 838 1) 77 S A5 B AR TR S AR A G 2 A5 PR R S5 077
T o

o HERANLZE

TR A 15 B EE B SR 25 MIT K2 Minsky #0% (N T8 Re Q46
ANZ—) #EHI. HifE 1985 FE %2 “The Society of Mind” Hhr¥gH, o] AAE
TR B R A LTI R, e THLES SEIU RE i /B 4 R i A I k02, ik,
T v SEALIG B RE T LETE LR 08 B AR AN FR IR BRI AL L R SR TS
FUFE N LR . X7 1H B TAEE S E MIT SBARSE % Picard 2% 4030
FNA B TAE. GG —in W Sa i Picard 4% T 1997 4F R & E
“ Affective Computing CIEEGTHD 7 Hhfg i Ifgs i Ve X, BMEBOTH & ST

IR I A DL R T TR T B

MIT XHE RO REAT 207 LT 78, IR A U L N, & T REAN
PLRL G . HEASLIR =S HP AR ST TR . 1IBM AR “ IR
R, AME TR LTE N BT AT A, W N AR B A AL, B AR RNIE AR
AL, B IR TR BEAMZ A FHETETE 11 RS br, TR
TR I A R TR A AR AR TR P 1 . CMU R B0 7 v 2 it L. H
AAER AR AL BRI FLh, ARSI AL 2, EE L PR T AT AL o
FrnlEAS —JERIE, HARKRE e A A 7 B LA Do E W XAT — I, SRemiiis
4000 %Jt. BEJEHEAFMETHAMEGUE L BRI AT A
A EERREMEARYE, AAEE BRI, AMRENEs .

® RIS
RELILSE (Virtual Reality, VR) J& PATHFE L AR X O, 85 G SR H AR,
A2 RS Y B B SRR AR A . W AdBR S 5 T = A B A A,
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PN R ERS %N “.
Bhh ER 2 A5 B AT A BT R I RBEAT A EAR L AHELRENE, R DL AR SR
JS7 L SEI B (RS2 ARG . RE AR NRAER R B AR IR AR R i ™
A, BB R TR B SR B E R, 2 SE A sthiE SRR ] B 2R A
SEINEMBHARR

FEMIL SR AR BN M. EFHOTH, K VR BRI T F5 5k,
R RGNS XIS, H3) T HEFRAMNKE. WEER SIMNET,
ACTDSTOW. WARSIM2000 FlHEH2 5 2006 55— F: 5174 2 M i M 45
BREO7H, VR HERCHPENA TEMTFRINEG. RS TR .
AR PMEF ARG, FLeNH OOy 7 B AN ] B B F BT, T
AR 1, VR BARZ TR figiE . it 3R, AL TP 25
REIENF, anBIZe. AN EORSE O 2 2V 2 TOE T T EN. #E
WA T, VR C& BN IEREEE . KA ST R RH 2 T
B H AN AN RGO SHERR . AR TWIE . KOS
% 4B A VR AN [ SRS T H R AT

& 9-3VR BM A ZEH2E

® HREM A

BReH S ALUE Cintelligent User Interface, 1UD #2307 T 2038 ALAE H.HI &
R AR AR AN . BB R B, S A A
B ARG RIEASE AR A R SR ST ANLAE B B R SR = ZEAE R A
TR REEARELBANIEE, e 7 AN ER AT M AR FoR SR SR
TR P A AR R, R AN AR B SRR P S R R, TR S T
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RN EUR B A S e 2 @ IE R N T 70 A, B AU S T 6F B 3 B A8 B SRR
2%, BREH P AW EATAROE S AN RS SR .

BEeAR. RH (Agents) ZERRER AT EHEEMC “A S MM~ 7. Agent &
—ANBEE AN AN HAA | EAT AR PSR HAR I B IR R4 B
REMYT Agent R 48 mT DR YE 7 1955 4 A0 7 L0 B B A AN PEALRE s O SRR e« 26
FUbEAR, BATAT LSEBLEE N RS F P @B S NN . SN R
G, WA SARER, #ES, FEEEN, KRE, EEGIT T
B, NHPHEIEE, AT, Ky Mgy exgsE. AP @siirm,
H RIS 22 >0 2 FE A P @Rk, & 4. Bayesian 223 DL EHERE R
Gt A FE I (R D SR S AMA R P B o T N S T TR, R gy
AR I 3B FH P B FEL R S P AR AT A AT 55 AT S5 BE AT LU 2 3)
FRMAES s T, A L2 AFIESh iR D
& HARBFAAZH

2 TR BRI, B EAA RS N ZIEWAZ bR TR, T
H 2 AH &G, 2 H AR M AHLAZE TG e B 2815 5 403 (Natural
Language Processing, NLP) A&21# F H/AE & FITFE NI TE IR HEOR, oAb

HARE S G EA R “H” BT, Prol BRE S A3 X i B 4
B 5 FM (Natural Language Understanding, NLU) .

AR B ARG 5 BB BRI R BT HAR 2 12N, BHE, oaf
BRI 119 R 51 BB AT SR B ORE SRR, B2AE S AN B A £ R e
TEA R 55 AR 2R N AL 55 77 Tt R A T o PR A P i s M AR v ) S P B
FA L Btk R B R ks H A

9.3 AF#HA

® EERANA A

o P ] Tt Ry e AU A AR TR DL, X T AT A E A A
XFE OO NEZL, R B AHLAS BLATIS 4 BR 2 5 A 1 DL -
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a0 ® = el 1 e g
=S e ol =T 8
9'"' SR ,&L- T 3 s Nitoy Canguly ()]
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& 9-4 AN AZESEEKFESH

b PEIRR A 2 2 4 il PN LG M A7 B 3R AT 21, L o 0 €00 B R R 5 3
o IZ I AT LR 1, SEEM A HOR R4 B B H - B A e AR TG 2 K
WA Z WNA A0 NI NA E A/ H X, AR k. B3
WAL X IR = F AR WD AWIAC BRI A A1 5 & X R . 23St )
T LKA —.

BEAh, PRSI LB T, ABIAS E A S R L 84.6%, LotbEEE
bt 15.4%, FtEZE Sthms T2ty .

MMAE AT 53 (1 h-index 3 a0 T FR, KB4r%# [ h-index 4> Afi
KX IR, Hrh h-index 7 20-30 IXIAIM A%, 1 842 N\, [HEb 42.1%,
50-60 [X [A] iy N\ K/, £ 136 A
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® FEANA A

L S A HAE NN BTN o A B @I T B BRATRT BUA L,
FEB X ARG A A BE R L, HIREK=AMEBR=MAMX, M2, W
bt X ANA BN, 1R A 5 XA R M TR AT R R [,
LWL R E R A BOR T O, Rl S H RSt Hr EAE AN
AR b .

\" 3 | ¥o s N A’
P, =0 @e } wn
NG ¢ o Zhenxin Wang ax
-, Heiall 5 Iy
N S 7 s 14
a / S AT a2 L
oenng, k / @
§ D
<, Giong Tran | |
e}
£20:
L RE
L ESS
L3
DRAEE
BRfE ?

B 96 ANZESSHESENT

H [ 5 H A [ 5 AR AHLAZ ELATS ) A VR 1% 1 AT DAR A AMiner 30851 & 20 #7
B3, BRSSP EE RS R, B EE B RIS ANE K, g
[E 5% E 2 8 &S S BcE, HHgREES ek #EE N & BT T HR,
WRRPIR,

*® 91 MR EGEFESEEESELXER

BEEEEK WICH 5 % SER 51 % EER

Hh -2 142 3505 25 375

Hh - F A 22 371 17 45

v [ - [ 20 207 10 59
H - N3 16 279 17 45

Hh [ - 11 ] 11 224 20 39

224



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

MBI BEHA =%

- R 10 35 4 21
25 9 26 3 22
Hh - O 8 193 24 20
- 7 174 25 20
- A 22 6 140 23 13

M EREIETLVE H, RGNS 9l %, B B8RS, R
SR EE NBLAE AU A 2 %00 tehh, T E SRS RISz, /T 10
PEERARFREIEIS 5%, PESEHE, T ES5EESERIRSCrRE 5 H
HHGER) T s, R SRR Ehse, kG EEE TR RIKF.

9.4 RIS

A A U B AT 2R 2RI SO AT AR 2SR
1E 2018-2019 4F (il AR FME TAE . X LS PRI T A 4

ACM CHI Conference on Human Factors in Computing Systems

ACM Symposium on User Interface Software and Technology

ACM International Conference on Ubiquitous Computing

International Journal of Human Computer Studies

ACM Transactions on Computer-Human Interaction

recognition challenge user interfaces

mobile devices

virtual reality

wearable smartphone

haptics
interaction design
s USECIS

social media

augmented reality

interventions

user study aCtiVity recognition

BATXF AT AS S S B R HEAT 04, GEit A 35 Top20 Y Sefdia], A4 piAs
SR RS A = E, w EEPTR. Hd, B Cusers) o RERIEISL C(virtual
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reality) . H45RILSE (augmented reality) e A< AT, 5 35 ) e ]
W@ H: Guidelines for human-Al interaction

FoGE H: N TR B I

1 X AE# . Saleema Amershi, Dan Weld, Mihaela Vorvoreanu, Adam Fourney,
Besmira Nushi, Penny Collisson, Jina Suh, Shamsi Igbal, Paul N. Bennett, Kori Inkpen,

Jaime Teevan, Ruth Kikin-Gil, and Eric Horvitz

W3 H Ak : ACM CHI Conference on Human Factors in Computing Systems 2019 (CHI
2019)

WICHNE:  https://doi.org/10.1145/3290605.3300233
G ML=

NIRRE CAD U PR e fie 265 P S AN AE ELBE v ok 18 LIS ATk
il o BAR AL ot AFT AL 22 LY JEUU SR B L2 dE 4T 1 20 AR I09RT, Al
it 22 5 2 BRI T AN QT R AP D AL REHITSEAR e el [P0 A2 (RS2 FH A Wi B
M R A B At A (FE e 1 18 s VAR Al T 2 A
P75 BT AN AL A E IV BevbhaE 3 48 I RIR I S8R S AR R IR R 5
Al XA TER Ay AL BEHIMSRAL 7R AR rERAERE, B EHESI I R
6 AN TR TR MK it 1 TR SR AT D% [ BB I8 2, I — Q5T 7E 14

I WIWsRES

SRR T 18 AN LA LIRS, JFHHT 2 R Se B R IR e
AR, AEEE NP, B 48 A BT LA S R 5 T AR
20 T2 AL A AL BORSCRERI L 77 b

AR EASS: GLABIH BB Al RGERIRE T s G235 P B
SEXT AL RGERIL (AT AR ) IR .« G3ARYE L F i i Ak 55 i LA
T AL G4 oS BRI H P S HTESS MRS MRMIE S, GE.#{RH]
FURES 5 HAL 25 K OSTACRTEAR — B0 GE.) S/ Al RGIITE & M AT N vl GeA7
FERIZIBEN R AN W, . G7.PRIE T ZEIN GE A & HIRE AHGE B0E R Al 2SR
55 G8.LRIEAE S 7 {5 A HUH BRZIE AN 2 ) Al RGERST: GI.MRIE Al R 45 H T

226



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

PN R ERS %N “.
PR DO AT g B0 B IKE B G10.Al RGUE A E I 73R
o H I RT3 AT3E 2 i i B DA AR T sU I 55 GLL M i Sk Al
RGNAT T e . Gl2.icEM P Bl A EAR L, e Z 42 THE
BE; G344 KIIAT i, SRAMEL IR GL4.F#1k Al R4ETH
e HEAT B G BN R R4 H P R BT G651 3R E HH A L AR
i Al R G0 A AR AT G16. B [m) F P AR AT N AT REXT Al R4t
R AR ST RBIFEN ;- GL7.1L P e 5 4= R = T € i) Al 2R GEts s ) s
FHAT ARG G18.K Al RGEHIAR S IEI @ A5 H 7

ARG AR S e B R R RS 5 Pl i s e S R . R,
BOA & B ISR XA I, i 0 IR AT RE AT AR B
ST AF AR B AR It -

TR TAEREEE TA DR AR Al &2 5 RZg 0] Bt Er, HEE
EHT ARSI B o AR AT ELgE— 2 nag s vH Al Al TR &4, 7R
B 8 FH g — A2 B A e B () VY 5 AS [R5 L R AR S 8 O~ 1l - D77 T R
JRELN s
It 2R

A0 ZF IV, A 150 £ 5% AL FHSC BT @R R IUEEIE T 18 %%
XIS Al Z BAURKEH R 2. BEE R Z KRR H L AL AR
NUREN 7, AR A B Rl I R TR S S IR LA AR Al R H RS .

AR RS T AN B md N TR e Bkt 20 Z2ERIRER. 8%, &
WA, 2RI L RA M E . ANFET I R T ek Al BB EER)
FHEEXT AL MO N TR, A BT IR M B O, B B T AEL Bt
AR TR EE SR, A, ER B RUHE S S AR B AU 1 G FE DA
FATEAENE, G R B AR SEPR N F TR B0 | R AT IR, A LSRR
W H: Voice Interfaces in Everyday Life

FGEH . H R A TR S AL
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I 2019 N THREA R &
WX AE# : ACM CHI Conference on Human Factors in Computing Systems 2018(CHI
2018)

WICHAb: CHI 2018, April 21 - 26, 2018, Montreal, QC, Canada
WICHhE: https://doi.org/10.1145/3173574.3174214
BT 5 17) S«

I 5 SRR 22 R R 7 i N IR S LA S TR VUD Tl A 5=
H T AR F B E SR T BT T R TR, (R E A 15 A8 R A
A3 g P R SR A R . VRS DA S 9 3201, 5 R T 3 A2 BRI A
HE G S FATI B P b, LA 76163 5 R BOTE R AR FE . SCEE IS K
FONTEZ M =AM VUL R BIERE, VUL R &G 08T, wit 58 R
7 VUl I R Z R 77748 .

W 715

AT U HC SCHR A e s i 3 A i A= ihiag i Jiids, ad = 7 K
BE— A H WAEH Echo S AE R, Wak T I S LR 7S /N N 6 10 T AT A
. MUBEE & Bh TR, AR RIS 2 B W AP MdA Y e HE S B 104
A LTT R LGS B F TR 18 Fe e, ARSI F I B BR et sh i iR ik, A~ B &
IEVE M REHES TR L. B F AN E )R, M af E8Rm, A0 Hitie
=R B H P BRI R 7 3 F P = B g Y R A P e 2 IR 2

R A A FL O AR AR TR, )RR R 42 T
MABURT T SRS H AT o (TR R TR 1487200, T35
BRI R B R A XTI SR B, (% ERITES N
VUL BB RIS B TR B

WHTE R

AR SCIE A B S SR R R RS BAERL, R TS A R I T S
53 G EERIE R R IIBR AR B S ThRe T M, P EAR R SR T AT
NWE 2 VUL BRI A SRR 1 P A VUL IR R fik 5 R 42
R B P = R R I 5 2 VUL I B AT S 5 (107 vl
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PN R ERS %N “.
ASCHFFURAR AN 1A E B TS P IR S H . BRI, RZ )
T B FE LB R T HIK . BORN R 8 RS S T, ML A st s
FHRNZBEBTAR S, 6 N &R EMIBT T VUL TS & I BR i hg
HESTE IR HTHE . “RE BT a2 1E L SRR & I 1 55 P A S5 00 T 2 ik
HT&ET” BEHEE.

WA H: TipText: Eyes-free Text Entry on a Fingertip Keyboard
FSCRRH 80 BRI PTE AT INFR AR A A\

W AE . Zheer Xu, Pui Chung Wong, Jun Gong, Te-yen Wu, Aditya Nittala, Xiaojun
Bi, Jirgen Steimle, Hongbo Fu, Kening Zhu, Xing-Dong Yang

W HAL: ACM Symposium on User Interface Software and Technology 2019 (UIST
2019)

W HhE:  https://doi.org/10.1145/3332165.3347865
Tift 9% 1) L.«

Bt e R R A S G TR S, NATTBOROR RS 22— 5 T 5 s 1
Bl H AR AR B HIERE, T HRHE I iR R T e —
P BT G A2 7 AT E R RIE RIS DU, fif 5 GERTERERE
TR, A ORIRHRIEAT fide) 1 3RSl CEAM T ORITESAL) o XA RT P4
T3E B N 2 B A SR AR ) 5 R A o AR SO T H AR A FE TR A
FHINBE A A B RS AT ARG IE AT VE, JFE e A P SERIE ] 1K
Tl N J7 925 7] LA B BAR AR (FESE R 40 /N6 Jig 1 B2 7T DLIA 34 73 e
B2 13.9 AN HRD

I WIWsRES

AHFAE R A R Cuser study) ARSI REE 5V A0 3 T H H B 4T Bl id it
HAUE (computer-based simulation) KT A5 71 B AL Pk % B 5 i s 4 A
&, IS Cstatistical decoding) J7 ik seBlCATIN, fea @it
VAL SESS Cuser evaluation) SKAETEEMNHANIL RS HIVERE .
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ImwAI%%E@ﬁ%

ARCH - RER A BB B R 5T N BFR R BE AL (RIS B 2 A B
FKUATAL S 9 BEEA) , FFEAIE B E SR N Girt i 28 QT 45 & A —
i, TR T RTRVE BN ST N R A o

ASCEFE T R T HEHE T 530 (computational design) /5i%: @it
Je KA/ B P B, PR I SN LREAT KRB AEL P AN 1 7 2R B AL PN
BEAMGIEAT R XA S 50 F B R R, NTIE — MR 1
T2 B hORR T RO R B T B AT S N ST AL ) B AL A

FERAE ] P Sl B, 2SO B R A 1 78 R 400 57 o S A B st 57
K53 R SIEEER RGN 3D Jirxk 51 B4 & 15 AORKSH B BA R 15 S AT
BARTRRAVIS BN, A5 2 B e R Rl o SR 7 T20RE A S 3ot
FUAT RN BRI R, SORREEORIIE 1 SER a8 ™ .

WHITE R

AR SRR R B BT 3558 LR Y B A o IR SO N
155 b, UERA TSRO B R AT SO H AT R RIAT I, AN AT 1N L
FHLHEARE, e\ 1R & 8B &R S ARG Bk T
Z AT aett . SRR TR B AR, RE P AT N B O R R R AR
B TS ATR, SRR B T MREEIRIE R R AR S, A VA
PRI 72 N R GMERE, it — B UEl] 7B T Ha s ) A Rt 58
RS ANAESS o

ASCEG TR BT AT ST ARG, Oy AR ] TR R
Z R S RN B X A AR A T AR O . SRR, AR SCGEAE
HUHEBOI S, £ MR R IR 2] Pl 2 )i, &R E 7 A7
25 RETRR B T A R R R U EAT R o AEH P P B R R, B R GUE
BUH VAR R SRR AT R, DAL REFAPERE . (HA3 5202, AN
B4 W UIST 2019 E3RAF T fe B SCHISRAE, FEHRBIE T8 — v Bl
SR AR A 1 I 1T SRR R AR PRI AR S, I FHRE A% P ) SE IR [7] 32 R
TR — N E A ATAT RARYE PP SEL R il i, Herh VR 2 5008 K it ik
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AT HA -
FRITTERE SR T SN R ) @, 25 BN ANHLAS B AT T SR B £ 1Y e
e

W H: ElectroDermis: Fully Untethered, Stretchable, and Highly-Customizable

Electronic Bandages
HOCREH . TR S AN IREE, AR H. v AT E ) Y TG R

WX AE# . Eric Markvicka, Guanyun Wang, Yi-Chin Lee, Gierad Laput, Carmel
Majidi, and Lining Yao

W3 H4k: ACM CHI Conference on Human Factors in Computing Systems 2019(CHI
2019)

WAL https://dl.acm.org/citation.cfm?id=3300862
B 50 17) S«

TSRS R AR KR RS, TR T BT (R SRR
F 1 5 U AT WU YL AU o SR, AT 1% Soi L T B El BT AR
SR L s HA SR B 0 AN N IR AN 9K o ARDKRR E T s i 1 k2D xof SRk v
T LSRR R Bt 5 HM SRS N A AN 28 . AL
LA A B, AT 5T AT T B R 3R T A S R 52 L 5T ) 76 8 A B0 T 390 13 IR
R, I S SRR L R A K Rl Al R RS

I WIWsRES

AR HCH U - IR RSB L #IE . e Bl i i S0 Jaxt
Frwt SR IREEEAT 1A, 3R B RS MR, IR R R
PR TR SR o IR SR SR A Ko N R AR Y TR R T SR . )R
BT T ER VRN RO AR R TARI 8

Bt TR CEEEIR T BB, SCfe )l i L #E4E 3D
ESE i PANGN U EiCH w e RpRE - O RE 0 R R 1SN B D VAN /K C R E ki B A
398 JUART P T B, AT 5 SRR S DDA 4 o PRy 1 B i R A
LR TR T S AT B FII, BAFEN 1 B A ilds, A IIfE
IR B e 1 A HI SR A o
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I 2019 N\ TR RER R

ZIEHGE: ACRH T ZEHIERN T2 8. ASCE et ifml 7/ A
MU T ooasfh, I, EHlds. & TERERSE, RN R CZINLE REIRE
WURERRAR 328, BARE R4t AT a5 . ASCH BT B KA. 55 K3
H ATERIAT OO FI B U s . B R E IR GF RSB PR RERIAA R = 28
VRSN, AR 4 A SR AT S A A s 308 P 1 PR VR B ARG R e 26 AT RE B, T 52
FRPRGE M A1 5. AT Z R PHER, H ek i)z k2 PDMS BEE E
FFREAT IR, SR )5 8 IR ) S e AU 5 2 BEAT R, R A ) RS T U
EZ AR R T oEE, R RS A S B e R TR S

Dhegfs: AARE BT IZ L 2R 7 2RI LA N 5, B
AU AR, Lo b A B, AT R Sl (1 RETUEE, AR I 4%) 1 A 1 LI
AR, AT BB TR AT, R A s R s S . R iR
BT BIRIESERG #AN L 1 AN

PERE VI . A SCH I P AR BEAT 1 AR . Sl I S A I L2
L A R R RES, 1E 1719% AR (500 3 5 B8 A 32 21 B 511
SN AR SCHBEAT 1 EHALAH I E, IF R DAL ek P Bl AN T0% M A2 T L T, 5
I PERE 2 R IR o AR S, A SRR 7 5B 2L SR Ak i
RO TIREFHIZRIE

W4 R

Ao | — B B RME B A B AR R, 8 2 R A R B
THAIAD BRI, (615 i AU BEWS & M T AR RIS B 5, RN B U5 f 4L
AR . X —filiE T Z Bt AR T BT B i S A N RIS L B
HIF A

ASCHIWEFCE FOEFME TB RER R, AR 1T bR S 1 A
BHESDE ] ZF B AT o AERIERNE B T BRI RN, ASCEE RIABOR
A Jee 21 S FH I shIE A AEAN NI ZE B, T OR AN — Z2BE i 2 —mll 2 il i 3
THRIIE , AR f T LTS SR NS PO A3 BN Y « ASCHIE S FE 1
WNSRAME T EET ) RMEZ R IE T 25 el M RPN R, R T I
LA NI, R RIE AR R =55 G B it i, Se 5 1S 1 A seit 21
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AR -
SRR BN AN PE ., KRR T VAN B S5M BRI RS XELE
Wit S #H, SR AN B AR R ) — A B B A0

W H: ReconViguRation: Reconfiguring Physical Keyboards in Virtual Reality
HSCE H : ReconViguRation: 7 K401 I 5 A 37 I 25 47 R B

WX AE#: Daniel Schneider, Alexander Otte, Travis Gesslein, Philipp Gagel, Bastian
Kuth, Mohamad Shahm Damlakhi, Oliver Dietz, Eyal Ofek, Michel Pahud, Per Ola

Kristensson, Jo ~ rg Mu ~ ller, Jens Grubert

W HAb: 1EEE International Symposium on Mixed and Augmented Reality 2019
(ISMAR 2019)

WICHLEE:  https://ieeexplore_ieee.xilesou.top/abstract/document/8794572
B 5 17) L«

124 Nk, BRA R EAG R @ H A T BRI SE (VR DUEAE R
PRAE T A8 R BT A6 - ASCIR T T A 72 > A VR ITTRAE , 2028 VR
BT VB AR A T S AN AR . VR RR 1A A N G,
e B YR A ) B AR, Ol B AR SRR 9 N5 VR ARSI
FIRE P RARR R 22 8]« RAGRE S 1 5 AURFIR 545 N AR - PR 5 3K
RESSCAAL RS . T B RS, MO Nade . ITHRTERR . 2 e i i A A 4L
fidzm 2k . fEEAE 20 L P S50 Il IR N R AT, KB
ITHE VR H2 T . AESEIERE SR 20 T 38 b, 5518 1 VR s B A A A
B R R I ) SR PR AR R AT REE, IR T 2SRRI B LT 1]

I WIWsRES

AWIFAE VR FEFTC BV BB A K28, IR SE 1 20 44 B P ORI AL A
ORI P AT Y. o, B PR 9 A VR SRR 7 R VFAG 7E VR A5G Hh BTG
BB S T P AR . HR, I 2 A A AN N IR AN IR 1 R A
TR BRI 22 4 IR 22 1) 0 9% 2 DA SRR 22 4 IR SUA g N AR RE 22 B) AL A o de )i
A R AU ik 2 2% T 0 AT 7 e A BB A (R AL B R B 2O P AR SR AT 1 e
. NI4T
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I 2019 N L& Re K Rtk
T E MRRR R N T 218 5 BRI 5, o e g ft
LS RS AR RS S BRI AT R CRLT R R FHLF 1 2 B8 ED

L FIRE P DR T5 30 R A% G A v B3 70 P2 B S ) B s AR e B L it
T 3 TSR B

RSO TR Z:: Biidmegt B A Microsoft Word HH %2454 Gl A4/
RAE N R

B VRS R A EHTACE OV B VS BEAS, 44 Fh n] DAY B N 1) B

HE R 0 A AEBREAR K — AR B LML e T SR I T A I, 3%
AT A2 B R DL e ket I R

T4 SR - AP R B A BT IC BT R AR, 4% T b R A B B
A LATHB R

AR RN R BB SRR 1 T B U AT L SEELRE SRR 2 A

el 2% B R0 —AT 10 MG BN 4% AL STRE Ik ) ik 2%
(LT MacBook Pro _F[f) Touch Bar) , @it A M Fe s b 3% odt g .

WHTE R

ARSI I T A PR B A B A R NS e, R T 9 NS VR AR
W HIRE R : RAGAT S 16 5 AFIR AT« SRR FPAREE 7 30 BRSO A P
RS A RE s TR R . A N OO R iz 2%, JF I8
5 20 XS 5HBATRIHETE, Pl T AE VR BTG B EER AT, K
UKL N FRE P E VR 2wl FH I o E A5 KRR I B s 4 m] DLFE VR A DL i
RGN 1EN VR 2R FAE S5 IS A e &, I BT B T4 | E 55
LR BEATERCE, EARKRE VR M A B G RIHT 5 .

AR VR FIUOR MR 2T, 8 7E VR P55 SR B A A5 R A
Thg, Pl 7 EETACE AL A AT, SR TR VR S S R A
BB AR T 9 VR ML, B i 17 VR IR A R A K HR 7 N 3 5%
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AR -
JRIL T AL G B R ANAE VR RNV 1. (A — 1R, ASCIETR A BLSLFIiE
SRILSETZ 22 ISMAR 2019 _E3R18 T BB R 2, REERE T B RES
FIEANBEE A — M N A TE N T VR, JHE &3 PR o8 T

HBIRVER AT, 25 VR Y ABLAC AR 73 2 18 R AE %

W3 H: VIPBoard: Improving Screen-Reader Keyboard for Visually Impaired

People with Character-Level Auto Correction
FISCRH : VIPBoard: 38 AT K EH B 2 B b ] - DA S B e A

18 A : Weinan Shi, Chun Yu, Shuyi Fan, Feng Wang, Tong Wang, Xin Yi, Xiaojun
Bi, Yuanchun Shi

W H Ab: ACM CHI Conference on Human Factors in Computing Systems 2019(CHI
2019)

WAL https://dl.acm.org/citation.cfm?doid=3290605.3300747
Tt 50 i) 8L«

FEAS FARBEAEBEAT SOA S NI, A0 B ) P SR s B A8 H 118 2 A Rl
BN o BRI R F R A RO 2 4 1L A R TE B e N BRSO, i N BRI L
TIEAT ] ARG E ) B B A48 DhRE . ASCHE 1 VIPBoard, —M7E AR RAH
M 77 AT ER T, LA P B R s A o B A T DU 2 RO
H B2 STt 7 B T RESR N IR, SRR T (R Rk
M0 P A N AR B T 7 0 R B T, BTSN SRR . P S 5
VIPBoard 7] LA 2 /b FH P 14 N 1 (63.0%) , $&F+ SCAH NI (12.6%)

I WIWIRES

AHFFEE L T Cuser study) BEHE RAE T VEIS 2 7L P 2 SCAR S
NBF S RALE, UGS R P AT I A A . B A R AR T DL
FR e T B 0 7 VE TG P N, a2 R IE R ik T T s MEH
PRI BT o d el S AL SESS: Cuser evaluation) SRAT NI
VEROTERE . RREH P HEAT SCAR S NI P A 2 -
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I 2019 N T8 ReR R

YEr ALtk

[/ vz;

I T
\, Pl

AR RS H Sh A48 N BIRLRE N A48 A8 e s AL SR P o B 3
Ry 2 A 885 SR I AT S AL L 8 7 IR R N BRI, A SCRFTPERAE ] 1
TN HE ARSI, St T P RN ROHERR IR, AT 1 R AR R IR
BOH, REmMANIEL.

ARICEE AR B FAT OURRAE, BiE 1 — B A0 R G N SRS o 2RI
SetRiE 1AL AT I B, RDA P T DA B MER BT,
WIS R R 1o [FIIN, SRS T VE ™ CEAS 5028 S A 1 o R A8 156 P S 158 1 iy
/NS E PN [T w4 N E DT e 7 N

ASSCH I SR IR VRS BEAT MU AN 76 26 o SCHISEIL S SCMIZE SCP RS 5 LA
VIPBoard ML S8 AN RIE N IR GUR AL, ik F ) 20 Tl 45 P A8 5 A0 A
A TEAT ORI . SLIRET R AR T VIPBoard AN T 1% St £ i BRI
o WU 1SR SR G A SE R 1R

WHITai R

ARSIVl 1 S AR R e SR, I AT E Sh A B A
Pk 1 P A N RIS TR N TR, e 1 SCASR ARG o R, ARSORG L ik
T 75 2R SRS L PR AT =) 1A 2 SR 5 58 1.5 3, A5 R ) AAE J L 350A 2
SYRUAR BT HE T A B . A LA R B B T R - AR TR
NAATISR AR o

ARSCHR T A S E T R A R AR R e SR AL, T B AT E Bl
A5 AR SINE R P B B R, R m TR R L R, R
AFARBIL 1A LA g0 5 2 A PR RE DL S5 AT ARAR ) SE A 4 o (45— 3R 11
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PN R ERS %N “.
&, ARSAEANABINH 2 CHI2019 IR T I tEie it A s, R
DRIAE 1 VRS IR TR A R 5 SR A5 P 73 3 E s A TR 0k [ R ) 8L B A A2 132K
ST, fl 7 —MOUHERI MR TT 2 o A, B0t HI P B 5 S0 AR AT 122 HL
BRI ESL SR BT, 1k TARSCPR NI E AR B B, AR A
LGB A Ok — 2261

W@ H: EarTouch: Facilitating Smartphone Use for Visually Impaired People in

Mobile and Public Scenarios
O H . B3RS ST 1BERG F FAERS SR A A3z st T A LI A5
W AE#: Ruolin Wang, Chun Yu, Xing-Dong Yang, Weijie He, Yuanchun Shi

W H Ab: ACM CHI Conference on Human Factors in Computing Systems 2019(CHI
2019)

WAL https://dl.acm.org/citation.cfm?id=3300254
Tt 50 i) /8L«

B e fih 5 AL 28 RO AN 7 P AR T S V408 Y B2 TR MLt R

i P AU T RSB HEZ ERNT: — AP ERFTIL, B R PFRFE
FEBf S DR, DR PPFREMS I N AR AONIE SR ARSI T, E
WP ST BOE & S 52 25 R, SRR R SEEE, R IR
B T A AL B AT S B MER S AT ST, P — R PEHE
BEEDD S I, SERCE LR B T, Bt s, BRIt . BRRTE ALk
P BT A R 2h B 4% R 50 AR SR 18 SCRY B B A A\ S5 AT BRI B 37 5%

ik /> — i ] AL 8 A B e RS AR DT 58« A ST AT T EarTouch,
— AT BT ALK, RS SCRAILI RS P AE R SN A A R A
T RH O AR PR FH 28 A D 58 RS 28 AT 55 IR AT O BRI 5 S Tt

IIFWIRES

AT 747 30 ML 25 PR 23 AR 2 51
TR, R T —BEE )\ ERBERL TR 5T i AR B s A
VEAR A B RN B3R, JRAE 16 RLA0 77 Rk P 3R E R 48 EscBl 1
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I 2019 N\ TR RER R

HER R VPO ORI R IBIEAT 22 (TR IREAG I 2 5 1 ) s et m] A Pt
TP . S5REW], EarTouch 5 1522, AEZHUESS EHUTRCRE i, &7 B%
Ve, BEWS ORI UBSAL IR P T sz, P IR Rk RES AL B LR L A
I RXTEA . EarTouch L )\ KBS AZ HAE Thag, MALkE %38
ENE 5 THARRIVE 2 P ME (5 R 2 sk B3R, 5=ARW R Za0E 5 THA1) .

O@CC\QQO§

“Continuous
Rotati on
active mode switch voice input navigate explore short-cut men ntinuous input

- "Double Tap ' Press - Long Touch ' Swipe "Free-form Rotat onal

EarTouch #1 /& 7 & e T HLKIHARE ST, A5 B 2o RE O A v i,
PRI P R TR 5 — R T oRAB R L. Rk, B CSET i s pEAT B AR I g
{3 [ IS FH R AW 12 SE DB R b e S i o St 53 4h, A EarTouch I RI4E R &
A (HAAL TR ME WAL T IS RT3 P AR R — 25T 58 BT &

Fe T My o AR AR B s AR VAL AR B O B e 5%, EarTouch SCRFF°
BUR HE AR B b B33 AR RS B A B4R, AT SR — SRS HARAE an il |
Xk ek 55, LA AL ) ks P AR A ARFIAS 3037 55T RS 3 7 b B8 58 L A0
RRMA AR AT S . RIXTEETH S TREE SIS EarTouch SCHFIE &
NFAHLETT BT R TR R Al « B M NSRRI 5, F P ARl
PAAE — A A8 B A R SALST i R B T35 T S e AEAME A EALIN, A
T fe W BB 51 1 R e A A3 & T TR BRRL RN 5 St N DR 55 1), P35 5 T
FUREJIKFIEAT BT EE R, EarTouch ATLMERE 2 H 28 Gyt 5% ge FHLidt
ITAEH. . BARA SO I BERS R BET-HLH P it 1 EarTouch, {HIZECR M AT REfl
IBEBEAFHI P B R NS LA 1 BE kS (R (SRl —

RFHEZIL) Zai. WNEKZEHZ FkYE, EarTouch 9% G8F LI A A
RESIMIBTA F P e T EER .
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AT HA -

9.5 AVZEi#R

BAER) T4, AN A HARL E R R4, HEERE, HENZ
el R IR B, HAEH WRHA T TR R B oG B EAE BB T A,
AL 51 AUE B e ABLAE B4R I AR 5, B DL R bR R W b 25 10 T - St
(Graphical User Interface, GUD )74, —ifiliuar & 5 1HEVIA B a2 47 7
M3t (Command Line Interface, CLI) , GUI #24t 7 i@ N 5 AP E L H
W LRMTTE, ARSI FEF AR EAKE, T2EH, filhFHR
NP AR, GUI H I ERAR#E N R SR TS & (pointing) L H——F#5FrHUR,
THENLCAR 5 0L, OYEE 2 A5 48 R BE 5 5 BT H . S /Aol T A,
& SIFAE A AN H AR LR, —H RN B R RMMEEK, &
A4, BEERBRFA ERRM L, BRZHEARGIHZ AT, Rl
NFRE AR, OREE TRHEIFR ) RS AIES ANLAS B AT 1 S8 A
(breakthroughs) , A AN HHA . AR AR KBRS T — A m
ARWIE, FEMRIZ . FRACIKEEREILAR >y 3 K3 SCFr AREERIERFIHR,
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W@ H: Learning Agile and Dynamic Motor Skills for Legged Robots
WO E s T AR LS N B S SRR B R )

1w X AE# : Jemin Hwangbo, Joonho Lee, Alexey Dosovitskiy, Dario Bellicoso,

Hoonho Lee, Vassilios Tsounis, Vladlen Koltun and Marco Hutter.

W 4L Science Robotics, 2019
WICHuAE:  https://arxiv.org/pdf/1901.08652.pdf
Tt 50 i) L

TR, RRAHLEE NAZPLENBR P HR BB Z — . ShP sl S FEEEE R
SR B JNE TSI Y, TR e T5 02 AR OBt . — N NE R
IDEEEAWIE ST AR Pt - S = S DEs A R R S el U I SPASTY R L TR
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7RI LA B ] e b . B ERIN S, A EOERINLAS N BEATUINZR, JCHGE M
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PRIE . E A2 B A R B A OT %

254



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

BLmA -

Stochastic
rigid body modeling

Deploy on the
real system

| system

@
58 7 vk
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SEASKYIMNERE g SEEER u.

255



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

I 2019 N T8 ReR R

WHtas R

R F—ANEEEFRRR IV E RS ANYmal HLEs A, fFA 7RI
WIZRITY R HLES N 1I3E 30 SRS B8R T LLRT I 7772, ANYmal B HE B Al g i
T AT B R 4, PEDLAT RIS BE R, LA 7R 5 2 i E B o e A f3]
X H : Making Sense of Vision and Touch: Self-Supervised Learning of
Multimodal Representations for Contact-Rich Tasks
G H - BRI AN AT 5 2 SRR B AR )

1 AE#& . Michelle A. Lee, Yuke Zhu, Krishnan Srinivasan, Parth Shah, Silvio

Savarese, Li Fei-Fei, Animesh Garg, and Jeannette Bohg

B AL:  IEEE International Conference on Robotics and Automation, 2019
WICHLEE:  https://ieeexplore.ieee.org/abstract/document/8793485
Tt 53 i) L«

AESE M IR BT A 75 R i ) R AT 258 i 7 B v AR e e . (HAE, AL
BTG S DA EBS LS NIEFI 2SI 5 F . RERE BRI S e i
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PLEESTHL S8 NBAT 75 R A AT 55 1 SRS N B bR o B R PPAS Bl & 4% [ 28

B BIME DA R 2 RS RN BT S5 AL B IIRE T N TIREFEARRCR, Hh%2]
T TR N 25 11 A% IR AR B R R R R R - 15 21 1 s 4a 4R AIE m) & A AR id i 5s ik =
215 ) B A SRS BTN o

P BAEAT 55 BN — A BRI TR P B S /R BRI A2 M, RS2 S,

SERE] A, IREERE) 1% T:SxA — S, WITIRES A po, BIHREEE r: S <A
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e // \ contact predictor
7 fUS|°n \ Y 0/1
AR A 000 00 / odDI ‘ val t—= "will it make contact
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e | | \\

2 oder alignment predictor i
A /
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inputs time-aligned?”
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AR BAT e figh A BRA B AR D9 — AN ERERL s A = 2] ) AL, BT E AR AR 2 A 2
BAEUALAE U] TRIBEATAG R AN E IO I O T AP RE . TR JeR Y, SRR
TSN AR R N T B, R AR AE R A B A v A S TR N K

WHFtai R

SEH T MBI, R e M A\ G i O 2 RS R R . — B id I 4k,
2 FAE T 9 A 5 S0 RS2 A I 2% SRS RO S NI 5 iR LIRS [ » i B
PME RN GRR SR, WTC T Fahbsit. SLIRM, 2R M 55 7 240
WA ) 2R, BAh, PR T 2 AR R AT AR A sl # 21
fFAES

WICBH: A Magnetically-Actuated Untethered Jellyfish-Inspired Soft

Milliswimmer

FIGEH - — AN S2IKEER K T TSRS AR PR LS A

WXAE#: ZiyuRen, Tianlu Wang, Wengi Hu , and Metin Sitti
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W A4L: Robotics: Science and Systems, 2019

WAL http://www.roboticsproceedings.org/rss15/p13.pdf
B 5 17) S«

ANSZ R i /N B BT N AT DA T BT A AR ) = 25 R o ARATT AT BAE N8/
() DA AT g 07 s TR, DG N AR A IR IR B 2 M ST N E A,
AT AL N ThRe A BR, AT BRI e e o i N o R G R
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EALEE AN BB BN, HLEE N AR PR o R R I —
FETARLASEBLRIRE S, 1 sh il WIETE  EB0E - IR, {3 B AR sy i 8t
WIRARS) 2210 o SR ) T3 E 7 AR BEIE AT R i, ATEESMES B 34 T AT . il
KR (NdFeB) RGPk (MQP-15-7, Magnequench; “FIJE4#E: Sum)
5EAY) (Ecoflex 00-10, Smooth-On Inc.) JBA KHI&MEL, el 1: 1. K
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ZIR G BREA RN ZHIR-C KIZREY) (WENBRTE (PMMA) 1)
Fo BEWE 60° C BEATERIEEL N 96um MIEREE CFE b-iD o fF AT
FINLAZ B EY)H = 3h & LR CRE b-ii) o MR EREIT E5hE 5
J&, AT RS TR AR KR e AE L b o SRR 3 W] DAL B B2 KR R AE R 9Kk TR
NIRRT CRE b-iii) o RJEHA BRI TRNIKFEBEAT R, AR FEIRIEE
IR o WREIE = 3h &6 o AEIR SRR i s /17 (VSM, EZ7, Microsense) N #i#5
1.8T ¥ HiIntiA . Hitk)s, FHAEREYEF /R (Ecoflex 00-10) 178 3 534
[E] B AT SR FE 2408 20pm (723 CRE b-iv) o fe&HLas Aan R a-ii fr
No
WL h R

feth 1 — s FH RV B S A BRI E B BT UKL A8 N o A 7R RS SN
[T, A IR, 7 1l B ] sl sl . D27 7900t DLUR I HHE i
BT SNBSS KR GRS, BT RAAas) IEE ), Bl
a5 N BB M R B VR ) o SR HCHR AASE A T AR SR 7R 1) TR S 4 R I
ISR TR, KIGRE, ZHLH AT 2B EEST IR

W3 H: Robust Visual-Inertial State Estimation with-Multiple Odometries and
Efficient Mapping on an MAV with Ultra-Wide FOV Stereo Vision

S« B 2 I AL 1B RS AT T S A BATEE T A AR SE R AT
v L PR e O

W AE#E: M. G. Mu'ller, F. Steidle, M. J. Schuster, P. Lutz, M. Maier, S. Stoneman,
T. Tomic, and W. Sturzl

W AL: IEEE International Conference on Intelligent Robots and Systems, 2018
WAL https://ieeexplore.ieee.org/document/8594117
BT 5 17) g«

EER, WA RATEH (MAV) ST S &R F o AT RE U8 PRk 238
T I ) e BEERAT DA R A BN 7T 8 B AL, IXAEEATR T iR, A,
HRARER Z RAIMEFRBARE A M - T —FEC& PO M LR AR LA — A
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ittt 5k A IMU RS .

W7 45 3.

B TERAEUAT AEEHL MAV., 25 240 3 BT AL 8 MAV

BENg AN N, BRI IR %, X SR, BRAR IR AT R i B 2 AT 5%

Ko SERRMT, i DY AT AT GBIt i) ST AR BRSO B bR IE B it
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10.5 ¥l AN HERE

® Hlas N3]

£ AL GRS HLEs AT 17— Mo R 22 2 05 2 RIS 3] . 3K
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Critic) o SAC ARH &N L A LA NBCREA 2], ATLAEJLAY N N 22 2
DR LS S AOHLES N R, M0 e B — B S AR £ 2 PN R A3 85 o AT
BERA 7 2 e SAC T A EE T e KM 5L 7 1 IXAHESE o AR SR 25 ik F ]
AR RAL s[RI LR SRS PRI B KA - — R =, 40 BE s (10 S s HAT S = R BT LE
MESE L&, XEWRE, SO RS >) B i RIS o B A o= BELIE
HRASHEME . SAC 23] —ANBEHLSRNS, IX ARG AR W 20301, tHmi ] —
ANREWS G TH BT SRS H AR MER) Q B3, XA Q sEUL e L& I )52 FE K
MRAEAT. SAC AR T 20, Rib & Ryaetb i Rl R . s fdr, B
PR EAR AN R ERIT7R, kT AR5 52 2 50, eATA R s e
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2019 4 6 H, WHHME MARS A L& Ae K FL#i KA G ENEA
Pegasus, iZHL#s A C1E R i Kiva M2 A 1751 . Pegasus S — i il 4, 52
aNLEE N, S8 EA, Pegasus HLas A\ 14 ZRRLEE i BE A 1Y Kiva HLas A, 4b
WE R A, 2 SERE, 3HRTE, ML T —NFHREM K. Pegasus bl
e NBEAR RN A Kiva HLds NRIBUR AR, R JFE A HLEE AR A B3N 1 — A 80t
-G+ AL R S AT 0 R AR BN, A5 BT R OR PR O L S R R
H AR AC LEIT A . Pegasus A& AT LA E FK A M & 7 RHE EMALE . BFEE
b GBS 5E 3 Pegasus Hl2s A L, Pegasus ML#% A\ %E L5 345 5
Mo HLAS NHC A5 IEAEALTT U EIAT AT B A BEAS . 2 T Fia e th it MLEE AT P
& BB e AL N BRI, ARG EIENEEME R M), #EREH.
HLEs NTERZ) 2 73PN e BN B EBIE T fE. #5528, Pegasus HLEs A
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O BRI Z H, 173029 200 IR, SR, SRR YT RA N EE SRS
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2018 X/ MEF LT R TUFSE, 18 CGEL) ER gL b, 3Ltz
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TR S AR R, AR, FRATTH AT DU B — AT 3 — N R R R A L
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Hb AR 4 2 2 4 H0 SR ERA LA MO B B AT 22 1), L A B R e s 2 3 TR AR
o WiZHhERTPUE H, SEE P AA SE AN E B E B0 LRI RK
MBHEZ NS DA WA T BEERAERE RS, HAvigandem. me
IR X B AR F /D s B A N A o0 A 5 5 X iR S . 2572 115
LKA —F

BeAh, eI b g T, o e A 5 PR L 91.7%, ke b L
8.3%, FiEEE Ltbme T LttEE.

O e A 5 1 h-index 73 AR FEIAT R, A tl ol KRR 2R ERIR, HH h-
index /NT- 20 XAl AN %, & 921 A\, 5Lt 45.4%, 50-60 [X ] i A5,
587 N
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I 2019 N T8 ReR R

® FEANA A

TR L R 2 A B P U ) 20 A o R B s o JEE T BIRAT AT UK, 5
H ARG NA R R 2, HUGERR=MAK =M, 2T, Ak
WX ANABONEEZ, R oA 5 XA M E G A S AT R R . [FNF, 3
AL E G E R A SR O, Rl S H . KRS AL, R
Hodle e g B R R B HE A K.

L

OXRAT

)

SRR

B 11-3 HREESEHEFESH
A ] 5 SHL A ] 5 A Bl 2 A ) 5 1 4 0 m] LAARSE AMiner 281 & 70 i 5
2, WG SCTEE R AAE S, B EE R RS E KT, BEmgeit § &
5% H Z G Ee SO, R e e S ORERBE N mENRET THEP, W
RIS

x 111 BEESETESEESFILXER

HEER WK 5 A% S5 S FEH
-3 259 9679 37 584
o [ T n 3 89 3968 45 139
SR NN 47 1565 33 81
[ -FF£ 25 318 13 45
SHEEESIEPN 17 290 17 41
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HIRPEHA -
W E - E 15 181 12 14
o -7 fiE 11 911 83 17
[ -R IR 10 206 21 17
rh -5 7 227 32 16
F [ -y 1 6 66 11 21

M EREIETLVE H, RGNS 9l %, B B0RES e, R
SR T E R R U A A 2 D) AN, T ES R SRR Z, | 10 4
EERABPWREIEILS 41, HESHEEFRSCRERAN RS, (HZH
A B T2 5| B A S R B A S ARE R T BGE KT .

11.4 B3 fRIE

IR R AT ) = KT 2R 2 AT SCHEAT 2, R I S 2 AT 7
7£ 2018-2019 FEHIER AR M TAE . XSS (M) 45

ACM SIGMOD International Conference on Management of Data

International Conference on Very Large Data Bases

TATTRF A IR L Y IR ] 1EAT 53 #r, G v H B A Top20 Y B i), AR B4
QU AR = B, P, Hod, REdE (big data)  #dlE E R 5
(database systems) . MM (analytics) A& A4 i i P4 S8 ]

scalability workloads
database systems

machine learning é;'.%t@kiﬂ:mists

privacy big data data cleaning

transactions data analytics
" indexin
analytics ",
real-world datasetsquUery processing

WIEH: Self-Driving Database Management Systems

FOCEH BB B ARG
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I 2019 N T RER FEdk s
W AE#: Andrew Pavlo, Gustavo Angulo, Joy Arulraj and, Haibin Lin, Jiexi Lin, Lin
Ma, et al.

WICH4L: 7th Biennial Conference on Innovative Data Systems Research (CIDR) —
CIDR 2017

WICHAE:  https://iwww.pdl.cmu.edu/PDL-FTP/Database/p42-pavlo-cidrl7.pdf
Aff 7T i) 2«

FERE 2B A4, WF AN AANECHE P R G I p R 22 1T R 1 2% U B T
L LRS00 o 28 ¢ 1 1A D0 AN A B v v 55 25 A O T P B K 12 ' B2 53 (Database
Administrator, DBA) . {H2&, KZHI) TAEERALETEER, FAENTIR
2L DBA X e (AT AT B 5 e 2 U, I HRAE IR A S A ) 1)
R, JUH RS R E R e, ARFRENLTTN DBMS Bl 1
—MNMEVIMTER, TR “HshZ D7 5 FEE R4 (Database Management
System, DBMS) fHRLA T AR IIES: . FIEHIAE “ AZh 2L FIBEFEEH A
45 P 5 BN b oy R ERAE T B O HHA R 451 o S5 R I &M DBMS A
(2, 12K RGBT 77T B AR TR 2 A ], R AS T DL o) 24 i
TAESE (Workload) 4k RS, i HLIE RE FUIIA R I T AE gk B fuigass, LA
{8 2401 LUK S HBFEAT UE % o X BE, DBMS Al DL FF T LART R, e
TN T 52 IE A 5 ORI 24 e TR SRR B AT

WHFE T i
ZWSCHR “EBhE L7 (Self-Driving) ] DBMS 2> [Hillf LA T = g v

1) FHEIEMSSNFH) TAEfE (Workload) « fai 5[0k UL, FRATAT LA
B 40 NI 5540 B A2 (Online Transaction Processing, OLTP) . EXHLAM#r
Ab#E 3 2 (Online Analytical Processing, OLAP) F1VR & 32 5 - 43 A Ab # i 72 (Hybrid
Transaction-Analytical Processing, HTAP) —Ff2A!, AN[E A B 75 ZANE
WK E, OLTP IR 5T, BURRMAATEE, T PR —%idx it
ITHEMI A, HATP NRR &I 5, AMCH IR H M s, A KRER
BH 7 HT L
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2) TERE TN TR B A BT SRR AR AT e 115 LA BT
i RHEAT B A TSI IC AR DR M RE B S A ORI o H AR 22 182 B4 P ASE =X
5 NHIE S E I G, Bd B g B 50 2 A0 S5 IR I R 47 — Lo AR A 2 4
T0E G 5 e S FH PR IR 55 o o AN AT IA, BIS rpodf e o AR AE — S8 AR AR B R
Hlje DBMS oyl . (H2, XLEHMAA 2 ) DUS bRt — Lo i 15
DBMS S A figse Al N ERAE . 7 7 N Y J& , DBMS n] DUl — e L/
R PELE U TAE 13k B TAEMSELF . H3IZ 3 DBMS AT AR 3=
PHW R U (D FIEERYE KT (Database’s Physical Design) 5 (2) %
P A ANAEH (Data Organization) ;  (3) DBMS iz47Hf 417y (DBMS’s
Runtime Behavior) . X =ZREAEMEMAN AW NRTR, XERA——FR,

Types Actions
5 Indexes AddIndex, DropIndex, Rebuild, Convert
E Materialized Views AddMatView, DropMatView
&  Storage Layout Row—Columnar, Columnar—Row, Compress
£ Location MoveUpTier, MoveDownTier, Migrate
S Partitioning RepartitionTable, ReplicateTable
E Resources AddNode, RemoveNode
E Configuration Tuning IncrementKnob, DecrementKnob, SetKnob
& Query Optimizations CostModelTune, Compilation, Prefetch

3) EARIEN, WAFRKIZEN, T PagEp i teglE: i DBMS A
3 RAE A ARRRIHERF I — Le AU 1S Tt AN RE B I M S, it 2k 25 7 AL R X
[FIy, WAREEAS ERRFIEE W “HshE s B

DA DBMS X T B SR AE R SCRFERAN KU A, 22 TR L0805 5 ke fi
B R EXXEE, Peloton SR T 2 MRASH K EEHIIAE, 7T DAYEAFHZE
OLAP FIIE LT, $245 OLTP FIfIR S5, IR A 17 JC BB 45 440 1) N A7 A7 fif i 2%
RESCRFDUE AT HTAP #84E.

: Workload Classification Action Planning Module
o i = i RHCM Search
s Workload | | : oY 3
= | | G ,
ream Hors
— Exacution Opts
w TR — . Workload Forecasting .
0 & -.._. 3 ﬁ;% A |
£ Database ; -ff@ o T ('}_..(; VAVAVA :
< ! 9 |
3 i 0RO N~
o p [ —
\O Runtime Architecture Workload Modeling Control Framework
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I 2019 N TR EA AR

72 Peloton R “ A3 ER” TARERMEIREA . B 7 IRERE (i,
WNAFBIE, B3R BAAh, Peloton [ HARFER AR AN LA 315 201G
OLRBEA BNIBAT o RGEex H 3 2 ] o N B Fe A 0 A0 2 55 1 A2 R
(Latency) . HHT1EIRJ2 X Bt DBMS PEREN B EE B AR, Peloton 54t 20K 4E
IRV RRAG AR R . BRILZ A8, % RGE n] AR A AE 73 A SN 85 b Fe i B 4R
b, BIRSS BRAFNEEYR . Peloton i & — MR ARG LAR, 1 I ML 816 O
PATE W RGN F R . 7F Workload ZEREER Sy, % RS0 Jext TAE7#kit
ITERE, EFETRI LA DBMS & E R FNERY (8, AR 1 BN R AT N
M2, [RINERA T DBSCAN ZREEE, MRRCREE— BT, £ TR
TR 73, 12 Z G0 w] AT i 3 B0 A S B A A& 3, RESE 47 i S Bt ik
FVERE. B, A2 DBMS $T8 — M EMRIEZ G, W RFIZEMKEREH
OHMTRIR, FHEIRTIUE L SeTH X [A] 10 X S A W g SR 8. BTk, R
Gt Al A P X Lol R T “ AR AR, IR AT REAR AT RAT AR SR LK o
I R G IR AR, AT LSRR AR G i RF AR I 2 T R B Al R A 1 e 2 3R T
2 FH F e 55 12 E

WHITas R

Peloton R4t 15 Xt TAE G 3Kk (KA [RDhE B AR [ 85 B AT Tl . 2 R ()
A (b) Jiizx, Peloton ZGExT -5 HH P9 120 10 T 2 LA 1), AR KA 1 T
MR AE W (o AT U Y, 1252588 20X 7 OLAP. OLTA #1 HTAP
Yt TR R T RAE Y, R GurT LA H Peloton 23 BB 1] F AR HERS T el
fln, #E55— OLAP #AEZ )5, RGMAFER SO R, X2
OLTP #rify fyHRARE$E, PRI LEIR N FE . AR 18 SO AN PEH SR HH T Self-Driving
DBMS HIHES:, FHHR-H T —MIEE I RGRIE T %S R mTAT 1

= 1400 T 1800 #~@ Row Layout =@ Column Layout ¥ ¥ Hybrid Layout

2 3 oo 000

' 700] — Predicted Workload ) e Teoo T

a Actual Workload & 1350000 7O

# 00:00 03:00 06:00 ] 09:00 12:00 15:00 ] 18:00 21:00 00:00 E‘ i ; . Lod | L E‘ g g 9 I\:} g

- (a) RNN Forecast Model (24-Hour Horizon) % 900 e = - Ve

3 120 o

2 g

2 80 £ 450

2 9 oo oo 0o op oo oo

T 40 H v vV vy s bkl ik

g o e

® Jan- lan- an- an- Jan- an- an- eb- an- an-. an- an- an- an- an-
Jan-25 Jan-26 Jan-27 Jan-28 Jan-29 Jan-30 Jan-31 Feb-01 Jan-25 Jan-26 Jan-27 Jan-28 Jan-29 Jan-30 Jan-31

(b) RNN Forecast Model (7-Day Horizon) (c) Adaptive Storage Layouts
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HHREEHA -
WIEH: Neo: A Learned Query Optimizer

HFCEH . Neo: &> RUA AL 28

1 X AE# . Ryan Marcus, Parimarjan Negi, Hongzi Mao, Chi Zhang, Mohammad

Alizadeh, Tim Kraska, Olga Papaemmanouil, Nesime Tatbul

W HAL: 45" International Conference on Very Large Data Bases — VLDB 2019
WAL http://www.vidb.org/pvidb/vol12/p1705-marcus.pdf

B 5 1)

AW R R G R BRI 2 — o RAEAE 25 L E LS
TR, ERERASTIRR M E AN, 2R E TR A i
FHAT RET R UL, I 52 2R LA 57 1 B T 2o BBk
MIBHTRE MR A&, FATIINT Neo (Fpeflifbas) , X2 M A T4
AR, EHA TR A2 P8R A W AT T 4] Neo BT IRIFLAL
ol FHARRAR, JFAkSEMAE NG iR 22 2d, ATl Ak fil, MR
23 AR, Neo 2 B ARG MR EEAR 2,  IREHS TR iR AT SR
g ai KRR, RIMEM PostgreSQL 2 SR fif ALt /a 25, Neo /3R] L2
AR, A2 AR R ] SRS SR DAL SR A AR PR RE . BRSO T
ESCIEDVeihaag (P

I WIWIRES

n =] ]

)
1
Sample , Expert
WOI’le())ad @ E I Opliﬁ'lizer » ﬁ/j\:cﬁ}}ﬁ_‘
:
1
1

asipadxg

Executed Plans

User Query —.I- Featurizer @ *————
1

1 - —

: T | % Prediction

1 (=]

1 =

1 ]

8 8.7

1 =

1

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

Laten

Selected plan D{\D T <

‘ Database Execution Engine ‘

awnuny

aousuadxy -

row vectors

MR Plan Search
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ImwAIE%E@ﬁ%

Neo MM 7 &R E WAL s EEAME GEEUG T, BUAE RN
FREIE) Z IR o Neo K LBl v+ M AR fy A Th REZH & 72— I 45
H, FEMMEMZEEIHE T T, Neo X &y THRIAS A BEAT 1 ] 5 A48 2R DA 2 TR 3R
bt Neo A IS4 AU EHTHRI, Neo FIMHME M 2% & AW 58, K382 5 e
TRl b, X AN S B R . A SRR e RE AR T, E # Neo
)R SRRSO IE o

Neo HBAT 70 AT BL: HILEH BAEAT I B B, 0 BB . ZERIAERY
B, Neo fif & 4t ) A WAL & e A AR gl b i A 20l B i Al iAo &l o
REEHAT TR N HIEIS AN E] Neo Ll rh . IXEBL R0 AR EAE R )1 2k
(I o LA AR AR Y R SR 25 52 BT 70 B 5 BT TR (10 e RS AT I 1] 2
IBATIFE B, Neo £ FOMERE AL AE ERSAAT THRI 12 18] rR EAT 4R R, JF URE
TR AT I 8] A BTl o BEE Neo ALE 2 iy, U fE AR ALREAS 21 otk I 41X H
JEE AT R E

N TR BT EE MR, Neo XA A SR E ) THI 0 BT 1 it
A G B PSR O LR | SR I A % P R D SR AR, TR
XERINT, IO B = Al BEAT gt v 1 X348 1A [ s AT 265, Neo 2+
HPRE S AL B R word2vee, #5115 1A A& RS 2% H 4% o0 B S 5B 1 A
IR AL 5V A S 17 o X i A 7 A A 2 R e B SRR R AT I
AT RS B ) A RS SR BRI 17 o 2 U U R G A A AT TR R AE AN R
B — AN, L IR e BT T B BRI L fa S G A A, AR
SN

&
&\,@"QA B C D
[0110010110]

<
\&e}%,OOQA B C D
@ oooo10000]
index)
@
V\@»‘?ﬁﬁ‘feA B C D
[DOOOOOO10 0]
X)

SR
YA B ¢ D
[106106000010]

g‘-’?Q 3
W&, B ¢ D SR

¥¥a B ¢ D
eego000010l ® @ Gg10000000

index (scan)  (scan)
table

(inde:

Neo [ E X 25 45 1t B T, Neo SEIEFR AR B LB AR MBRR A ) 11
KIFom it T . Bl E el 2 M EERR 0, BRI .
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Hodle FEHOAR =.=
B EERE R R E SRR E T R RIS R R R R B
W45 I LUG BFIRPIR A TR gn S B il LMW Z, 2, #BEABIE
WALR, BTN R, ), UM aERZ N TRt &,
A b fry B R R MEL, RS A TR A THE

[ Plan-level Encoding D
.-FlanevelEncoding
g g g H : Augmented Tree 1x512 1x256 1x128 g g 2 2
s g g H e | ) 2 = = = e
g g 8 P 1x52 g |8 |8 (8 B |8
: HE -
—_ H E H —~ ~ g - - =) ‘>3 >3 > E - %’
¢ i L R 20 0 % IR R
§ i H i S~ ~ |3
"""""""""" P 1x52 1x52 gl
. Tree Convolution
x x x Concatenation 41 W input [ Layer [ intermediary || Output X ox o= o=
z z 8 B g & 8 7
Eﬁ Engl/an
HEER

W NERR, s T Neo EMAKE S EE1T 100 XIIZRiEAUUA Neo [IAH
SRS GERIGERSE) o Blhn, FIFH PostgreSQL A1 JOB TAEfi#k, Neo 4 mHI#E
WX EE 56 PostgreSQL fLAG &5 1l i Y A1) (5 FH P 34047 IR [R] 1) 60% o LA, X
F SQL Server LA}z JOB F1 Corp LAEF#, Neo A= )i i1% 4 Et SQL Server
FNVACCTE B BRI PR 10%6 & KT F5 23556038 Neo IR, 5ITUH
oAk 25 LA ISR B R b ™ i — FE I, AT I L R 47 T e i

JOB mmmmm  Corporation mmmm
TPC-H

=
N

[

o
o0

Normalized Latency
o o
= o

°
N

PostgreSQL SQLite SQL Server Oracle

W H: SageDB: A learned database system
R : SageDB: 2% 51 RIMHE PE 24k
WIE#: T Kraska, M Alizadeh, A Beutel, EH Chi, J Ding, et al.

W HAb: 9th Biennial Conference on Innovative Data Systems Research (CIDR) —
CIDR 2019

WICHAE: https://ai.google/research/pubs/pub47669
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I 2019 N T8 ReR R

T 7 I e«

UK A B AR G038 st OV IE A, RO e 1) DUE B R AS A R 2
A 2 B SRR AN H e 20 A, I B AR IE L 18 LAk 45 (Optimizer) AIACA 5 (Cost
Model) R F2 A Bs (10 240 1m) o It FH 200 e 2 Hise e B R 3 B0 o &
GEICE A PR 5 N F R Fe A0 P 508t AR RFALE R BEAT R 5 AL o 12238 SCROBIE T3
feti 1 SageDB, — M BAARAIE RS %R G L Tl A & R
BLES 5 S ORI R N FHRE P o SR Bl o0 A, AR SRR 2E 1T 1245, SageDB
A LA ST HCE B 2 LA S s R V7 1) D i A vl o 18 2 o) A ALl i A O 5
JRAR AR TR RN 28 126 A B AN A

W 715

SageDB [¥14% 0 AR 3L — A N EE AN TAR S8 A R A, I
BT X SRR B Bt Oy Bl P AR S P A S e R e A A AN B o X R
RN “ B e 12 7 1T R R e P AL ) SR e R g a2
AW AR AN IAT IR, - AN s R G VERESR K B2ims o K s,
SageDB MWLM E 1 NS RS TR AN IR, I B st e S
B ARG VAR B R AE . RE X B R Gt HAnd (5 B A H IR iE = 1
AR 2 5% 1) e AT AR 5 B e D AR R ) B8 P SR M AN 2 A B 5 1%
Sefit TARE KR TT [ MM R TR ARG AA A 322 AL Rg
B ks e ST BN LRSS

Query Optimization Data Access

- Cardinality Estimation - Compression

- Cost Model - Storage layout

- Join ﬁ m - Indexes
Ordering 3

- Sorting - Data Cubes
- Joins & - AQP

- Aggregation - Machine

- Scheduling Learning

Query Execution

S &

Data Halfawlare Workload

R, BATLAA S HE AN G, TEAE 41 SageDB [ LARJR 2. Jnbsk
Fr A AR A COF R ALR I S R BUHZHE P T ICE,  F X% Rt AT
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IER LT e A S5 R o RIS AT A SRS B2, IX Rk R 7T AFE
VERETT T T HAt 3 B8R Biltn, e LR &ig: “SELECT * FROM customer
c ORDER BY c.name “, JHESERKIK/NA N, £ c.name X —F BH MR
51 (Learned Index) , HiZF|[1 % & L customer id T A& L FRIIRT A7 i N
TP F customer name [ BEATHERE, FoATTR] LS CDF A A 25 10 S 1
Bk BB GENE, XA SR REUHE P4 . Bk, AT A
AMEFB B —NER B P AL B, SRR AEMPTE, AR AR i — L
B (B 1 hIEE 5-10 17) o AEA TR o8, 3RATTAT BLEC A —
N K m 5 A (B m=1.37) , SRJE MR i b Bl A 2 A B
HR, MG, KA ERTHRETT 0 pos=F (k) *m*N (5% 14
M2 6 17) o R RIN DAL RERI BN Z AT IS, I AFRA 0] LAERR it
ATEHE, RIS R AT ReNE . — NSRBI ARYEFE Cuckoo Hashing 1 —
gy FTCRTBANIE AL, a0 RIA TR R AR B i), FRATT 0 204 F 1 250 localsort 5
2 (RGN LA ERTAHEF R (RIE LR Iss 12 47) o &, AT
BT (R 1S 48 17) JRELE IR B A G A
[l s e (R L P e 15 47) o

Algorithm 1 Learned sorting algorithm
Input a - the array to be sorted
Input F - the CDF model for the distribution of a

Input m - the over-allocation parameter
Output o - the sorted version of array a
: procedure LEARNED-SORT(a, F,m)
0 « [oo] * (a.length * m)
s+ {} 0.0

Time (sec.)

1

2

3

4: // STEP 1: Approzimate ordering

5: for ¢ in a do ~50
6: pos + F(i) * a.length x m

7

8

r
=
o

if o[pos] = oo then g
o[pos] « i 230
9: else £
10: s« sU{i} e
11: // STEP 2: Touch-up 5,10 S
12: INSERTION-SORT(0) £
13: QUICKSORT(s) 3 0
14: // STEP 3: Merging 10M  20M  30M  40M  50M
15: return MERGE-AND-REMOVE-EMPTY (o, s) Array size
=Timsort Quicksort +std::sort =Radix sort +Leamed sort
23 Lt
GIRAE S

PAZE STHET ), e SCUA B RN A &, 0Lk T 2R HET . B
s Rl LUEH, EHEFRE (Time) FIHER L2 (Sorting Rate) HiAME4s I,
SageDB & Hi 1] Learned Sort 7753 bt HAR T ¥kLF, Bk 1 B 7 ik ma ohk
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SageDB A& #E FE iR tH SRt 7 — Mo i EES, HRAERID I SLES B IE T IX R R
PRI ATV

W H: QTune: A Query-Aware Database Tuning System with Deep

Reinforcement Learning

O H . QTune:  — i TR B2 sk 2 21 (R0 2 1) RS 1R 250 0 P A &R 4
W AE#: Guoliang Li, Xuanhe Zhou, Shifu Li, Bo Gao.

W HAL: 45" International Conference on VeryLarge Data Bases — VLDB 2019
WAL http://www.vidb.org/pvidb/vol12/p2118-li.pdf

Wt SR

P 88 BB R R A0 SR R 5 R (DBA) SR5ER: & AR E i 13K
FELE T R G HATHSU I . SHORBAMERRN L, B RIAPNHEBER, X2
JEFFER 0 T AR, T H ™ E K T DBA [ S LA, Ak, 75 =5 E
BT, ST I S0 2 R 2R IR A AN Gk AR, R R B8 o 7 3% 0 T A4 6 e
B BARHEATA LGN E T AR DU, H R X B LA 2 2 f e it
AR, RS R HAR DBMS, &1 MySQLTuner. Ak, iXEEIE4L T B 482 5
THBRAIHN, R 5 B HERAR I T 22, Jov A S BARG AR AR AR h 3k
FFENFCRARALTRI o P IHAZA8 LIRS & H2 T QTune, — Pk 2% =) i 8 e
H AR R G . 1% R G LT I s 2040 2 >0 SR AT s P PR 5 3 e R I
B SR, WERRED. S5 2R RS A T IR BB E
AR -

I WIWsRES

QTune & — & X AW BRI B 22 I A 4, HoA 0 B AR AR 3k IR B stk
SRR IHEA RIRPAE A TS B . 10 BB, QTune EEM =
AN TR AR e A B IR DR 55
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oA

Client

&) 4 | Controller ]
s >
Query2Vector | | Vector2Pattern | - |Pattern2Cluster
'

> ||l Reconfigur
L]
L]

‘ cba
L)

Ho—, T FREERA R AR AERNFE /), QTune 7EEHITHRIZON W AR #E4T
G, XHATIHEEROEAL . B, AT RETFEREI, QTune MR ALIEE T
— T 17 R I (R B AL % 3] U5 7i——DS-DDPG, MU EE T Actor-Critic 55
2, RORIRm S IRGE, T H AR ARIE a7 30, Bl FERSE SR & T3, 2
e A LTI [F) I J 58 1 X AN SR, Hos P sl S5 ) iE B Re . He =, N TR
T3 A2 AN TR P 5 B0 R BE R 75 K, QTune 340 Query2Cluster Aiibk, 2%t
PENVEATRCE S0 7 IRE, AR 45 kAT 2l i gon] Ot AR, B
A R~ e B AR (AR L o IbAh, QTune i@ SCHFE . ik
Sl A RAEASE R, - 4l 2 AR Ut B BURME R K

ok, BATFHANZE QTune S2un il Il ZR RO AL BEAS TR ORI Y (111 25
YRR Sr . S, TR (Predictor) & NIUEHIMZ ML, 13067
BRI (V) B4 BB PE IR B EAS o R, QTune FIAtL AR R B4 (Batch
Gradient Descent) ()77 VI ZR RIS . b EEBE B2 SR — %6 R A FEAR IR
ZAE . XM THEFEAR W, QTune ¥ W EHNT SURFIE R & v; SRS TN 0 N\ Ry
fEFRE v BEREAMRE sv WEECE |, ST RSB EAS (REL
TrainPredictor (55 4 47) 5 ARJE TFELASHIN T B9l A- T 5 248, IF 2n3a
w2 E b (PR¥L TrainPredictor K5 5 47) o Fllse B MNEEANS, QTune %
R IR 2 E B MALE (3 TrainPredictor %5 6 47) . ok, 03
A (Agent) FHT-ke anfef i B iim 2 240, HolZ k% A Actor-Critic 5%, 1E
BRI, 173077 (Actor) $3iSEPriiZ, MFHJr (Critic) 51435 M
BPSEFT o R, WTFEAMFEAR (S5 AL RD  Aie—MEERNSHES,
SR HICE Al R AT G ISR PR A, RiZ AT WHAAT IR B 25 . 0 T4 (S,
AD , PRI A Q {H (BRI TrainAgent FHHIEE 517) , 478 HRYE Q
E SR B AL ER s SR 5 PRI DT AR 52 R B H R THSRAIIRZ 28 Vi (B
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I 2019 N T8 ReR R

£ TrainAgent HHIEE 6 47) , A Vil HIRZME Ly /5 QTune HIRZH L HHr
VT R Z5 A (3 TrainAgent H KIS 7 47) &

Algorithm 1: Training DS-DDPG Function TrainAgent(ma, e, Ta)

Input: U: the query set sz, 3 T
O,ir,,,t: m,_"ﬁ‘:. (z“, set {a1.@ e} Input: ma: The actor’s policy: me: The critic’s
1 Generate training data Tp; policy; Ta: training data

2 TrainPredictor(zp, Tr);
3 Cenerate training data T'a;
4 TrainAgent(wa, o, Ta);

1 Initialize the actor w4 and the critic 7¢;
2 while /converged do
3 Get a training data
Th = (51, A1, R1), (S5, Az, Ra), ..., (Sh, As, Re);
fori=t—1to1do
Update the weights in 74 with the
action-value Q(S}, A;|mc);

Function TrainPredictor(zmp, 1)

Input: 7p: The weights of a neural network; Tp: 4
The training set 5
1 Initiate the weights in 7p;
2 while /converged do

3 | for cach (v,5,1,A8) € Tr do e Estimate an action-value
1 Clenerate the output G of (v, S, I'); Yi = Ri +7Q(Si1, ma(Si41|074)|7we);
5 Accumulate the backward propagation error: 7 Update the weights in 7c by minimizing the
c— E LG ASIE
E=E+3llG-asl% lass value L = (Q(S}, A|we) — Yi)?;
6 | Compute gradient Vo, (E), update weights in wp;
Default 3 CDBTune T3 QTune(W) =3
ST PR mme M E Omms S come gmo s omenc
OtterTune == QTune(Q) =  QTune(C-D) == OtterTune = QTune(Q) =1 QTune(C-D) £ e Tne 5 mn:g-c; =
20 T T T T r r = 700 T 70
g 600 —~ 60
] =
= 15 g 500 < 50
IO 8 E
&
z | 5 40 £ 40
g 10 2 a0 @
2 ’ = £ 30
= ¥ 200 3
5 2 g 20
AflpE] x

i FEFR, 4347 TPC-H. JOB. Sysbench byl £ #IM i, QTune
FEAEIR | Fr i INZRI RIS T A BRI 3e T, anfRIEE b i R ¥ CDBTune
TR S IH 23.4% 4 5, HEIR A 29.3%[ R . H 7T QTune 3 #F GaussDB.
PostgreSQL. MySQL —#ok RAYE A ZEA MongoDB —FdlE ok KAV IR, +

AR R R B IR
W E: An End-to-End Learning-based Cost Estimator
HSCE H e > 2 g Y 2T 5 ST AR TR
W AE#: Ji Sun, Guoliang Li.
W HAb: 46™ International Conference on Very Large Data Bases (VLDB 2020)

WAL http://www.vidb.org/pvidb/vol13/p307-sun.pdf
AfF 7T 1) A

AR AL AL T2 B R B WAL A% O 1) R, Al T 48 SRS 1 B
MEPAT IR Hodr, FEEFR R T AR RITR RIS R AT E, AR TR R
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Hodle FEHOAR “=
TEMTHRIFTIEAER CPU A1 10 I fa] . i TA& Ge i 14 it i) L BN i 1 7
IRTCIE R 2 B R 2 B AR R A I DB e iR S (i v o B ) 22 R 1 3
B M) AT o SR o e Ak XGBOR A 2 IO RIE 7E Sl s T 5 5] X A0 At T A
TARWHINEMLE, A RBERTT. (B, CHREET 2N ERIRAAE—
SeRRPRYE. e, M EBOIEAL TR, MR A A TR, AR AT A
AR AL B2 TR B IR M B TR, B A 82 2% i Je ik i e AR Al
THIES -

Wt sk

SCEEHR AN RN R TR T8 A A 48 X 2% B AR Al T HE SR, X AMHESE SCHF
Il TH AR SRR o X FAL TS, SRR TS E il DL B AR R
AT AR B R A S R i S AR o 3 00 35 A7 A B UL B i) B 264, 3
R EE A R e A e R 9 DA B S N s 8T i A RO R T AR
38 P2 SCA P O Zm] [ B BT 5 20 74T 1

PEAERL I BE LA S A B ) LSRN FL SRR ARAR, S AR AL EAT )
Zro 20 RIS A ) T ) o fib S (R R I L G 65 R A 1) B AT Do
Ao 3) BHEEHIFIRRE — SRR AT T RIAR AL AR AL B Bl A3 A AP 22 k45,
A R AN 1T s T R B R AR, REBRAT T R S R AR BN e A |
JETE RHIN, ARG BRI S 4 FoRidiZib kil e gt Jid i+
AW HIRRS, R FHAT I ER T R A S R o T AR T A A R E
HitH.

W EFTR, MEMSEREEE S =NER, D IRNERERER, o8,
T TR RTRAE MR OB 2 B F A 2 R R o RS0, T R A B iR A, ] S ek
WALHHTIRA S 2) Ron)z, X ZMH LSTM M udl, #2471 5
B AR, MRS fUHRAEREAT Ze AR 2 kR S5 A8 e, AN AT T Bl ROR.
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I R A R 2 R 4 i

WHFtai R

SQL Query Predicate Representation Model
SELECT MIN(mc.note) AS production_note, @ <~  —~  ig
MIN(t.title) AS movie_title, O—> >
rome xﬂ\g;‘nm%:«fn,y‘em AS movie_year Iy [em]
info_type AS it, . AG ke ; )
movie_companies AS mc, ‘
movie_info e AS mi . woal
title AS !’ hs & R 5
WHERE i - rocucton s
TAND info = top 250 a1 ) Gowyn Mayer
o (mmi"i.'i“i%lfifé?&"ﬁfﬁfnﬁ?‘fw"'M”” Feree / Picturosi Concetonste
OR me.note LIKE ‘%(presents)%)
AND  producton year <2010 e
e [ B
AND L id - i e id
om TSI == ==
Encoded Query Plan Representation Layer I
1 Model i 4
Nested Loop E] =
[ renion®] [ oo i
Hash Join Index/Scan 2 ’
[nien] [ ion]
Hash Join Hash Join
: (=)
‘ Seq Scan 4‘ ‘ Seq Scan 5‘ ‘ Seq Scan 7‘ ‘ Seq Scan 8‘ {O
Synthetic | median | 90th [ 95th | 99th max [ mean Synthetic | median | 90th | 95th | 99th | max | mean
PostgresaL T.69 | 9.567 | 23.9 | 465 | 373001 | 164 || PostgresqL | 161 | 651 | 173 5040 | 62.7
MySQL 2.07 [ 226 | 50.6 | 625 | 458835 | 353 MySQL 451 | 397 | 94.7 1203 | 32.4
Oracle 1.97 | 124 [ 401 | 473 [ 545912 | 378 Oracle 6.72 | 411 ] 124 6674 | 56.1
WSCN-NoSamp | 214 | 6.72 | 115 | 114 | 1870 | 23.0 || -ooh-tosemp o P
TLSTM-NoSamp | 1.97 | 5.53 | 9.13 | 81.5 | 988 | 10.3 e A T
WSCN T19 | 3.32 | 6.84 | 3051 | 1322 | 2.89 T 5108 O N
NN T40 | 5.61 | 10.7 | 43.1 | 441 | 357 TLETH a0 O R
TLSTM T20 | 3.21 | 6.12 | 25.2 | 357 | 2.87 || Trsmiwoicl 133102 521 1 416
TPool 1.18 | 3.19 | 6.05 | 24.5 | 323 | 2.81 TPool 4.12 | 10.1 | 47.6 | 532 | 3.99
Scale median | 90th [ 95th | 99th max | mean Scale median | 90th T 95th T 99th | max | mean
PostgreSQL | 2.59 | 200 | 540 | 1816 | 233863 | 568 || PostgresqL | 133 | 380 | 8L.1 | 718 | 1473 | 35.7
MySQL 3.08 | 90.1 | 329 | 7534 | 54527 | 426 MySqL 425 [ 374 1 131 | 577 15157 | 40.7
Oracle 2.43 | 114 | 482 | 3412 [ 102833 | 307 Pracle RN NS RN ETEY e
MSCN-NoSamp | 2.33 || 96.1 | 257 | 1110 | 4013 | 131 ||-lSC-NoSamp | J3.32 [ 209 | 30.5 | 274 | 1173 | 212
AT 506 T 85T 6| oar 5005 a3 || LS -NoSamp | 219 | 13.4 [ 21.7 | 28 [ 1162 | 14.0
amp 2 - MSCN .79 37.1 | 88.8 | 1027 | 8.22
MSCN 1.42 | 37.4 | 140 | 793 | 3666 | 35.1 N 161 RN A P T
TNN 1569 | 58.7 | 141 | 573 | 2238 | 31.3 TLSTH 58 144 | 70.1 [ 611 | 5.21
TLSTM 143 [388 | 139 | 469 | 1892 | 28.1 |["TISTM-Multi | 166 12.2 | 68.6 | 254 | 4.41
TPool 1.42 | 37.8 | 125 | 345 | 1813 | 26.3 TPool 1.54 11.0 | 67.6 | 254 | 4.39
JOB-light median | 90th [ 95th | 99th max mean JOB-light median | 90th | 95th | 99th | max | mean
PostgreSQL T7.03 164 | 1104 | 2912 3477 174 PostgreSQL 26.8 332 | 696 | 2740 | 3020 | 173
MySQL 9.55 | 303 | 685 | 2256 | 2578 | 149 MysqL 9.47 | 102 | 342 | 1203 | 2228 | 84.5
Oracle 832 | 374 | 976 | 2761 | 3331 | 157 MSCE;{"‘;“SL E 2 15'2" ;E’l‘ ;g‘;‘f i“‘; 1&“227'
MSCN NoSamp | 5.43 | 126 | 978 | 1310 | 2020 | 100 —oSamp : o L —
e =9 585+ s6d |57 5| | TeTNosawp | 10.4 | 103 | 217 | 086 | 1271 | 383
2mp : : - HSCH 475 | 11.3 | 40.1 | 563 | 087 | 27.4
MSCN 3.82 | 784 | 362 | 927 | 1110 | 57.9 NN 2.06 | 25.5 | 134 | 293 | 401 | 19.1
TNN 2.95 76.8 | 275 799 902 49.8 TLSTH .66 321 | 803 | 445 | 553 17
TLSTM 373 | 508 | 157 | 256 | 280 | 249 |[ TS Multi | 1.85 | 132 | 22.0 | 95 | 123 | 5.81
TPool 3.51 | 48.6 | 139 | 244 | 272 | 24.3 TPool 1.85 | 11.1[20.3| 101 | 125 | 5.76
Cardinality | median | 90th 95th 99th max mean Cost median | 90th | 95th | 99th | max | mean
PostgreSQL 184 8303 | 34204 | 106000 | 670000 | 10416 PostgreSQL 4.90 80.8 | 104 [ 3577 | 4920 | 105
MySQL 104 28157 | 213471 | 1630689 | 2487611 | 60229 MySQL 7.94 691 | 1014 [ 1568 | 1943 [ 173
Oracle 119 55446 | 179106 | 697790 | 927648 | 34493 Oracle 6.63 149 246 630 | 1274 | 55.3
TLSTM-Hash 11.1 207 359 824 1371 83.3 TLSTM-Hash 4.47 53.6 | 149 239 A78 24.1
TLSTM-Emb 11.6 181 339 kg 1142 70.2 TLSTM-Emb 4.12 18.1 | 44.1 105 166 10.3
TLSTM-EmbRule 10.9 136 227 682 904 55.0 TLSTM-EmbRule 4.28 13.3 | 22.5 104 126 8.6
TPool 10.1 74.7 193 679 798 47.5 TPool 4.07 11.6 |17.5 | 63.1 | 67.3 | 7.06

SESEH TR R T AW TR B ST T, a0 B SEER A R R
7, AT IMDB ¥4, T E7E Synthetic, Scale, JOB-light if+% JOB-full 75
b T T BRSO B A AR LA G 5 iR RN H R 1 25 TR 2 ST
J7iEHE = R
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HHREEHA -
W H: Software Engineering for Machine Learning: a Case Study

FOGE H A LSS S A TR R EIETT

W AE#: Amershi, Saleema, Andrew Begel, Christian Bird, Robert DeLine, Harald

Gall, Ece Kamar, Nachiappan Nagappan, Besmira Nushi, and Thomas Zimmermann

W HAb: 41st International Conference on Software Engineering (ICSE) ---- ICSE
2019

WAL https://dl.acm.org/citation.cfm?id=3339967
B 5 17) S«

MA NS BB B3t B 25, RN o TR ok 18
I E R, XL H AR 3T T R, DA DR B AR AR I L8 S a8 21 1
8] B o %S SRR T i AT BORTE S, BRI R R AR A
TRRECAD I DRE o AR SCIABE | — LA FHHLES 2% =) R IF R A P (41l Bing
Search I} Cortana E#\hF) [¥) Microsoft 7= i [FIFA . Fl{d F S2i fHiE SOA, B
AT & (1 Microsoft Translator) , PAACAZ I H CIHLES % >
MR Azure Al FI°F- &

I WWsRES

SR, RGN, T ARE] T Microsoft {4
L7 1 gL B AL RS FIARR? . ik, Microsoft 44 B UBCHE T 0k
B TRRARES Al B TR R e, X TR/ a5 TR R Al AL
HERE R R HISERT 200 . TERIIT AL, AT T Microsoft 5 T2l
R Al B IF 5 DL KRR AL SR AR PR Fr R 5 74 0 1 25 3K F
Bl BEFCHG, T A T R FIAE Al 7 A RN TAEL%, B
A PR 57 R A5 2 o BV 25 A E 1 A T o £ 8 4 20 R %,
T 50 i B TR AL BRISEB UD SR %8 26 T, IO 9 2 W QR T 19 T A 0
B RATE, DUBBNTE R BIOAAETE A AL R R 300 ) 4B
P, VAIE ST 7 T DML ST BB TRERO TR AR, AT % P 303 3
STAAYE, ALy BT AR (B, B, SRR it

283



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

ImwAI%%E@ﬁ%

PrBoemm R (Ban, BIAYRESK, DhRe AR, 5, PRAL, EEAREAD .
TARR A VR 2 SR BRI o BRI B A5 # Sk Ao AR A DAl AN A0 v fE 2 0 34 [0 21
ZHTRAEATEY B, BIAAER R DAL B B, a0 SR R B A R R ROR AN AR, ]
AE 2 [ 2 B R Ve R BOREE— 2B TR UL Edls DL B 2 [ 5 o BB/ B B i =k
Yt IR ZR AT LA Bl B AE TR (i, EFRoR¥ ) .

v S S g = L g & o o O
?  Model Y Data— & Data> ¥ Data  E Feature = Model * Model S \odel ® Model
Requirements Collection Cleaning Labeling Engineering Training Evaluation Deployment Monitoring

P SCHEIAT B o et s R, B AN Bl Bt 1. i —
VTR ARNCEE S TC iR AR OC R B 2. AAOR ISR VA TR SR 2 gt
TR &

1. Part 1

Id | Role Product Area Manager? 1.1. Background and demographics:

11 | Applied Scientist Search Yes L1, groncs .ok Al expociencs

12 | Applied Scientist Search Yes 1.1.2. primary AT use case*

13 | Architect Gonversation Yes 1.1.3. team effectiveness rating

14 | Engineering Manager  Vision Yes 1.1.4. sourcekof Al components

I5 | General Manager ML Tools Yes 1.2. Challenges*

16 | Program Manager ML Tools Yes 1.3. Time spent on each of the nine workflow activities
17 | Program Manager Productivity Tools ~ Yes 1.4. Time Spent on cross-cutting activities
I8 | Researcher ML Tools Yes 2. Part 2 (repeated for two activities where most time spent)
19 | Software Engineer Speech Yes 2.1, Tools used*

2.2. Effectiveness rating
110 | Program Manager Al Platform No i e
5 2.3. Maturity ratings
I11 | Program Manager Community No
S 3. Part 3
112 | Scientist Ads No N
z o 3.1. Dream tools*
113 | Software Engineer Vision No : i
: =5 3.2. Best practices*
114 | Software Engineer Vision No
3.3. General comments*

Vi R EAE B EEAE R PR, TR, U5 A NG 2RI K
TAERITRENG. NFARFESR . TH S, ZEMG LR R 7801, M RATR s T
R EFNSE . RUTI N FEA ERTR, B2 E N AL TAE
T 0 B AT AR rhod 20 xR R R I 32 ) TN Be TR R R SRR AR 45
2R ST T8 1 A 1) 25 DL BRI A ) IE IR 45 5% Al 1 ML AHSRH] 4195
AL T, 551 4 i TS VAN, XU &R 30 13.6% . Vi /i
AT RRITH, I HoRE &MERA: BN B (42%) , B4 TR

(32%) , FEFEH (17%) , W5 (7%) FHAL (1%) . 21% 2 ViE 4
H, XA BTG SHEVIR P K 2 5 W R
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SORBEHA
IRt T

W RN, 7 EUE BT H R &5 45D (Low) | #1 (Medium) 15 (High)
(RS2 V7 K, 5 R st R e U AR TR VRN B AR AR, T AL 4
B AR FIISR, WA B A4 B2l X R 7L, AR LA
A BB FAE T LA S (R TR A R e T Y, R T HA Bk
R

Frequency Rank
Medium High Experience
Challenge vs. Low  vs. Low Trend Low  Medium High
Data Availability, Collection, Cleaning, and Management -2% 60% 1 1 1
Education and Training -69% -78% 1 5 9
Hardware Resources -32% 13% 3 8 6
End-to-end pipeline support 65% 41% 4 2 4
Collaboration and working culture 19% 69% 5 6 6
Specification 2% 50% 5 8 8
Integrating Al into larger systems -49% -62% 5 16 13
Education: Guidance and Mentoring -83% -81% 5 21 18
Al Tools 144% 193% 9 3 2
Scale 154% 210% 10 4 3
Model Evolution, Evaluation, and Deployment 137% 276% 15 6 4

W H: Declarative Recursive Computation on an RDBMS, or, Why You Should

Use a Database for Distributed Machine Learning
F3CRH . RDBMS R B RGE IH T8, B A2 S0 Bodle e AT 70 A 3K
Plgs 2]

X AE# : Jankov, Dimitrije, Shangyu Luo, Binhang Yuan, Zhuhua Cai, Jia Zou, Chris

Jermaine, and Zekai J. Gao

W HAL: 45" International Conference on VeryLarge Data Bases — VLDB 2019
WAL http://www.vidb.org/pvidb/vol12/p822-jankov.pdf

AF 7 i) 2«

140 TensorFlow Z KBNS 2] (ML) ~F & 2Ry 1 SRR 1T
Ve vk 8, Herp e AR T BT AT 4L L AR BT (Biln, B
THED o TH S TR R — DR, RS THEARET XA R U 2Rt CRROu“ ki)
AT EAE . XT3 b i T e &, AR RS, R A 45 RN 2 2)
SRS a8 N RPEGEIATIEN S, ERIOHE SRR, A R 2R
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I 2019 N T RER FEdk s

RO TR (H R 2, BEIFT A RRIE. §lin, BRI
A T A 2 ST (RS (LA R f R Ach B8 o S 7R P A i 1 v TR0 25080 D T LA
HIFHEIG (ATRLERS#EL GPU) 1) RAM. {2, ZBA I EAR AL, 4
un, H AT NVIDIA Tesla V100 Tensor Core GPU F. A5 32GB ] RAM, #Rifi
X 32GB ] RAM JCik A7 4 %4822 11 200,000 N4 H MR ESwiY . AR
KRR DAL 75 AT b, FEX PR p, B 5] () G AL AN R B AR A
[l TR G AT S, AR BT A X R RATHRAE, IR — RV R R D
VESRAT o RTT, I (040 AT OB 88 2] R IFAT AR 1 SR+ A TR
R SO LT X IR 6 R AR S R 40 (RDBMS) HHAT/D R H g, DI
SERE N B (T W 2B R =

I WIWIRES

AR SO AT DU FH 56 28 B 040 2 RO RE SR RO SR SIS B AT 4 o SN A
¥y, R AR 43 oT DA AR — 23R b, o0 B B i) ok B0d o ) DL I — 8
SQL EHIRF AR SEhp. b, X FIFRANGKYL, 21 BIEREIYIET SQL 54
P AT BRI L. S RS E S H AR 4 (RDBMS) $R4E T 75 B g fE 12 11,
X R RE T A B B AR A A, AR BT HA AR T ML B, T
WFRTRE M BB N LS, MAHRERES HMiEe. Kb RS
BB RGBT A AN ST P EC B KA, A RS . i it 5
FEARM N EE RS AR E I, RS ZHEER. Mk, &
TensorFlow Z 11 R G e b 1) 75 B PR AR X 4055, RN A07E AP E T 5 5T
(Bl GPU) _EARE FF AT I K RN EE 5 (B AnsERE %) « AR
REARK S —MFALZ, RDBMS it HEE R 7 =124, HFH#E
JEPR, DhRes K. RDBMS BT & it ik s xs TR A ot AR E A 2. =
&, AP RE T3 RDBMS TLiEME N K2 HRT ML Bk 6 B . o
%, RDBMS ShZ WS I M3 RF . RS, “HlN 7 IRBERIA 2% A
ANE S SRIE TR 3 7 7 A P 4 DAL RS RS 0 B #RAE . EORAE RDBMS 1,
XA “OEFR” AT LA I 2R 2 8] )3 I AR R F R W L R, B2 RDBMS X
328 V1 FR) S 40 A PR T30 0 i A 346 PR 0, 2 SR IR B kv B fixed-points . 73— A
Phikse, BRI E S I R A W TR AT RE s AT BT BT IS A, T
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A1) RDBMS At &/ oA AL B IS AT o ] SR, IR S [ a5
T2YEN, FUBHMERG . G HRILRRI T ERER, W DL e AT b6
BN EAZ A (RERGER) MR Hoh, 2R SR BT 20k P )
By, PAMEILEERE N AR K& E (Query Graphs) o — /201 4
X3 N —H AT IsAT I frames, fo4b 7 #RAERARHT, FF4 EIXI5) 7] @ (Grpah-cutting
Problem) JEZAL AT X RIR{E (Generalized Quadratic Assignment) i1 .,

Hidden Lz RDBlvrl:gN‘NRDBMS TensorFl Word2Vee

e (CPU) l (GPU) e{‘g“;w‘“” Embedding Dimensions | RDBMS | TensorFlow
. 5%4"?5'0‘“’“’ "‘(’)‘é{?; - 100 00:16:43 (00:01:59) | 00:08:03
20000 07:07 07:12 Fail 1000 00:17:05 (00:01:53) 01:14:58
40000 11:52 11:48 Fail 10000 00:29:18 (00:01:53) Fail
80000 1630 | Fail Fail
160000 Fail Fail Fail
10000 $704p:e5r3hour bg‘fse;s 00:15 Collapsed LDA
20000 05:54 | 06:08 Fail Number of Topics | RDBMS | TensorFlow | Spark
40000 09:32 | 08:26 Fail

fm '5;?‘3 ];;?10 ‘;2:: 1000 00:06:25 00:05:06 00:00:39
~ SiSperhourbudget 5000 00:06:54 00:25:22 00:03:03
OO0 0512 [ 500 T~ 002 10000 00:07:05 | 00:52:35 | 00:06:39
40000 09:08 | 08:39 Fail 50000 00:08:32 04:51:51 00:55:27
e | a | e | = 100000 00:09:58 Fail 01:42:35

WHTEs R

R SCAE SIMSQL [ 5Efili_FdEAT 1 S, B =Rl A S Bk 4y
AL (D ZJEHIBHLE NS (FFNND 5 (2) Word2Vec Hi%:  (3) 4
M LDA 1A, an EEIFTR, 78 FENN b, 4BJE IR /NN %

(10000) , ZSCIRH T iE ARSI TensorFlow, {H /2 2452 (1)K /N K
IS, TensorFlow JEANRESE RS, 10 SCHE H T ik REEA T ROt 5,
[FIRER 4518 AT LAFE Word2Vec i LDA 8RR F/5H . RFFT4s R,
AR SCHR H I 7 VR RS AL P FR AR N A8 B H SR SR T TR A A R B B R,
TensorFlow #HEL, % RDBMS HIBLEY FEATHLAR 7= I v SHAE L BB 1R I 01 4
¥, X Word2Vec fl LDA, Z:T RDBMS it H AT LLLL TensorFlow Bk, {H
52, X THT GPU MItH£ M4k siHl, RDBMS [ fE L TensorFlow 1.

11.5 BIEEBAREEZH#E

DANKHHERAL, X PB J3 % EB i EEdE . ERZAMMAI . 7
K] ERSE AP AL A0 2 AN O FH P AR KT A 8 B0 500 4 B AR K AT A2 8 AR
MK BN, — A2 R U8 H BAT 0 5 SO 8 e, & Ed
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I 2019 N\ TR RER R

J2 S A & B BN 5 AR BOAE K- PAEAE A 5 EEARCR I Z2 1,
Bl e TR AR GE 1 R A RELIE ALK 2837 5t b ok LB B RO RO T 2250 iR Eicds
PEAE 3 SR AR M DA B e TR Ak B bk 2 2 Bl P 491

Ak, DIHLER S S AR N LR R R DR L 3 K IR 5 S FE S Re ), 78
ZA SRR F o FIRER), (ERR T BRI, FR G385 SRR B 2 5] S5 4
ARABF BRI R i B R AT 0, B E RGN R A
WICSR AT DA T2 2] (R 2088 e B e IR AL BOR S AIHH s S . — 71, FRATTAT A
M A A EIBEEE RS E SR, e, AREEEE S, X
AR TR MR AL B R Bk . A — 5T, ESRZ AR EAE I, 3RAN
ATCARIH CGEREE) St ST ARIR R M (MIEFRSE R R 250D Bl
i thsh, N LRBERARLE B8R R B3 SRS 3. B3l E
AR TR M RE . E LLAR B 2 AR AN TR BEBORIINFR T, 1h5dkE
PERAZE SN RE M7 A R e, BR B BEEORWBE 2 B AEAG . T SSAETR I B A 2L
6 PEAN N T %) BB A Bl (1 SageDB, XuanyuanDB) , i fb& N T8 fe
ARENHHE PE RGN & MEE RAGER . AT S I il 5 BE45 ) ANE I 5 P 1) A= i
JEH, AT DA FESE A PR & 7 I 1 Be . DA R — AR AN T e R AR 11
KIEFRW T —AI71.

FE 55 A —J7 THT, i BEOR e DA SO0 R B4 >R SRR N TR RER A JE
H AT AN T8 e A VR M R b T e o — etk o B, N TR RESIR I ZRAL
REAR, AN LEEARRDPATIRUEAR ARIRZEAE . Bl - X
RK9l1%) , AMUSSFBORENIUE. FHEERS, mHSREEP R AE
AR T BEREFHIESE) , ™ E RSN FAMESS AT RCR . Hak, A LH
REBCARAEAE WA e ot R AN R, IS P N R B AR A 2 5 1R 22 R AR
SFH A A SRR R, IR A R W 2 RO I ZRRICR, RS RY F) ot 3 A
THo T AN R BE AR i EEEOR R DUtk IR PR A S Tk
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TRLER -
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AHLEAR ¢
1A AR B, ARMEXT SR &N 70 B AT A s AV IS . Rk, 2 SCiR T
— T TensorFlow [ A A4k T. F: TensorFlow Graph Visualizer, &£ A
HAE TensorFlow HHEATHIE R M 5 K

=
Main Graph Auxiliary Nodes - - Py IS
s ropy > Attributes (1)
= o i {type"OT
- = - Inputs (1)
s - o 2 Conarmassss
Uplosd sottman - Outputs (5)
080 o e sottmax inear - —— P850 comvaze
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| - S
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\ e T
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process.im. - [
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o = o |
Input_producer - e moortumn i
| T

W 715

W N BT, %00 E Se E BRI Sugiyama A5 R X TensorFlow [ £ 4 7t 1K

BEATA R . TR R AR, KARE S HIACH, JF SRR
Ao

S

MRYEIX AT /T B, SRR T = mitk:
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SEIUE E B 50 o 1OV R R B RO SR R B R A Dy AR B Y R
HIFBEAET, W8T sl RN, REME, BANE; gty
s B R T H SR PR W SERR R BRI R A R A
GySIAA o R EETT AR B R, (8 /N RS BEAT e, R R BCR AR K
5 (WHED .

®

AL ZIRK FR o HURIRMA S RAFAEZIRES ), 2P B E T Re & A —
IR HRAE . DL, 2 E BRI SRR A 4 B RIIX M Z RO R, XA i
it RBosansa 26, R ZE R, JEEAT g8 8, E28IH Xy
ROBHAT R ERAEA RIT IRE W BEERE . B A FMEARE iR E, 15 & EAR
FHALE B EECE o T T A 0 25 A AH 8] 77 s A R B B s € e 19 st R 1)
HEIARRYE R RA AR LRI, BANRAAETIEWBOC R, T
T2 R A0 A B TR R0

@ wn ) ©

train
GradientDescent

(root) AS

¢  gradients

° gradients
Assign :

weights \ [oa4

(weights)
weights =

train

k Assign read
® T T % | o [ st

weights - o)
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AL SA “=
SR B Y R 01 AT A R, B AR VR 2 R 7 R I R SR,
BEAR 1 B AT B o [RII, TRBE 52 ) St H T B AR AR — e prid A A
BCEARIT A, e EE IS IE . B, FE R I L s S RATF Rl B
s K Fem AR IR 2 A, SR A AR B A /N B AR AR R AR S A BT
GG AR SRS R, R LR ED .

init
SSnnE i weights v

n
@ xent test

T y-input
VEIGNLS Sppeed

prrreTs
......

x-input

Bt e, 12O B I A U B S5 A REAT o0 b, ALY s rp SR EBOREAR R e
TR AR, IF EIAEAM ) sE B, R BB RN SR AN 7 i
e
WHas R

ZOCH AL G B TensorFlow Graph Visualizer 73 5ill JE 7 35 R 22 fH 4%
F1 Inception (8254, &7~ T TensorFlow Graph Visualizer {5 ¥y 5, JFi@id
FH P R ARIER] T TensorFlow Graph Visualizer %f T-BEf# . {0 F1 2 R i 45 4y
A 21

W3 H: ACTIVIS: Visual Exploration of Industry-Scale Deep Neural Network
Models

HICREH . ACTIVIS: TV AR R 2 40 28 X 25 455 7 i ] AR AL R R

1w X AE#: Minsuk Kahng, Pierre Y. Andrews, Aditya Kalro, and Duen Horng (Polo)
Chau.

WAL 1EEE Transactions on Visualization and Computer Graphics (Volume: 24,
Issue: 1, Jan. 2018 )

WCHhE:  https://arxiv.org/pdf/1704.01942.pdf
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I 2019 N T8 ReR R

T 7 I e«

TRIE 5 ) FR LR 27 21 17380, 6 B R B el B AR AR AR 27 2 A3 R R
TSR TERABAL SN T LRMESREL, 2 —FhHor @At k. BRI ¥
SJRRY DB AEVE 2 TONAT 55 TR 528 1 — 8 (RS HE A2, (R SR A SRR (T SR 2 —
AP o I AR, B FEN G S0 R AT AL T B Bl AT B AR BB o ST AR AR
SR, BT DA AR R S MR 2R, DL AR P I KU s 4, =
WA B TAERRETE 7 AR IR L ] /1, R H T — AN FH T AR KRB R i 2
REARUFNZE A AT AL RS0 (ACTIVIS) o B T E R A ZE AL .
22 T HE AN P DA B S92 AR EIAE IR 2 AT A
Wt s

T R ST ML (Facebook 53 1) JEAT VIR, BEgRH = A~ EE
Bk HAR: HUERAS RIS T A2 OIS 1 s WS ZR SRR A 22 70 T BN A gk AT
RGO A s SR T B R B AR I SN AT . ARAEX L8 TT H bR, X R4
S 1 a0 S B AT

[ FBLearner Workflow Library Projects Tools + Help »

ActiVis; Visualization of Deep Neural Networks #15782570
o Computation Graph e Instance;Selection

[ Cseser noce m m dropout_0

llllllll
EEEEENEEEEEEENENEEEEE

= .
i
B & m EEEEEzEingeeasaaci
..................... e
e s =
.v-;-. oooo
©)NeuronActivation B1. Neuron Activation Matrix View B2. Projected View
= -
fe0
| R |

wn EEFR, ACTIVIS R4 F 2 H =AM 4k, ARG AY SR phee
TOIUTEHE MEAL B RN BGE AL ] o RS R R I o BEANTR BT 2 3] I 2% 25 R TR B
FEAT R ERE A, FUBT AR — A ikE; MR TR R e Kl
(RIBE— BT AN S AR TR OE 00 FH (BT PR 0 €8 R e R L Y 1
O, BUEEBRIR R R ORI A BN B, R R S K 4y 2R Sl
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A
B B—ATRER LB 0G0, AR B o 2R R L6, A
I ARK L RSS20, A 5B S B AR R A A5 R 4 2R 28] .

WHtas R

PR Z R G T I I 28 AR TR SRR I, Sl SR R BN IR
28 R 45 ), i R AL B AN B AL UL 5 0 R O, DA RSB e 32 Tl R LA
TR OO BEAT U, AT DAFERBORVE B 4R T A R0

W H: FlowSense: A Natural Language Interface for Visual Data Exploration

within a Dataflow System
HCRRH . FlowSense: TRl E#E 1 H 288 5 FINEHR R RGN FIRER
W HE#: Bowen Yu, Claudio Silva.
W 4b: EEE Transactions on Visualization and Computer Graphics
WICHBAE:  https://arxiv.org/pdf/1908.00681.pdf
Tt 50 i) L

7 (DFD) 2 fiid R EdR s = a4 T H, e LEE TR A
BRI R R EAR A N2 4R . 5L SRR B BE EAE], B N
A EHIA — N RS, X EWRE EEMR, AMETHEEME>] . H—J7m,
HARESIENNRAT NN R EEAR R T, TR TN . P, %00
T — AN A R R SR BRG] AR E X AT (FlowSense) SRMEFE A
7] B B SR AR VLAl . FlowSense B BAE S IEARERVIAL, &idH
RIE S B AN T ENLE S, 5B A 58 OB i I R 222
IS WIRr

T S A S S ) e v R SE A VisFlow BRI, 1% R B R BUE R R B
B FlowSense M P HIA K H SRE T RSl —HEFR bR, Zbnid 2 g
FoR BB B PR R B P B SE AR BRE] CRLERER I TR L T AR AR
HIRELTRE) , EAIAEN VisFlow R SEAEIES. T2, FlowSense
FHEE AT VisFlow s 804 iR m B . BARSCHLRE T B AR -
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I 2019 N T8 ReR R

Visualize mpg, horsepower, and origin of the selected cars from MyChart in a parallel coordinates plot
uncionType - FancionOptors ~—— ~ FonGaeeaen M el

| |N/

Special Utterances | | column) _ feolumn) | feolamn) | | 111 nodelabel | 1 EEEE
POS Tags VB NNS IN NN IN DT JJ VBZ NN
Grammar ShowVerb <Columns> <Preposition> <Selection> <Preposition> <Node> <Preposition> <NodeType>
<VisualizationFunction <SelectionPort> <SourceNode>
VisualizationFunctionWithColumns> <SourceWithPort> <TargetNodeWithNodeType>
<Visualization>
id| name mpg | F origin a J o)
a amc 15 190 American {a, b, c} ] O ; 9 {a, ¢}
b|  buick 17 110 American B ) S
c| toyota 20 122 Japanese [ mpg horsepower origin J
Data Source MyChart Parallel Coordinates

PRI — BT« RS HERBE A RFIA SR, IRIEHIH B 2R 5 b2
BARKG HF ALy VisFlow e& AT LLRGIEE, BNZ R B S B eaR b5, e
R E

P PR TR RN, SR MR, A% AR R
2R FlowSense HURF P 1928 TLAT AT A A0, 53t LA R A7 b S48 AN A
F 2 A48

1
1 +e—(distanceToMouse(X)/y—ﬁ) )

score(X ) = activeness(X,t) + a(l —

X B R BEAE AR P AE R G i i FTRAR:
activeness(X,t1) = activeness(X .t — 1) /2 + click(X ,t)

Hoeb, click(X,t) =1 AR M P LE t B ZIXE X 15 5347 1 84 . FlowSense
PR SIS e E T S E AR R RS . IR FEZAVE S (B, f£4
FEEWF) , A4 FlowSense B4 i I AR S 1500 3 I P 326 43674

WFFCEE R

124 A VisFlow HEZEIEAT T H P IF K PEAY FlowSense R HIA #ME . 45
RFW, WP & A RIE R F LR AN 68.455%. J& ZEHT 7L IE T 7T
NGO RS, B E R B 76.911%. X Ut ] RGN K IE TS BT .
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AR
W H: Formalizing Visualization Design Knowledge as Constraints: Actionable

and Extensible Models in Draco
RS H - DU AL i AL BT ETRAZI 5 Draco RS H nl#/EFY 2 fr iy

WX AE#: Dominik Moritz, Chenglong Wang, Greg L. Nelson, Halden Lin, Adam M.
Smith, Bill Howe, Jeffrey Heer

WICH 4L IEEE Transactions on Visualization and Computer Graphics (Volume: 25,

Issue: 1, Jan. 2019 )
WICHAE:  https://adamsmith.as/papers/08440847.pdf
Tt 5% )

R, R AR AR L0 0 rTIAL B R BT Bt RS, AT
TIRIEWHIE E 9 S KR E BT a ot beiE, SEEE BRI R IMANE.
ARG FURAT MR B8 T H TSR — A RGPERH A RATHEZE R R
AU ARHE . GRS A, M BEA R AT AL g iSRRI AR R o 200k
AT FRHEE D A R, RS S 560 29 RAR 8 A 7 I AT B 70 e, E
JAFE BT PR HER A e AL, SO T — R T RESE (ASP) 1)
LURZRGE, BAESE BT B - w4 o T A B
DI IWaRrS:

OO TR BRSSO 1 I BT 2 1R) BAS e £ FH £
IRA MR . ZJ R o AT DUA RO 5 SCHY A N3 R s L PTG . &
Gtk F 5128 A B 1 5 0%, W BT PR eI B4 e Rk, AR Bt AT R et

FE R s AU PT AL B AR o, A 1 B P A 240 SRRV AT A T ML RIS

B T AL RO LA — e T A AL B3R A A B i (LG D7 3T &R I e ik s b
RKEL) , WAWZH P E O XHWMEF, XEERU D0 L. thin Mark €
{bar, line, area, point}. Channel € {X,y, color, text, shape}. Field & {site, year,

age}.Type & {categorical, continuous}.Aggregate & {sum, mean, count, median}

LLJ% Zero € {yes, no}&sk,
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I 2019 N\ TR RER R
A m DMRIELH, pi v | DR, NIRRT wi, & S={(py,
w1 s (pi,wi) }ony, (V) S v IXFHE IR SR AR pi IR EL, A4 Cost AL
E
Cost(v) = Z Wi np,(v)

i=1..k

FER At ] DUIE DX S BUE S B F AT AL IR B s e mT AL
FRVE S P RO Z5 A HFAE, eI 1 AT AL e PR TR ek ) 5% &R

A LA LS 7 i s R i B . Draco ¥4 H & (RIS EUE
e B MVEAESS) ik — AN, JREEATS I R AR PR Sk RIE
% ASP (A& 5402 FE/F. #RJ5, Draco il Clingo KR HFEFF, LIRS &
R, BiJa, Draco K& RERK M N Vega - Lite FE (Vega-Lite & —Fh%L
AL GBS, ARl bodie L — AR 1A B AR T AL o iR
PR

>,

Input: : Query Definition
Dataset : Data Schema
Partial Specim—b Query Constraints.
User Task

+
Output:

Search Space Definition

Aggregate Rules

|
|
|
|
I
Vega-Lite Specification |
I
I
I
|
|
|

Ir"".l-= E(O- Well-formedness Constraints
) i” Expressiveness Constraints
___________ Preference Model
Preference Rules
ASP Solver Weights

WHFtai R

230K Draco N 2| =/NA R 5 AIGUE FIRIETE . A0 R PEATA]
Vo A R R 2R e, (645 B S nT A vt T H T A AN GE S SN 5 o
BRI BAES oKk B AN R FE U A Bt 2 S B, BE 2D I i A

W H: InSituNet: Deep Image Synthesis for Parameter Space Exploration of

Ensemble Simulations
HICEH : InSituNet: B T 82 B B0 2 8003 (AR 2R TR B A 5 Rk
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WXAE#: Wenbin He, Junpeng Wang, Hangi Guo, Ko-Chih Wang, Han-Wei Shen,
Mukund Raj, Youssef S. G. Nashed, Tom Peterka

WAL IEEE Transactions on Visualization and Computer Graphics (SciVis 2019)
WICHAE:  https://arxiv.org/pdf/1908.00407.pdf
W ST 1A

S A AL RS PR 2 AN DRE AR 58 A E A, Wit SRR sl 715 5
H ARSI T o - 17O RVt 7 T (PR A, A AR BRSO, @ )
A E AL TR ROR A R 3 . ST, FR T JE iSRS SRR R A
JEAL AT TR R ] 1 F R o i REVE . BARBUA DT L Ot 1 2 Mk 1K
BRI THE R DRIX— ) J, AHIX TRk Z IR R T A S B RE 1. L, 1%
SCHEH T — PR TR B A% 2) [ 7 i ——InSituNet, SRSZILLE K FIBLER Bifl B R
TR R ZHE ]

W58 7%
I PR B, RIFASEFI 5 S50 PG s S 300 B 2 504 1%

HH 6 IS AT AR PG o X S 3 BRI S ) ] A RS G le— A 4 i X, G e
P XD RE A7 - FH 11125 InSituNet.

— ~

Ve ~
Training Vi Inference

I =
; I new input
—_— ! parameters
arameters . %
P & ~ 3 ———
9

Feature
Comparator

I ‘
] s 4

I
I
I feature Iy
: =% | reconstruction
loss Hy .
| I Trained
I round truth Iy Regressor
I I
I

I/ Regressor Iy b
| |

= I
I
| ~
I
I

I /X
AL Discriminator| > aversaraiioss) || |/, *

I
prediction

Iy prediction

InSituNet B =#B 741, 70 9l 4% . AL HL B AN 4 T &5

BV EER o7& NIREEAP L IR 28 AR, R A A 2 Bt 21 af AL B R . B %,
=M AR ZH AR T, R AR HERR R s R, K
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I 2019 N L& Re K Rtk
ANt — A b . B 5, T 1) S EET s N R R RS, 18T Residual
blocks #E1T 2D GARAN_FRAE, L A & o R S o A

Bt > ) PH R L A 2 1 6 T 5 068 D s PR A AN M P AR AT X LU o RFAIE LR A
#eE— NTINZRE) VGG-19 #=AY, I T $ HUNT LB 48 AN s BB 2 Ta) 1)
BARHIE (il %k, JEAR) , MTERAFRFE EAG K o T % 70 #8 2 — MR R4
2%, HABUEAEN R RE AR, RAG TN ) 7 A 5 L SE R 2 TRl R 2 52,
MROAXS PR —F IR T InSituNet (145 5% bR 2

AMAIIZRER) InSituNet, FH 7 T BAEEASR A0 55 P AL 2 A8 B T A2k
AFEGTEEE, A R RGeS B0 BRI RENS PR £ il A F AT
SR EBATIRAN T

WHTas R

L EANVEERI VRN, ZOCEFEIEM T InSituNet XHREE . 1 A AT
=M EASAL A Rk, HLAE AR T I B SRR

12.5 AT LR

® THLLIEE LT A

b5 R EAR AR EDR, AT B o — AN AT [ T H . B AT AR
FRAE J TR, AT T Bk T AR AL, FH R e R 2 vl WA 2 BT R G, BTl 4R
W Z A o T I HIE TG I BOR f1 40, — S8R T B4R T P ok
5%, HrpadE T Vega-Lite £ P5. 75 BIPETEVR AT LK AT A4k Bt S AT 40715 75
B, XA N AT LA TR TR AR T Bk . [ Vega-Lite 1 P5
WAL T 5 T IR 1. Vega-Lite & —E RN big i g <2 H X T AL Y
s, EREET Vega Al D3 SFRE AR LR LRSS MEETHE
BIRZE AT, Vega-Lite 7] LIS 14T JSON g & ACAS R AT 56 Rl — L4388
BRI, A, AEZER D3 A5 LA — A E a0 Gt B2 AT B 7 B
FEATARED, W K B8 H TR ACRD BB R S KK . P5 & — A5 Web
HATALAE T AR, ERedER 1 GPU THE 5t U3, I HARME 1 /= Bk
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BV AP, o] 46 s it sCE s S e i o] ML, TS Bh 2o dm N D pe) 2
& 7 v AR BRI 3k 2020 M AR VAL K RT ARA L, 2R 4168601,

o ML G HRR

WO RUA A2 TR ST — AN B HHX T 7 SARSE0 . SRR KdE b
TR AN R, SR BOA 5 R B R AR08 570, s 5N (HIEH 2
TN FRELS AL RBER T, DSBS TR T IR EEE 235 IHE £,
A DME O B A 51 77 AR2 s BE S QMRS 2 ERER, AAAEMREERR K
AR s AR B 3 28 O i 2555 . R 1007 sORE UL, AR
EREI T RN Z R, BIBLAI @SR K, SERCRI > 8t I O ARG
75 30, Rl T RS Bk IE 2o BB B AL S OB KA SR i Re, 47
MR A 5 AR R, RO — % DEZH. BORTHALIIRNE, AT
SEPL “RGR” TV RIS, AT SR S EAL, AR T AR AR R
A IR ATEINI AT Bk o XS F0F U KA, AR IS RIRIE TE 75 17 U A 5 T HE
it AHURE.. RESIRG R R A il S e 45 4500,

o AL EBIA

Kol A S R 2 B TG AE I R AT A R AR T BRI BRI R,
AL R AT 40 44 BRI AL T B, Tableau A1 PowerBl. Miir884Esk, T i
G B IIEE 70 8 BRIF IR T F P R0, AL R 1 Bl A a8 B AT M 45
ISR — R AR T RS2 ST AR TR R A TS, £ B ST AL
WHIBCH I 7L, B 783 A BB AE ORUE HE R R I (R R, R AR o2 e v 1 R
RGIBAEN, WHIR AT AL R SE AL B s B3R J) . #ilt, DataShot A1 Text-to-
Viz, 70 WEHE AN B SR1E 5 A A 25 B 3 AR B A B B Bl rT A,
H RSB S B 5 B B RTE S N AR BO LA B
o HIE—ANE 2 H S BdE PTG A A 75 2 T T i 4 B, U R R
(7 I 25 HH 40 A B8 0 AP T B THRE T 5 T 0T — N Tk I ZRiv i@ A -
SR LU R ME () . DataShot A1 Text-to-Viz &5 /TS (1 H AR 7 Hrid i H 31k i
J7E NI SRR T 55 S A 5 TS Bh A P AR TRk, AT P i T A4k
RITIRE, A e = R el

313



RKEMERRS "ERARE" , FEESHE/. TR, ERLEMRKRS!

I 2019 N T8 ReR R
A] R IR B 2 5]

LSTMVis J& /M IH M2 M2k a0 i TR, BEFETXF RNNs 1)
BROBURFIE AT AT AL A3 BT . LSTMVis G54 T — AN T I 8] 37 271 R 6 57 T A —
ANAZ B AV T H R A R R A £ A A B RS 1 . KRR 2T Re
SR AR b B AR I FRBUIRAS « 1% R G0 fo v FH P B — MR i N3 LR
SRVEJR R U, R HR A BRSO R B AR b AU AT VLT, R
S P H R IR AT X 5530 . RNINs 727 51 55 THi 4 26 B A, (H2
TR ep (R B E & SURMER RS 2 T — e O 2R RNN AR, 2341 A
SATFANTE X ALY W] SRR 7 51 AN 5] 5 s 2 (R SR &R . LSTMVis BEfS
I A B AR RNN AT I8 (1 I 2 2540, R AR rh il R 7 1) e ek
J2 A5 B 5 NIRRT B AR I 5k N AT SRR

12.6 AI¥1L R FH

BEE 21 HEEE KM KRR RS, AR AT AL 2 N T8 Ak, A
W H A B S A AT A BEYTHE B AT A AR R FTAAL

12.6.1 L3R TI4L

A, i JUAEAEH R AT I Twitter. Facebook. Tl . EAITAI LAE
NI RIELASTT G, VPR R AR T (8] AR s 2 B3k, 3t
PO HEE . REEREFUES M EARNE, WOk, BGEAI. Eit
SLYEAR _EAR TR R R 2 AR, i 1 ARV A SR SEi R A B AR 2 3l
SEE, RGO AR TRt TR Z L= .

AR BOARZ I ERT AT, EERAE. TRy Ik e, BT
F T I PTG AN 22 507 AT AL IR ROTIE 58K 22 B b TR ARAT N 1 T R
e, XTI A (Y B ATAUE, e S AR ETALAL, AN/
Th I AT R4 .

AT AR AT AL 7 B IEAE IR A e, BEE A KRR A L. R
117, A% URAI AL T2 B B, TRV 22 PR iy R S . VF 2 Bkl A X
AR E — MR BARR M . B2, Rl il 284K NLP ATANLAE BAH
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315



KEMEARS "ERAIRE" , FEESHE/M. A, EEZEHRES!

ImwAIE%E@ﬁ%
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AT A — W)

Table 1: Statistics of the datasets

Datasets Sﬁ:ltzzrslittl;l #users #items avpg‘;:::ltslg:ls Sparsity
MovieLens 0.3265 6.0k 3.4k 165.50 95.16%
Gowalla 0.0748 13.1k 14.0k 40.74 99.71%
Foursquare 0.0378 10.1k 23.4k 30.16 99.87%
Tmall 0.0104 23.8k 12.2k 13.93 99.89%
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Table 2: Performance comparison on the four data sets.
Dataset Metric POP BPR FMC FPMC  Fossil GRU4Rec  Caser  Improv.
Prec@1 0.1280  0.1478  0.1748  0.2022  0.2306 0.2515 0.2502 -0.5%
Prec@5 0.1113 0.1288 0.1505 0.1659 0.2000 0.2146 0.2175 1.4%
Prec@10 0.1011 0.1193 0.1317 0.1460 0.1806 0.1916 0.1991 4.0%

MovieLens | pocall@1 | 00050 00070 00104 00118 00144  0.0153 00148  -3.3%
Recall@5 | 0.0213 00312 00432 0.0468 0.0602  0.0629  0.0632  0.5%

Recall@10 | 0.0375 00560 00722 0.0777 01061  0.1093  0.1121  2.6%

MAP 00687 00913 0.0949 0.1053 01354 01440  0.1507  4.7%

Prec@l | 00517 01640 01532 0.1555 0.1736 __ 0.1050 _ 0.1961  13.0%

Prec@5 | 00362 00983 0.0876 0.0936 01045 00721  0.1129  8.0%

- Prec@10 | 0.0281 00726 0.0657 0.0698 00782 00571  0.0833  6.5%

Recall@1 0.0064  0.0250  0.0234  0.0256  0.0277 0.0155 0.0310 11.9%
Recall@5 0.0257 0.0743  0.0648  0.0722  0.0793 0.0529 0.0845 6.6%
Recall@10 | 0.0402  0.1077  0.0950  0.1059  0.1166 0.0826 0.1223 4.9%
MAP 0.0229  0.0767  0.0711 0.0764  0.0848 0.0580 0.0928 9.4%
Prec@1 0.1090  0.1233  0.0875  0.1081 0.1191 0.1018 0.1351 13.4%
Prec@5 0.0477  0.0543  0.0445  0.0555  0.0580 0.0475 0.0619 6.7%
Foursquare Prec@10 0.0304 0.0348 0.0309 0.0385  0.0399 0.0331 0.0425 6.5%
Recall@1 0.0376  0.0445 0.0305 0.0440  0.0497 0.0369 0.0565 13.7%

Recall@5 0.0800  0.0888  0.0689  0.0959  0.0948 0.0770 0.1035 7.9%
Recall@10 | 0.0954  0.1061 0.0911 0.1200  0.1187 0.1011 0.1291 7.6%
MAP 0.0636  0.0719  0.0571 0.0782  0.0823 0.0643 0.0909 10.4%
Prec@1 0.0010  0.0111 0.0197  0.0210  0.0280 0.0139 0.0312 11.4%
Prec@5 0.0009  0.0081 0.0114  0.0120  0.0149 0.0090 0.0179 20.1%
Prec@10 0.0007  0.0063 0.0084  0.0090 0.0104 0.0070 0.0132 26.9%

Tmall Recall@1 0.0004  0.0046  0.0079  0.0082  0.0117 0.0056 0.0130 11.1%
Recall@5 0.0019  0.0169 0.0226  0.0245  0.0306 0.0180 0.0366 19.6%
Recall@10 | 0.0026  0.0260  0.0333  0.0364  0.0425 0.0278 0.0534 25.6%
MAP 0.0030 0.0145 0.0197 0.0212  0.0256 0.0164 0.0310 21.1%
MovieLens Gowalla Foursquare Tmall
0.16 01 0.1 0.04
e "-“a T — 9 ::::
018 0.06 0.02 -
0.04 == Fossil
0.08 4 oo ” ﬂ m
0.06] 0.02 8- Caser
0.04 T T T T L} T T T T 7 002 T T T T 1 T T T 1
5 i 20 @0 50 10 5 0 20 30 50 100 5 0 20 30 50 10 5 10 20 3 50 100

W@ H: Theoretical Impediments to Machine Learning With Seven Sparks from

the Causal Revolution
HCREH - HLES 2R S R EEG R BRI SR A B KT
WX AEF: Judea Pearl.

w3 Ab: Proceedings of the Eleventh ACM International Conference on Web Search
and Data Mining

WwICHbE:  https://dl.acm.org/citation.cfm?id=3176182
AfF 7T 1) A

METHIALEE S 2] R G LT 58 4 L—FhGe i h (M B A (R =iz 47, RIE S 46
NBATZ B LLIR = R GERIVERE , XX HL A2 ] RGN RE Ik Re I Ak 1™ 5
OEEIE PR o JXAE R AR GEA BEXS T TR [B] BEATHHE R, PR IR RGEAREAT v o
NTLEREMFEA . Oy 7 SCBLA RGO BE, 525 RGN TR 2R SRR R 45
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S, it [FLE R A AT 55 T AR — A . DN UEBHIX SRR (Y AR, SCEAE
BTN YIS ) R ToEse Bl . fHR] DA A DR SR 4 T 2 52 AT 55 .

Level Typical Typical Questions Examples Inputs Outputs
(Symbol) Activity
1. Association Secing What ! What does a symptom tell me Estimand
Plylr) How would seeing X about a d ? Oucry = (Rccipc for — - ET
change my belief in)7 What do aJlswering the query) :
about the /
2. Intervention Doing What if? Wi
Plylde{z). z) Intervening What if I do X7 liea Assumptions Estimate g
i _ (Graphical model) (Answer to query) [ O
3. Counterfactuals | Imagining, Why?
Pyl Retrospection | Was it X that caused Y7
What if | had acted y be a
differently? Oswald not shot him?
What if I had not been siok- Data b Fit Indices f—-
ing the past 2 years?
UIPIWSRES

TR AN G5 K AR ) R DA AR B AE TH 5 b 5 T8 B, DT A A 2R 0K 5 P e 2
RN —/NEAHAN& M7 ), AT DATEBGIERE B r e N AT R, NHERALAR Y T R
Gepi i m B RS, BRI FR, A —MMRER B IEEREAM 20 B (i
HFTEMD « e RS R, B =2 G5 R AT PR SR 2 o g 4
w, JEHAERRKRMBEREG M T, JAAE | Re S amgon & e R, 46
125 | R i1 8. A MR 0% Garry King W\, “PZEREZRJLHER, AIE
253 7 EE DR BT g SR s Hb i s 2 Bir A N A S AT 2 2 1 Ok T RLR HE
WrEEnal 7, SCERRION “BRUIRIEE A, AN B A SRRy & e DR SR AR Y
(Structural Causal Models, SCM) o 75 &y DAHEFR L 1 23R 45 4 PR SEAR Y,
HAFERN, BscmEdE 3 M ARG T (nlg iR @RS 5%, it ()
R 5 AU a8 (TR E 8 S ik ik mRi 2 R R Featt. ) =
Mg . FEROk, CEANN T SCM NELLH) 7 WiAk 2 R, B TR A R R
BRI R 58 ) B B AT 55 1.2 A R SRRV 328 B B AT RT3 4E ;- 2.do-calculus
AR 3 R FSLHE: AW AT A B MR Pl s 5. 408U AR
KiFEmZE: 6.6k REHE: 7. RK R K.

WHTE R

NV IEBINERE KT, Bl /R DI RES, RETER
RHEPAE S AR, AL Hid 7P —SIARES |, R TE
A2 e 5 S5 6 DR RAR A AOAE 2R PN 3z A7 HAREIL 17 3% T R ) 90 AR 5502
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BEREEN) AR T A BRI -BAMESS, X-BAMESS R H ATl
)R G TC AR BN, A8 DR A A T B AN X HHE mT A 3035 B s 28K T
YN

W H: Network Density of States
LB E : RS R
WX AE#: Kun Dong, Austin R. Benson, and David Bindel.

W H AL In Proceedings of the ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining (KDD’19).

WAL https://dl.acm.org/citation.cfm?id=3330891
B 5 17)

ARSI LE MR R ILSIE 5 B 61 PN A £ PR e AT SRORT AR £ ) AL 55 )L
AT 2 ANR] 3 S A 5 B P R A A SR T e R AR AR KRR JEE PR T o ) B AL 1
TR F st SRR B TR TSR TR A, MELATHEL AR R, . ASCETER BT 1
LS T 5 T B I A% 0, T FRE RN 555 JEE (0 A Al e 2 V7 22 o I b o JE P R
(RITH5E, A P EERA T ok TS M A S LR R

I WIWIRES

A B RS L P M T RE A i T S AR, A O AR
SCHRBEH T TURP 7 IR SRAG T S B E o ANSCRH 7 3R Al 52 %2 a5
(KPM) , M e DOS/LDOS HZ i@ t, LA Lanczos A S
EHTIEAR (GQL) . iXEEj7yki Cohen-Steiner 25 AZEAR FLUARTHE Y, {H AR
ARG . ARSCAEGEER B, $2H 7 —F0H T LDOS (I8 i B Bk B &I
J71% (NDD 5 A BRI (R 8 45 2507 7 AU KPM AT GQL 572 i sl ik
ZJE, ASCHARE T FEIERTE (Motif Filtering) 2 B AT 2R IE B )
MR SE D D) H 55 R R SR AT B v A DM . P B
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Figure 3: The improvement in accuracy of the spectral his-
togram approximation on the normalized adjacency matrix
for the High Energy Physics Theory (HepTh) Collaboration
Network, as we sweep through spectrum and filter out mo-
tifs. The graph has 8638 nodes and 24816 edges. Blue bars
are the real spectrum, and red points are the approximated
heights. (3a-3e) use 100 moments and 20 probe vectors. (3f)
shows the relative Ly error of the spectral histogram when
using no filter, filter at A = 0, and all filters.

WHTas R

ARS8 B ) U RO 70 b R Y SRR I 2% (0 S TR, BARTEfE S T
RSV 2 BT, (B I B B S R R A B OR B 1 RS (RGBSR L,
T M YR T S ) 2% 2 BT AL TP TR B o AR SCIE B T O A BN T B R N AR AL
HOEARE B, AR TR IE IR AR ZE R 2 Hr o S I AR — AN SRS
KA BEIHAG T 3T RUECAL SR L B BT R BIE 1 7R .

WX H: Realtime Personalization using Embeddings for Search Ranking at
Airbnb

B H : FIFHRA R IR I Airbnb S2i NS R AT
WXAE#: Mihajlo Grbovic, Haibin Cheng

W AL . In Proceedings of the ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining (KDD’18).
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W CHbE:  https://dl.acm.org/citation.cfm?id=3219885
Aff 7T i) 2«

Airbnb &2t SRR B3 R A AL Il , SR fit 1 — AN b R AT
&, B HE R ER R SRR SR SR A . KRG b EAALE
22 B 77 SR : MR R A B R vl i AL T B s R v s B 2 (AT fiE
EAEFATOTE R 2T BB UR A A, ASSCHEH T — A SE i HE P A A ok
AP RN D8R A KA AR, AT 21— A B I R BCR

I WIWsRES

SCEANTY, F RO R H AR R I B AT I ST 73, R I %
B FH P DR D 4 (10 5 SR I 1 (1 T At e 7P S MBS s P P S 6 7
a PRI, O T AR P B 5 S, ARSI PR T AR T A FI TR
IR MRAEAT 0 T AR

L P R AR AR A listing IR A KR, B AEZEAT listing AUAHBIIERE, LA
L 2l Y IS A P AR, 2 R mGRAE M ZRI N 1 — N E 1 AR
ERCE M,

clicked listings context listings booked listing

time

central listing

T 7 5 15 8 A B user-type AT listing-type R A7, H I AE i HEAS [F] user-
type MIKIA=E4F. T HUE 5 B T#EE, Airbnb XT (A& user A listing 12t
17T 5RE, M rUE R P f s (RIR ERFE484T 9D RIZ IE ik
AR
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Mo WIXMAER, AN R INERZ N T CHA NIk,

H R T 2N ] T A SR RIS T V55 H AR AR e S Y ST
FrHr, JRGME 7 DE, W RGNS Al AL, AN AR dh AN A
BUEEM % SF DRI H A WAL R RS S, X R BIRME AR, A
S5 5 2 T A2 R AR DL XU P e i

SR, AR RS PEAR SR SO, AP AR, X
RSB S (i S JEAT 1 AL, 1y ELAT X HERE R G AR s YNGR 7% 5 3l
AREHR AT TARAT AL R, JFGR Y T — ST X iR R g RN T B, 2R
A3 R B I 3 TR A A A

13.5 HiEZ et R

EJLEE, ATCAMR 7 RBHRNAC, & R EIBR M kB R AR 7 £ B LA AL
THIEE . SRR A IS S A M ERE R, R AAIF T Hdl
i, AT EAE R REMINE . [N, KERGAFFEGE T RES PN
Mo Bl 240wt 2 28 B St WA it 24 oA RSO AR B R, X
B, FRATDR Ht T2 9 AU A B R SRV RS R BT . A AL
IR R i
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SRR QRS BEES. £ REZEY, BT ERT
(Attention) HL#If Transformer fRAVRILH T E KK, EHLBSBIRSATSS
A TAREIFRIROR . BEJG, BERT AAUE IR Transformer i id Wil 257
HAEBF H ARG F AL B AR SS AL 2 1 2 f o 45 2R« FE B Z R it e,
P 2% R 2 AT AR SR SR AR I TG . M DeepWalk BIEFF4R, HETHEHL
TEE R EIAAE T I B RN MES P RILR I . NetMF S04 JUFP 5L T a1
EMEILEG — SR T SRR, SRR S FRR A TR R
G AR 22 IR 2% 02 g — T Ak B 800 A 300575, A8 T R e b i B S AR A
JH P B o SRR G, 2 M B BT 2 ZRAT 5 R 73 SRAT 55 Hh AT R I AR 47 1
RR . BRBLZAL, St I 25 (3R 51290 B R X T Rt

oA RAFE T2 C SO AR 298 WU AR A BT@ 1077 17 . BEE BeR 12 11 5
JEAS TG IR EE AL ORGP O T, 3 A ANE A2 I TR 4% 32 5 - /0 A A Bdle
TR A A 33l s 1 SR FAR TH SR A 08 5k el DR i o bt 1 20 2N dle
FEHRR M T AR 55 2 A% SRR 208 SRR ME B B A T A s 12
. HHT, B e SHEE A TR R K T ORTE « 2018 48 5 7, 18 A Ak fR Y
sk (GDPR) FERR B IEF AR, S tB s 5 2 T RE0RA DR 97 B oA A 4240 77 12
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PAEITE ot A2 QP2 VAL I e D N TPRRER A vl €1 R N 2
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1954 4, Vannevar Bush (JEW IL - fif) 7E “Atlantic Monthly” 7 H 5 &%
T R4 “As We May Think” )35, X5 3CE M 1 JURRITHREPLR A
EARF: CARRAATRERE LI R B BT (M) FEATIRIE R T A o M
15 B R B E I AR RFAE, B SO 45 SO B R POEAS 2R

Y0 AT A A AEAEAE 56 R EA 58 5 R R F0 A % AR IR HEE 1 5 [ 22 pA AT
FENU S BRI AU 1B A, T2 IR Al &R 56 3R R i B B R I ) —
FRS: (fh k. BREHE T 20 MM KA s RIS 15 5 R o i 6 [ [
Fr et it RE (ARPAY SETF R T HERMI4ER: ARPANET.
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1957 4F, Luhn fE3C “A Statistical Approach to Mechanized Encoding and
Searching of Literary Information” H$Z3l| “---a writer chooses that level of subject

specificity and that combination of words which he feels will convey the most meaning.”,

XA AR R 5] F T I SRR R T

20 4 60 424X, Gerard Salton ]i& 115 A% 54t SMART (Salton’s Magic
Automatic Retrieval of Text) , #E#E 715 B R HT R HIK 4T SMART &
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e

20 20 60 AR5 I 53 SR AT 58 0 G B 42 J . 5 —MJ2 Julie Beth Lovins
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(¥, JCH B R 5 R AR A T EEE A 7 5 ) H S AR AT ER IR 2 b5
M 25 32— IR Y34 S R A 1) B A 2

(3) Web 2.0 K4
7E Web 2.0 BHX, FH % Web HHEIRANS 5FR, KHE S REH
TSR, F R RIR BTG MER &R, DSEINE 517 IR
1 Web 2.

RS IS B A R K I 1 A AR S o A AR (4R
AEAZW . DR RS S AR ARGy JCHGRX A AT P 2 M R R SRR
BRI BB ML 7 s

o {54

EA LR R AR DO, BRI R A KON NSO T — 2 i
AR I AR AN PR, 245 SRR B 1A 2 BT SR B R
FREMEEREL .

— B ONHER: RGBT AA T 1994 4EW]JE 753k K27, Group Lens W ST 2L HE
1 Group Lens #4t, Z LAFAMUEXRIEN 1 PR RER AR, JF HOuHER )
AN | MR R, B JE LT SR R R R R HOR T BRI .

ZJa, HERERGIAREORTE 2 it — PR AT EM . 1995 4 3 H, R

H P K Z 10 Robert Armstrong %58 A7ESE BN TR REh &8 H T AMEAL AR
4 Web Watcher; HrdH#E K 2%f% Marko Balabanovic 25 AfE[Al—<>i EHEH T4
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#4i PHOAKS Al Referral Web; 2000 4, NEC #FFLFEl) Kurt 25 A\ 482 5] %
Cite Seer ¥4/ 7 ANEALHERETHAE; 2003 4F, Google Ff61 T AdWords £ FI## 5K,
Tt P R ) OB R SRR AR SCIT R . 2007 SEFF 4R, Google & AdWords
M7 AEATCER, AU B4 R I S, 1y EL P — BRI 8] 9 B #HE#
P SR AT LA 4T, SR T P BRI R, SR A A SR T
RES

5 R RGN B AR A N R R, 55— RUE BIEE RS i & 4
P93t A BA R ZANSRIRUSCERAE B ok B I S B A A 1077 i PR il A 5 58t s P
Iee Gl e SIPNINES SR Ve RIS O NG VP SR (o h sRaslie OB S TRRVAIRE /8
BN RGBT A ASE B, Bl eiEE . s, B =RHEE R
iAW AR BB RS B

14.3 AAHER

® EERANA i

7 W TR R e WU B (N A 1 DL, N AT S R 0 A
XTE OO NEZ, N BN B R 5 e U e R H A T D -

o
_" . @@wa
@ 2 @ o %0 YN
= & @@' )'ED a -} 58
® -8 o MR R R
- 3 o /a g oty ' @
o L
Q @J
T
17)
)
> O

Bl 14-5 FERRSHEQEHERAL N

i PRl =73 4 AT A LA I R 7 B AT 2], JH r i (B TR 3R 7s JAR
o Mz R LUE H, SEEIAA BesE e s W] H 20004 T HOR Ui BR
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My WA Z NA AT HAtE AR RSN S X i) 22 A b
5 R R SHERETUR I N A 0 A0 5 S 1 X RN 5 S KR —E B4,
FEPERILE BT, 15 B R SHER SR B #E b 90.6%, ot Lt
9.4%, HikEFE SmmE T Lty

5 R R S YU A 1 h-index A R B TR, K 27238 1 h-index

SARTE R X3, Hip h-index /T 20 XTI AN Ei %, H 870 A, K LE 42.8%,
50-60 X [a] ) N, H 82 Ao
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L R H T AR SRR 45 L B, T LR B
MUK AE AU I A A ORI, R R = AR, AL, IR
KA NA BRI Z , BRI 5K G AR PR A LR R W, B
U 0 PR 5 RO HE SR 5 L AR SR L, o (5
B R SRR MR % AR BK

o 5 A FE 5 R 2 2 ISR 2 (800 T BLARAR AMtiner B0
AT, GG S R I BRI, A I B AR5, T
e of L5 5 L2 D 1§ SCHOHORE I I 210 SOR 2MR M BRI AT T
HEF SRR

® 141 EERRSHFEIETESEESIELXER

AEERK W 5% 155 % FEN
SMERES 204 6858 34 443
o [ T n 3 49 1067 22 84
Hh [ -3¢ 33 1057 32 44
SHE RSN 32 746 23 63
o [ - if 22 22 502 23 20
SHERIIE SN 19 514 27 42
EHESES RN 7 63 9 17
[ - 4 58 15 10
o [ -7 i 4 47 12 7
Hh [ -1 3 34 11 11

M ERBIETLE H, TSRS ST PRSI SR 28 4
BEIEY e, RWIP LA BRSO GEZE Y] dhah, & E SR
SRR 2, 3710 B AR AR B FEEGEI L 4%,

14.4 3 HRIE
A 0 A AT ) 7 7K TS AR 2 W R SCHEAT A4, A3 2 2S5 R 1)
7 2018-2019 EIERAMCFNE TAE . X6 238 R TI45

International ACM SIGIR Conference on Research and Development in

Information Retrieval

ACM Transactions on Information Systems
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ACM Recommender Systems

FRATINF AT AR S S B8 1A 34T 04T, Gt HTAAT Top20 i eiia], A= i
ST R GS R S B, R ATR . Hp, #E#E (recommendation) . AR
(retrieval) . HEFE2%>) (learning to rank) & As45idsk o & 35 () S 4]

user preferences  search engines

matrix factorization

personalization retrieval

music recommendation

| collaborative filtering
neural networks
user engagementreal—world datasets

recommendation systems

reinforcement learning
context  gdeep learning

question answering
evaluation learning to rank
knowledge graphs

W3 H: Adversarial Personalized Ranking for Recommendation
R H - TN R
WX AEF#: Xiangnan He, Zhankui He, Xiaoyu Du anTat-Seng Chua.

kb . The 41st International ACM SIGIR Conference on Research &

Development in Information Retrieval - SIGIR '18

WICHiAE:  https://arxiv.org/pdf/1808.03908.pdf
Tt 50 i) L«

- M4 HE4 (Bayesian Personalized Ranking, BPR) J& —Ff Rk 2 =1
e 7%, TR A AL . e AN BRIt 1 o B, BUE W
AT HERWER WL BLAEE S A E . R T2 (Matrix
Factorization, MF) & i 5 A& e A7 IR AR L . M R T AR 75
PR )&, G RN [ B 22 8] ) AL AROR A P P 6 — I I AF R 2 o AR A5 B A
RO, DU AR DGR HE MR AR (MF-BPR) 22 2] — A 51l 2%k
PERE PR R, ARER Iz h, A EBMEE, 528ttt
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Ao PIMA SRR W T — BT A 1 Ak HE 42 U 2R 07 k- 0 g A AR HE 44
(Adversarial Personalized Ranking, APR) .

58 7 vk

PL BPR AEAf, APR FHEIN—NEIAMEO HERR B, G AT O R B A
IRTUAE S EIRFN NI, R R E & TN HE, A St
&R

Lppr(DIO) = >"  ~Ino(§ui(®) - §u;(©)) + dell€I,
(i, j)eD

Lapr(D10) = Lgpr(D|8) + ALgpr(D|0 + Aygs,),

here Ay, = ¢ Lpr(D|6 + A),
where  Aggo = arg | max BPR(D| )

ESAATR 3705E BPR AT APR (9 H AR 3 A X DUEILSN, BERAL
BPR HArekHIzh. APR Al LAEAERAETT—M/MECK Tk, AR ANk
T, PLAEILBNE BPR ki AL, JF HAEXT DI OL F I ZRR R BPR 45
AN AN R B/ b o APR J85E 1A SAAAE T Ok (1 ] =% SIS, 22
R R, iRl AR APR HEZE A I 17 A6 4 B0 S B 5 (1 D0 A SR 1 25

B

HARH, BT APR H) H AR b & AR 2otk si i, HIZRSERIE H E K,
Hfs FBEALEGFE N 492 (Stochastic Gradient Descent, SGD) %} APR #HTltft .
SGD HJEAERFEHLEFE—DINGRSER], H R e AL EE R R 24, Kt
AR — DM BEHLRAESLG] Cu, i, O B S HOR KB . AN SO SR ARHESE
BFES PRSI @A S HUE I8, BRI LR 1.

Training

ol -,),

Algorithm 1: SGD learning algorithm for APR.

Input: Training data D, adversarial noise level €, adversarial

regularizer A, Ly regularizer Ag, learning rate z;

Output: Model parameters ©; Predictions
1 Initialize © from BPR ;
2 while Stopping criteria is not met do ] somee Reees
3 Randomly draw (u,1,j) from D ; Embeddings & N b P

// Constructing adversarial perturbations Perturbations

1 Ag4w < Equation (8) ;

Minimizer

// Updating model parameters
5 © « Equation (11) ;

Input |o|1‘o‘...‘|o‘1‘o‘..(‘|o‘o|1|...‘

¢ end
7 return © Item (i) User (1) Item ()
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T ULEH APR A TAER), AR T — AR MF R AR % .
H5EH BPRIZE MF, $RJ51E APR HEZL Rt —BAfbE, B ERR N
SRR (AMP) o AMF W EEIFR. BT MF 2502 PRI ik
N E, HOHR AN DA a5 1 S 2 AMF i, X R E
AMF #H7/MIEEIZE, B2 AMF ARSI S EERE T UG T % .

WHtas R

ASCAE Yelp. Pinterest 1 Gowalla = ANAJLEEE FiHT T KREM LR, X
AR AR AR N 755 58 B 7 A AE YE 73 A ERUE B 1 AN AL
TSP SR A SR A& PR . AMF 8T MF-BPR, JH—4L 478 AR 1
i (NDCG) MapH s (HR) P33 1 11%, BT ic i th A,
SN B VR IR HE A AR
W3 H: Neural Compatibility Modeling with Attentive Knowledge Distillation
HSCRH - BT B N IR 2 TR R 4 e 2 A
WIAE#: Xuemeng Song, Fuli Feng, Xianjing Han, Xin Yang, Wei Liu and Ligiang
Nie.

W 3 H 4. The 41st International ACM SIGIR Conference on Research &
Development in Information Retrieval - SIGIR '18

WICHuAE:  https://arxiv.org/pdf/1805.00313.pdf

AF 7 1) 2«

JRBEFEBC 5 AATTH H AR TS B R A O, A W 78 K 25 MRS R 55 o 4 X 245 R 42
B EST 1 B it PR R AE SR i 1 R e R C i) 830 o AR A SRy Al B30 DR 50 77 4 R A 48 DX %
AMYEA B AT R, T B 2000 1 FE O s A T o RIS AR B30 R il
IR Z5H) P A7 B 0 k2 B ot 2 [R] AR e 25 MR R AT 4 T A R TR eV 22 PR AR, T8 P 4045
FE AR JCZ5 ) LSRR, an )i 45 10 KU D) I 4% b 2w 1 1) 20 B0H DR B 1 27 ) HE 8 v
DA T AN [R] OARE A B0 v G B HH AN R B BAS B, AR AEAS R I #E EC
Fo AL, ARIRH T —FIETER TR R M S e B AT 7E (AKD-
DBPR) .
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SRRESHE

Top Compatibility  Student
= Space Output Ground Truth
Pre-trained O
-
oNNs |7
O -
: Women'’s Fashion-> :
H Clothing->Tops. | wp TextCNN -> @
| shirt With Frilled Cuffs | @

r—

AV - Pre-trained - O R;: coat + dress
/ l ‘ “\\\ CNNs 3 R;: white + black

> Ol. R3: no silk + knit

: e . R4: no blouse + dress
Women's Fashnon->: O >
Skirts->Knee Length Skirts. : - TextCNN -
Ribbon Pin-tuck Skirt ! 9 Teacher —

Bottom Output Knowledge

I WIWIRES

AKD-DBPR g AR E B A AN — M U RIR R 22 2], SR 30 -22 AR A
HORFESWURFNR (U FHfmMames (A4 mtkae. HEAR-ERLT
NEHH, BOBFEE LT AR, P 0M AT LU E SRS E 1) ) g o s &

faTiEt.

Teacher
B [m?j' m?k]

A |

Knowledge
Distillation

NN v i) | [ (e |
Top i Bottom j (k)

FAMZE p AF— R AL B AR AR e X 25, e H FR o2 S — RS R s
], PO AR A 22 I 28 R oK B g 22 8] RIS 1 B 48— iR o 9 1 AN [ AR
TR SR AT SR 2R A THT AR, 2 ) 5% 308 3 P 4 R 5 5 3 7 ) 422 )
EAINEEJZ, JCAE A U 1 R AL SEAE B e BRAh, DN T R A R
IF 1) B i 22 ) RO AR e I, A T DU MR ER AL (BPR) HEZR 224 M)
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28 R 5T EL AN B TR BB B o [RTEST,  FH 2 3 110 35 A A 2 R D o 4 43
FARBEAT A, A 12 A 25 1K S R VR R 24 B BT RN 2% q 7o (EAS AT
FRxH T AR RIREAS W] B AN [F) (0 BAB AT, BRI SINE R AL R 73 B J &
B, H—PHTHEISEAEMERING. EEEFERIAIHZARARE. v #c
IS B AL SE A BN SO BT, my R B30 RN AR, r Rosil
W fefa, St M gk s IR FeavE @bk ge, M H AR L bl 1k
YU A4 e 280 P 2%

WHtas R
FEFSRHR AR _EREAT IR ESLIRIER] T AKD-DBPR 7E &AL AU A A R

I 1 i L E I 2 ELAMKS i B A R ) S BRI 2 AMBER T 51 AJE BB
A BT e AR D 5E SCIHIRORA RN (1 = PR 1 o

WX & H: Improving Sequential Recommendation with Knowledge-Enhanced

Memory Networks
HSCRIH - BRI R ICIZ R 28 B B HE

WIAE#: Jin Huang, Wayne Xin Zhao, Hong-Jian Dou, Ji-Rong Wen and Edward Y.
Chang.

W Ab: The 41st International ACM SIGIR Conference on Research &

Development in Information Retrieval - SIGIR '18

WICHLbE:  https://sci-hub.tw/10.1145/3209978.3210017
T 7 i) .«

HERE R GE AT ORI HERESLIEOGE 0 N B IR 48 MR R 25T RNN
(RO 28 0] LRSI 5232 HAC e S N BRmUIR 25 1] &, (B EARME N AS B3 81 i 3k
AL R P i e, T HL RS A RS TR ER AL ZE . O 1 R R AT R
I SR AR 7 B AL O BE 7, AR SR — R AR 9 R 32 SUHERE (KSR)

A
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EERRGHEY -
IV,

KSR BT RNN [ 4% (GRU) E#EICIZMNZ (KV-MNs) 454
SRS BRHELE RGN IR BE ST SRR . GRU 34> H T4 P 8 51 M 14
fiE, T KV-MNs F T st T @ i A P IR e . 2R 4 R FEFTR o

KB

[
| nam y g RS
N ]
A Il | l l ) ﬁL'l|lIL'JIII1lIiI| preference User preference
v ] . ,,
t\_.ﬁ larul-forul»{oruloru] ﬂ{.‘ltll}—»E" - )
| 1 <
LT T LT Ty &
| '
[ Key 9% Value \- X
I ' l_| e :iv
: | ] | fr Su,it
I | Artist ] E ' : | Avril / La Dispute
( ..
| | Album ] 0--- |.' wiler My Skin / Wildlife i
! |
e p e
: | ] [ | | ltem representation
| N i
: o Altn Imu based
Key-Value Memory Network preference

g —HAT u A, ., i} FERR I GRU RERY I el /= A
u HIFP G IR e R B G A BT DU 7= B A A PR AR e S
(BPR) #EATHING, Rl T AAHH HE 2 5 2 n o k4, K50 e i
X RHER LS HARH T

swit = g(uit) =hi' - qi.

KSR AR ) R AR AR AN _EEIFTR o« 5T RNN BRI 588 Fr 47 HE 25 A5 1
MEHNCIZBE A IR, AEAKYFE#AIRERS S, Fib#Ed KV-MNs SREA
FNRFE AT o KV-MNs 48 ) 55 B 9 AR B 27 ST RN G &R, R R T8k
PRJETE . BBAh, T4 5 5 ) i 15 B —ANRe e TP R I SR A i A e 12
(T FH P (i B AR AE o SR R 7 3, AR AR oA A 3 KV-MNs H.
HEE U KV-MNs J&, 53T RNN B 7SI HERAS RIS . 76 RF IR HERE I 15
K H RNNS (1477 51 i 775 A 2010 R SRR 58 TP (1 KV-MINs {8 ] SAH DG 9 2
{8 ) B2 G 2R A T I BUE R 3E T B M R dF s o, BT @ M 1 i 4
5 7 B R s AH 45 A T O P R BT R B 240K
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Key = » Write N
—
DNN |7 E——"1 181 <----- ) ‘d
| S—
-
Read [E— | ,

Attention weights | J—
& (& g S - @ | |
> @
i=re

Value -

| — 2
Attribute-based preference 2

ASCAE DU 2 Ge it S _EEAT S8, 45 RAR W KSR BORLAE R Bdla S 1Y)
JEFF 1k BE AR EL AR I A i (X B AEAE A A A AT P4 T, RS 25 BB e o A 1 P S 477
BEAL, 38 72 B i 1 KSR LAY AT R, 45 AR B R EL A i R vl ek

W3 H: Equity of Attention: Amortizing Individual Fairness in Rankings
OO - VERAIRI A EHE PR R AF
WX AE#: Asial. Biega, Krishna P. Gummadi and Gerhard Weikum

W H Ab ;. The 41st International ACM SIGIR Conference on Research &

Development in Information Retrieval - SIGIR '18

WCHhE:  https://arxiv.org/pdf/1805.01788.pdf
BT 5% )

MAREE b B2 507 5, N A REFHEA R dik . B AR R4t
toleo T HER AL B X RZ BN OGEE, R RmES 80l
ABLIRII A LTI BE . BIE, ARSCHEH 1 7 A5 St AL oK B A A T HE 44
I s — S0 RAT R IS BLZ S HAR SR BRAE LI HaE BT HE T 7
NPT BC e BT D55 5QTE B MR R T A1, FFREIR 2 A — A
CERIIER VAN S S S - W e UL TN <901l P K £ A SRR = I 1 /A o

354


https://arxiv.org/pdf/1805.01788.pdf

REMEARS "SRR | FEESHTE. A ERREMRIRSE!
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UiPVaReR

X G RV A B 22 IS 0K, BRI A A R U PR B0 GO 15
AR (7] 1) 1 44 A B ANAR T I VT B o AR STE ) 25 R AL B A 22 17 = 0 A F
(equity of attention) I\ N— D FEAHES PR RFB I ERTE T (A 5H
FHAAM: (R B HERIIAFRAMEZEIRM, BRI R IE R A
I S EREAR Z IR EIRB Ao R AT E LR

m 1 m 1
Zioy % X2y 9

m [ m I
2t T 1=1"i2

, Yuj,ug

TR RN RPEE MR RIEZ BRI (pl, ., pm
FealHE4)

n

n
unfairness(p',...,p"™) = Z |A; — Rj| =

i=1 i=1

S-S
j=1

J= J

—

AR EBAR AR RFE A 5 T A SRR LR R B X REEAA I, 8 T e T
PrAET HEAREATIL V8 Al = T SR BB . AL IR Pl 15 B bk &
R B o fift R I TR T i A SR A A4 IR Al BB e, wRs B da HE4
P VENZ 5 RV B HEA p* B L . BB EAOFT R p* 5 IR A6 HE4 0 K2R
KEMAHA R E, s

DCG@k(p™)

NDCG-quality@k(p.p”) = DCGOk(p)

N T HREATE, SR TR RIERHER NS, X T S & 1 R,
ARSI RO A R 2R T S MEA A CRIDR R332 RS i R i A
TR RN AT .

R BT IR A N EARAL IR, AL R 75 2L DAk 05 S5E G AR TR
REWGERAIEIL T, B Z AT HE 2 24T SO e, A 7E 2 AT eSS i 5 2
ZIUREITEOLT , ReHES T BBNE R AR R 7 AT A AR R B k. ek b
PRAR ] B AT DU B R ZE VAR (ILP) SR v . R EAE — RIS T BT
GUEE VAL, SIARP AN RS EX, ;, WRN RO BCEHFAME |, WE R
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BN 1, SR 0. AN Ry, BRBUER A M2 mvaEi vAY = 0,
R® =0, ILP & XL HIT:
minimize Z Z'Ag_l +wj— (R + ) X
i= 1j 1

I

2N —1
bject t Xij = 0-IDCG@k
subject to ;;Iogz(}+l) ijZ @

Xi ;€ (0,1}, Vi

IR IR T HE4 R0, HoAth 20 Fa R At A2 0k 5 21HE 42 A7 B X )
Wit o 24 HA ST 4 ui Eﬂ%%i'ﬂﬁﬁj I, ALY+ wy IR + rX BRI T
R JIAIA M . IEFRIE R M2 ILP BATE—ANERMA A= R, ALk
TH T I RS T ILP 2 & (A
W FT 45 B

SEIG IO UESE AR R S Bk T, — Rl =4 N LA e 4 ok 4 pr i AL A
ANFFERAE AT G550 A0 RS TR E i) BTk RE, 2 B A7
HSpBRRERE, BURAE R A M = AN T A Airbnb 23 B HE 44 AL
T StackExchange i) H EASCRYEE S R ERSE . SLIREREWH TIREER

TR BB, A R T e HE R S AN 2 5 AR T3 7 & R IC N E
2, i HAX A W] LRSI HR A o RSO0 S SRR

WG H : Impact of Item Consumption on Assessment of Recommendations in User

Studies

HSGEH . 0T H P RS Pt W SO HERE R ST R R AT 5T

W AE#: Benedikt Loepp, Tim Donkers, Timm Kleemann, Jirgen Ziegler
WAL ACM Recommender Systems

wICHLhE:  https://doi.org/10.1145/3240323.3240375
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XS RGBT, 2 5@ E A GHE AR R . g,
AbAT T34 A SR ) 25 1) 7 AR PP A HERE o B AN 5 P AR B8 AR 5% ) A 5 T
SR, A SRR A W R B A i R I LR, IR R MR S AR
155, AR IRMIX Lt LA R A Rtk . FERXRSCm T, MEF A 1 S2PriE o
INEiEcaRE NI -A R

DI IWIRES:

TEF IR T PISHEA R SURAEAT B TS, WEFORMIAE SR LB LT, 4
PHE AR SR B LR ZE S . AR, EARRVFR R ST, IFAR
REFE TR A P RS, v, RIS E S, 2 5EANIER
AL T T HERE I SRR R

— TR AR AR A, Wil sl (2 ), — U AE L2 (X8 MD .
XS P 40 44 TSRO LS B KBNS 5%, oAl 7 &
SR AT FLL S AR 1 X T S o 8l P A2 R 2k 2 PRl (RN AT 2 m UF)D
AT RS, PAXER%RE U5 #THEHE.

WHFtai R

ST RN, TR A BN R 1R A A AR (MR
BEASTE) o RS, AR, 5 55T AT Y R
ety AT R 5P RS S T

BRI, L R UK S 5 @ U A, R AR sEA S
FRIRTEAS BAECHIWT, T ASBERE T RN, W EORAEHERE 51 3Rt b AT I Bk 5
B W s B AR AR RS, U R RS H 945 7 WR e e
FEXR I P RIRT FU R BT 2 0A - m il 5 AR R, F HAE R
OUR, JUHREEE S TR, BB EREX s R R ErE. EWRGTT
1], N ) A R R R VPO 5 R S AT TEo%. MRS, XAEEZ T
AR IERA Y, JCHGRAE T DU AL e B R RSO IR LT, 5 A IS
WA RA L, R AHER: BE A AR B S0 — 2809 N 20N A R i AT FEL 2 Y
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PR, T 2y SR — LEAHERE B 22 o 30 3 A2, R R REAE IR U5 T 2 58 A AR R
WNHZAGEVER R SR AL, BT DA A 7 AR A S o (DR it ) BB AR
JE R FER DA AR B FE AL 2 N AZ HEAT SE VRO 7T . 734, MR B8
ZAE RS I e, O R R IR SR 2 O TR as R
Keit, SERBEN. RS

SR, EREARRY], SRR A IBCE A, AR E R T
HER B, DAL R Gt A nME B SSRUE R . A Gl AT 70 E PRV E
WX e B, AEE A VGE AFRCE Z MR Rkl R) , JFE
EORZ 5HAEATH B OL T XA AT VRGN, O SEae AN S AT

(JF EE SRS 45 R TSR o 047, DLt A i SR ALY VP 0 AN A0 I PE 20
BIInfEE R BT AR B Z AT AT, Mz 5 E T )G Bz 5 M R A
Pl . R 50t 7 2% E B NnHE, 258 1R NA T RERE T 5E N, fEXR
fHOLR, AIRERAN T2 R SEbr) Y XAk 1. BT S fe 0 R
T MR, SR T SRS, R IR S K T B T kAT
e (WEEECHRAD .

TR AR BN 44 (S1, S2IM1, M2) Fiistia] i (BT, FHi5) T OA/EF M
PR E SR RIZE R, [E =R aE BRI R i 2 5 45 RS I

Table 1: Results of our mixed models for both user studies for interaction of condition (S1, $2/M1, M2) and point in time (Pre,
Post). Positive differences indicate better results after consumption (Choice Diff., Effort and Doubts are reversed accordingly).

Interaction 51 Prevs. S1 Post 51 Pre vs 52 Post
Sz EstDIf_SW b Sig EstDIf_Std B Sig

Interaction M 1-Pre vs. MI-Past M1-Pre vs. M2-Post

Study 1 — —
Sz Est.Dif.Std Er_ Sig Est.DIff_Std Err_ Sig

390 0.35 028 183 015 029 611 267 014 017 an 027 027 328

009" 0.59 018 004" 030 024 2% 7 -0.08 014 578 011 02 574
000" 071 021 003" 129 028 000" 020" -0.19 025 430 0.03 035 937
001" 114 029 001" 055 038 156 968 005 031 &7 005 037 905
415 021 016 .19 010 023 664 012° -0.07 008 383 -047 015 003"
000" 0.81 019 000" 108 033 002" 479 0.4 022 520 041 034 .22
056 -0.38 02 151 0.42 031 184 " 024 019 224 037 034 288
288 -0.19 013 .14 om 03 731 218 0.14 009 106 0.4 020 472
000" 148 038 .000° 167 038 000" 041° -0.33 023 M9 037 032 250
Trar 104 0.45 02 051 061 038 .13 763 014 021 499 016 036 .68
Con n 070 0.51 020 014" 064 026 020 787 0.04 016 826 018 028 .57
Doubt 000" 219 033 000" 171 038 000"

oubts oubts 680 0.4 027 605 029 035 407
Overall Satisfaction 15 .005* 0.62 020 .005° 089 031 007" wverall Satisfaction [15] 442 0,14 022 535 036 030 235

W3 H: Should I Follow the Crowd? A Probabilistic Analysis of the Effectiveness

of Popularity in Recommender Systems
FOCREH . JNZEREEEIR CNEE) 15?2 R R G imAT B R R b
W CAE#: RocD Cafamares, Pablo Castells

WICHAL: International ACM SIGIR Conference on Research and Development in

Information Retrieval
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Hongning Wang
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Table 2: Online NDCG @ 10, standard deviation and relative improvement of document space projection of each algorithm after

10,000 queries.

Click Model Algorithm MQz2007 MQ2008 MSLR-WEB10OK NP2003 Yahoo
DBGD 679.3 (na 847.1 aa 532.2 wsn 1130.2 e 1165.5 (2 a
DBGD-DSF  689.1 (wa(+1.44%)  858.0 mal+1.29%) 553.6 ¢1u(+4.02%) 1198.8 o) (+6.07%) 1198.8 (ua(+2.86%)
Perfect MGD 689.1 s 859.4 qun) 558.3 am 1192.9 wae 12019 (sn
MOD-DSP 757.3 exs(+9.90%)  919.5 2 (+6.99%)  626.4 ».of+12.20%) 1335.3 gau(+11.94%) 1309.4 10 (+8.94%)
NSGD 6844 mn 867.5 wan 589.5 ¢an 1274.9 won 1162.3 (2w
NSGD-DSP 7325 (na(+7.03%)  904.3 puef+4.24%) 635.6 20(+7.82%) 1368.5 auif+7.34%) 1270.1 (25l +9.27%)
DBGD 646.1 (20 817.9 was) 517.5 wan 1062.3 550 11333 (wn
DBGD-DSP 6649 xa(+2.91%)  830.3 (o (+1.52%) 5431 paaf+4.95%) 1140.1 s2s(+7.32%) 1199.4 (sa(+5.83%)
Navigational MGD 632.7 s 827.5 s 538.2¢0a 11154 s 11713 »a
MGD-DSP 694.5 (un(+9.77%)  882.3 wan(+6.62%) 586.9 o o(+9.05%) 1300.9 posl(+ 16.63%)  1290.2 (150 (+10.15%)
NSGD 660.1 29 849.1 ces) 562.1 pan 1211.1 a5 1186.2 (s
NSGD-DSP  724.6 (xn(+9.77%)  895.8 pax(+5.50%) 608.3 2y (+8.22%) 12962 wan) (+7.03%) 1283.4 (7:{+8.19%)
DBGD 5834 iwa 763.9 iy 472.4 maa 849.8 (s 1107.3 wa
DBGD-DSP  620.1 (na(+6.29%) 7824 i (+242%)  522.1 wue) (+10.52%) 9925 u 0(+16.79%) 1158.5 2 o(+4.62%)
Informational MGD 621.2 (un 817.5 sy 538.3 qan 1107.9 axy 1146.6 (vs
MGD-DSP 6714 (es(+B.08%)  865.9 o7n(+5.92%)  580.5 posl+7.84%) 1274.5 oo+ 15.04%)  1268.1 (eul+10.60%)
NSGD 629.7 50 814.9 ) 532.9 isn 1123.5 sy 1110.5 (s
NSGD-DSP  703.6 (»a(+11.74%) 8713 6u(+6.92%)  597.9 aun(+12.20%)  1222.8 wusf+9.03%) 1204.7 (aei(+8.48%)

Table 3: Offline NDCG@10,

after 10,000 queries.

standard deviation and relative improvement of document space projection of each algorithm

Click Model Algorithm MQ2007 MQ2008 MSLR-WEB10K NP2003 Yahoo
DBGD 0.484 jaen) 0.683 pouy 0.331 pwy 0.737 qansn 0.688 puy
DBGD-DSP 0480 sex (-0.83%)  0.685 paea (+0.29%) | 0.333 woq (+0.65%) 0.738 foosn (+0.14%)  0.681 0o (-1.02%)
Perfect MGD 0.495 jrax 0.691 wo 0.334 wan 0.746 oo 0.715 vma
MGD-DSP 0.501 porif(+ 1.21%)  0.695 e (+0.58%)  0.409 pooa(+22.46%)  0.748 jaos(+0.27%) 0.725 ooen(+1.40%)
NSGD 0.488 (am 0.689 poza 0.397 won 0.743 (ovam 0.691 wms)
NSGD-DSP 0,491 pou(+0.61%) 0691 pers(+0.29%)  0.398 poen (+0.25%)  0.750 coorny (+0.94%)  0.717 p.oma+3.76%)
DBGD 0.463 (wox) 0.667 wery 0.320 won 0.728 (eosn) 0.663 0o
DBGD-DSP 0465 (os(+043%)  0.668 00:a(+0.15%) 0327 wo(+2.19%) 0734 0u(+0.82%) 0656 aon(-1.06%)
Navigational MGD 0.426 100m 0.664 poa 0.321 pan 0.740 qonen 0.703 omo
MGD-DSP 0467 0on(+9.62%)  0.684 porn(+3.01%) 0331 poa(+3.12%) 0.744 cavsn(+0.54%) 0.714 pooaf{+1.56 %)
NSGD 0.473 (aom 0.676 pe2a 0.389 wosy 0.732 (osn 0.686 pms
NSGD-DSP 0478 poro(+ 1.06%) 0.683 poeai(+1.04%)  0.376 woa(-3.34%) 0.788 wooef(+7.65%)  0.711 ooon(+3.64%)
DBGD 0.410 jaem 0.641 oo 0.294 paa 0.699 asan 0.623 g
DBGD-DSP 0427 ond+4.15%)  0.632 pown(-1.4%) 0.309 pon(+32.65%) 0.692 asar(-1.00%) 0.63 powd 1.12%)
Informational MGD 0.406 (ax 0,651 o 0.317 pomn 0.726 aomy 0.668 poan
MGD-DSP 0444 posl(+0.44%) 0,669 poun(+0.67%)  0.325 poa(+0.33%) 0.738 aosal +0.74%) 0.701 oo0si(+4.94 %)
NSGD 0.469 poin 0.674 oy 0.360 woy 0.733 jans 0.663 pms)

NSGD-DSP

0.466 (wond-0.64%)

0.668 0024 (-0.89%)

0.340 4000 (-5.56%)

0.789 oisf+7.64%)  0.685 v ou(+3.32%)

WHTE R
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B7F FE AT BEAT B T SRS 2 8] PR 2R 5 170 26 B2 A R SO » IR Ry [ Filie
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probability distribution(#% 24 1f)

probabilistic model (1% % 1 714)

hidden markov model([¥& & /R A F A7)

supervised learning( A

L)

classification (732%)

feature selection (4F1EEFF)

neural networks (f1£: k1 £%)
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inductive learning (JA4422>])

markov processes(L /K A] it #2)

belief propagation(& {3 1% %)

decision tree(HFEA)

support vector machines(Z$ ] & H1)

semi supervised learning (3} B 2% 3])

action recognition(47 AR 7))

pattern recognition(f5 iR %)

statistical analysis(Zt it 23#7)

sparse coding (i i 4 i)

object detection( H AxA&1l)

object recognition( H #x1H51)

probabilistic logic(#f 412 48)

regression([A] 1)

manifold learning(Ji /% 2% >1)

linear programming (£ 1: #1%1)

convex programming (/s 1 %)

active learning(F 3% )

random forest(BEHLZxHK)

inference mechanisms(#E K1)

bayes methods( U1 -7 /77%)

neural network(1£ k1 £%)

classification algorithms(73 2 581%)

bayesian methods(bayes 777%)

random processes(FfHLid F£)

deep learning(7E & 24 >)

feature extraction(FFfEFEH)

recurrent neural network (i 7 1# 25 % )

restricted boltzmann machines(3Z FR 3% /K 2% 2 #1)

hidden markov model (& /R 7] e #517)

boltzmann machine(3% /K 2% 2 K1)

bayesian inference( Il -4k i)

convolutional neural networks(F&F-#H14: X £%)

conditional random field(2& B LI 15 5Y)

generative model(4: B 7Y)

probability distribution(#% 24 7f)

probabilistic model (1% % 174

deep belief network (7 B 15 &5 M 44)

logistic regression(logistic [7] 1))

network analysis( ¥ %
73 HT)

social network (3 f4 £%)

social media(tt: 22 #E7)

graph theory(&it)

sensor networks(f% /8 #% k1 %)
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network analysis([% 2% 7> #7)

information diffusion({5 5.4 %)

community detection(#t:[X & i)

network structure( % 2% 4% #4)

link prediction(f%#22 7l

dynamic network (s 75 X 4%)

network formation(41*J)

social learning(#:%2%>])

social science(fh:2xF}4%)

information cascades(f5 /&.iE )

communication networks(if i} 4%)

social influence (2 54 0)

complex network (& 24 M 4%)

network theory (¥ 4% # i£)

social interaction(+:32 H.3))

shortest path (& #51%)

social behavior(#:32 17 4)

social life networks(#: 22 4= 1% X £%)

Decision analysis(#& ¢
43 HT)

decision support systems (55 3¢ 43 2 %)

decision making (& %K)

data envelopment analysis (E4 €148 43 47)

information resource management (15 & &% & #H)
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